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Abstract 
This dissertation examines how automation unfolds in practice through the integration of automatic 

speech recognition systems in clinical documentation. Building on a socio-technical perspective 

grounded in Computer Supported Cooperative Work and Human–Computer Interaction, the study 

explores how healthcare professionals engage with ASR in their daily documentation routines and 

what forms of human–AI collaboration emerge within organizational contexts. The central research 

question guiding this work is: How do healthcare professionals engage with automatic speech 

recognition systems in documentation work, and what are the implications of the forms of human–

AI collaboration that arise in these settings? 

 

Drawing on an ethnographic study conducted in a Danish public hospital—including observations, 

shadowing, and interviews—the dissertation traces how clinical documentation supported by 

automatic speech recognition depends on continuous, collaborative human work across multiple 

professional roles. Rather than replacing human labor, automation reconfigures it, redistributing 

documentation and auditing tasks among clinicians, medical secretaries, IT staff, and vendors. 

Through this lens, the study foregrounds three interrelated forms of labor—data work, augmentation 

work, and repair work—as central to sustaining AI-supported documentation practices. 

 

Across five research articles, the dissertation develops five key conceptual contributions: faux data 

work, collaborative augmentation work, temporalities of human–AI collaboration, traditional 

human–AI collaboration, and automation distributing task. Together, these analyses advance a 

socio-technical and temporally sensitive understanding of how AI systems are maintained in 

everyday use. The concept of faux data work highlights how clinicians’ auditing efforts often appear 

to contribute to system learning but lack meaningful feedback loops. Collaborative augmentation 

work reframes human–AI collaboration as an ongoing, distributed process of oversight and 

adaptation that sustains fragile infrastructures. Building on this, the dissertation conceptualizes 

human–AI collaboration as temporal, showing how professionals’ maintenance practices persist 

amid shifting expectations of improvement or replacement. 

 

By situating automatic speech recognition within the longer history of digital documentation, the 

study reveals continuities between traditional and contemporary forms of automation, emphasizing 

how AI reconfigures but does not erase existing hierarchies of labor. Ultimately, the dissertation 

argues that automation in clinical documentation does not eliminate human work but redistributes 

it—often invisibly—across professional and organizational boundaries. It calls for research and 

design practices that recognize human–AI collaboration as an ongoing socio-technical process 

sustained by maintenance and negotiation. 
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Resumé 
Denne afhandling undersøger, hvordan automatisering udfolder sig i praksis gennem integrationen 

af talegenkendelse i klinisk dokumentation. Med afsæt i et socioteknisk perspektiv forankret i 

Computer Supported Cooperative Work og Human–Computer Interaction udforsker studiet, 

hvordan sundhedsprofessionelle anvender ASR i deres daglige dokumentationsarbejde, og hvilke 

former for menneske-AI-samarbejde der opstår i organisatoriske sammenhænge.  

 

Afhandlingen bygger på et etnografisk feltstudie udført på et dansk hospital og kombinerer 

observationer, shadowing og interviews. Analysen viser, at talegenkendelse-understøttet klinisk 

dokumentation afhænger af vedvarende og samarbejdsbaseret menneskeligt arbejde på tværs af 

flere professionelle roller. Snarere end at erstatte menneskeligt arbejde omfordeler automatiseringen 

det – og flytter opgaver relateret til dokumentation, overvågning og kontrol mellem klinikere, 

lægesekretærer, IT-personale og leverandører. Gennem denne tilgang fremhæver afhandlingen tre 

former for arbejde: dataarbejde, augmenteringsarbejde og reparationsarbejde som centrale for at 

opretholde AI-understøttede dokumentationspraksisser. 

 

På baggrund af fem forskningsartikler udvikler afhandlingen fem centrale begreber: faux (forloren) 

dataarbejde, samarbejdsbaseret forstærkningsarbejde, tidmæssig menneske-AI-samarbejde, 

traditionelt menneske-AI-samarbejde samt automatisering som omfordeling af opgaver. Samlet set 

bidrager disse analyser til en socioteknisk og tidsligt sensitiv forståelse af, hvordan systemer 

vedligeholdes i praksis. Begrebet falsk dataarbejde viser, hvordan klinikernes løbende kontrol og 

rettelser af talegenkendelses produceret data ofte giver indtryk af at bidrage til systemets læring, 

men i realiteten mangler meningsfulde feedback-loop. Samarbejdsbaseret forstærkningsarbejde 

omformulerer menneske-AI-samarbejde som en kontinuerlig og distribueret proces af tilpasning og 

koordinering, der holder skrøbelige infrastrukturer i gang. Samtidig viser afhandlingen, hvordan 

samarbejdet mellem mennesker og AI er midlertidigt, idet professionelles 

vedligeholdelsespraksisser formes af skiftende forventninger til forbedring eller udskiftning. 

 

Ved at placere talegenkendelse i forlængelse af den længere historie om digital dokumentation viser 

studiet kontinuitet mellem tidligere og nyere former for automatisering. Det fremhæver, hvordan AI 

ikke opløser eksisterende arbejdsdeling og hierarkier, men snarere omkonfigurerer dem. 

Afhandlingen argumenterer derfor for, at automatisering i klinisk dokumentation ikke fjerner 

menneskeligt arbejde, men omfordeler det (ofte usynligt) på tværs af professionelle og 

organisatoriske grænser. Den afslutter med en opfordring til forskning og design, der anerkender 

menneske-AI-samarbejde som en vedvarende socioteknisk proces baseret på vedligeholdelse og 

forhandling. 
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Research motivation 
In a group interview conducted during fieldwork at a Danish hospital, a crowd of clinicians 

gathered around a table to reflect on a tool that had quietly reshaped their everyday work: 

Automatic Speech Recognition (ASR). Introduced as an Artificial Intelligence (AI) solution to 

speed up and simplify medical transcription, ASR was intended to reduce manual workloads by 

allowing clinicians to dictate directly into digital systems, removing the need for medical secretaries 

to type up notes. 

 

The conversation, however, revealed something far more complex than simple automation of their 

work. 

 

Clinician 1: They [medical secretaries] say it [ASR] is personalized. However, if you do not train it, 

it displays that your profile has a good recognition percentage. This does not really mean that it is 

good; it means that you do not correct the words or that you do not use it at all. 

Clinician 2: I get a little in doubt when I train it. I mark something to teach it. But sometimes I 

delete the entire sentence or half a line, and I am unsure if it learns anything from it. 

Clinician 3: No, that is not what it learns from. I corrected the words incorrectly in the beginning, 

and it ruined my profile. Mark a word and replace it. That is it. 

Clinician 1: You can also teach it in a complete sentence. I think it is so stupid that I have to use this 

speech recognition. So, I tried to teach it a complete sentence, as it also works with coherent 

sentences. But if you do it differently like this one [pointing toward clinician 3], it will ruin your 

profile. 

Clinician 3: I experienced episodes where I had to use “cymophane oxide,” which was converted 

into an “adult condom.” I do not think it has gotten better, but I hope it has. 

Clinician 1: There is an extreme amount of registration here at the hospital compared to other 

hospitals, all regarding training this ASR and registration and secretary work. 

 

One clinician laughed nervously as they recalled the “adult condom” error. Another admitted, “I try 

to see if it gets better, but I’m not sure.” The group’s discussion moved between frustration, 

uncertainty, and humor. They debated how, or even if, the system actually learned from their 

corrections. Some had stopped trying altogether, while others continued to experiment with 

different ways of teaching the system, unsure whether their efforts improved or damaged its 

performance. 

 

What emerged in this conversation was not simply a technical critique, but a glimpse into the lived 

experience of working with AI in a clinical environment. ASR had not eliminated the work of 

transcription; it had redistributed it. Tasks that once belonged to secretaries were now integrated 

into clinicians’ routines, creating new responsibilities, new learning curves, and new kinds of 

uncertainty. The automation of one form of labor had generated another. 
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Although ASR has been used in Danish hospitals for about a decade, dissatisfaction remains 

widespread. Clinicians continue to publish opinion pieces in outlets such as the Danish Medical 

Journal, criticizing the technology for “stealing time” and serving as “yet another example of 

clinicians not being able to focus on their medical work” (Jensen, 2012, authors’ translation).  

 

During my field visits to hospitals and participation in medical conferences, I often encountered 

similar attitudes. AI technologies were discussed with a mixture of amusement and irritation. What 

struck me most was not only the frustration, but also how deeply these systems had become 

embedded in everyday clinical work, sometimes as mandatory tools that could not easily be 

avoided. These experiences reveal the fragility of AI systems in practice. ASR technologies are 

often introduced as stable and efficient products, yet in clinical environments they require ongoing 

maintenance, adjustment, and learning which is often invisible.  

 

This dissertation focuses on the everyday realities of professionals adapting to technologies 

designed to automate their work. It explores how AI, once implemented, becomes entangled with 

existing roles, routines, and infrastructures. Instead of replacing human labor, systems like ASR 

reshape it, creating new forms of collaboration between humans and machines that are influenced 

by institutional contexts, technological design, and professional practice. 

 

Recognizing these dynamics requires attention to the relational character of automation. Human–AI 

collaboration is not simply a matter of using tools, but a continuous negotiation between people, 

technologies, and the systems they sustain. In healthcare, where work is collective and the stakes 

are high, these relationships shape how care is delivered, how knowledge is recorded, and how 

responsibilities are distributed. 

 

It is within these everyday encounters between people and AI systems that the long-term 

consequences of automation unfold. This is where my dissertation takes its point of departure. 
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Introduction 
Documentation in healthcare has continuously evolved alongside advances in medical technology. 

Over the past fifty years, it has shifted from handwritten notes to dictation, transcription, and 

eventually fully electronic health records (EHRs) (Berg, 2004; Heath & Luff, 1996). Each stage in 

this evolution has been driven by goals of improving efficiency and ensuring consistency, while also 

meeting broader organizational aims such as standardization, quality assurance, and the ability to 

reuse clinical data across settings (Danish Regions, 2018; Røhl & Nielsen, 2019). Despite its 

centrality to care, documentation remains time-consuming and often delays access to important 

clinical information and clinicians may need to wait for records to be completed before 

understanding the outcomes of earlier decisions (Falcetta et al., 2023). In response, reducing 

documentation time and enabling real-time access to clinical information has become a key 

objective in international (Kumar, 2024; Saadat et al., 2025) and Danish hospitals (Vase, 2025), 

positioning documentation as one of the primary domains in which AI is expected to create 

meaningful change. The shift toward digital and increasingly standardized documentation has 

unfolded alongside broader transformations in healthcare governance and information policy.  

 

Digital and regulatory developments that constrain clinical documentation have also opened new 

possibilities. As healthcare infrastructures have become increasingly digital, policy frameworks 

have emerged to define how clinical information is produced, accessed, and shared. Patients now 

have direct access to their EHRs and can consent to the use of their data for research, while access 

controls restrict viewing rights to professionals directly involved in their care. These measures 

reflect broader commitments to transparency, accountability, and data protection (Langstrup, 2019; 

Vikkelsø, 2010), but they also influence how clinicians record and communicate care (Ellingsen & 

Monteiro, 2006; Torenholt et al., 2020). 

 

Clinical data must now satisfy multiple and sometimes competing demands. It needs to be accurate 

for clinical purposes, understandable to patients, useful for collaboration among professionals, and 

compatible with digital systems (K. H. Pine et al., 2016). While standardization enables data 

sharing and reuse, it also limits flexibility in documentation. Informal notes, shorthand, and locally 

developed workarounds that were once crucial for coordinating complex care have become difficult 

to sustain within highly structured systems (Bjørnstad & Ellingsen, 2019, p. 201; Bonde et al., 

2019). 

 

Research within the field of Computer Supported Cooperative Work (CSCW) and related design 

studies has shown that data is not raw or naturally occurring (Gitelman, 2013) but rather the result 

of interpretive, classificatory, and organizational work (Bowker & Star, 2000). In healthcare, this 

work is particularly intricate. Documentation is more than a factual record; it is shaped by 

regulations, institutional routines, professional norms, and patient relationships. Each entry reflects 

negotiation across multiple layers of meaning and responsibility. 
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At the same time, the structured and high-quality data produced through these standardized 

documentation practices have become a foundation for new forms of automation. AI systems can 

now support clinical workflows by generating summaries, identifying relevant information, and 

integrating data across systems to assist with decision-making (Cao et al., 2024; Haberle et al., 

2024; Li et al., 2021). Thus, the very processes that constrain documentation also make it possible 

to develop intelligent tools that may eventually help clinicians manage the growing complexity of 

clinical information, which is the context in which this dissertation is situated. 

 

These developments have also prompted broader discussions about the role of AI in healthcare. 

Public debates often portray AI as a technology that will replace human labor, particularly in 

diagnostic or administrative tasks. However, this framing overlooks how AI is actually introduced 

and used in clinical settings. An emerging body of research across Human–Computer Interaction 

(HCI), CSCW, computer science, and health technology shows that many AI systems are not 

designed to replace clinicians but to support them in their everyday work. 

 

This dissertation is primarily situated within the design-oriented perspectives of HCI and CSCW, 

which study how technologies are created and used in collaborative healthcare settings. These fields 

pay particular attention to how clinical work involves both social and technical coordination–how 

people, technologies, and institutional routines come together in practice. From this perspective, AI 

in healthcare is not only a question of technical performance but also of how systems fit into 

existing workflows, communication patterns, and professional responsibilities. In the context of 

documentation, AI tools can assist by highlighting missing information, suggesting standardized 

terminology, or generating preliminary drafts of clinical notes. Such systems aim to enhance 

accuracy and compliance while allowing clinicians to devote more attention to patient care. Against 

this backdrop, the dissertation moves beyond the narrow framing of automation as labor 

substitution and examines how AI changes the distribution and nature of documentation work.  

 

Technology is Distributing Work 

Empirical studies indicate that automation does not necessarily reduce the effort involved but often 

redistributes it, raising new questions about responsibility, coordination, and the evolving role of 

clinicians in increasingly automated environments. Understanding these dynamics requires attention 

to how technologies are used in practice rather than how they are intended to function. Looking at 

technology “on the ground” makes it possible to see how work is negotiated through everyday 

routines, interactions, and adjustments related to these technologies. The empirical focus is 

therefore important to grasp how systems can support clinical work and transform how 

documentation work is organized and carried out.  

 

An example is the distribution of tasks that were previously handled by administrative staff. Tasks 

as EHR input are increasingly performed by clinicians, changing both the location and visibility of 

documentation activities. This redistribution of work brings new forms of interaction between 

professionals, patients and technology into the clinical encounter and are particularly visible in the 

use of ASR in hospitals and clinics. Driven by political initiatives that aim to make EHR 
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documentation more efficient and real-time by distributing data entry from medical secretaries to 

clinicians, ASR supports documentation by converting speech into text and streamlining this input, 

allowing clinicians to produce notes directly during patient consultations. 

 

Historically, medical secretaries performed transcription in spaces that were largely invisible to 

patients and the clinical environment. Their backstage work (Goffman, 1959) transformed dictated 

notes into clear and consistent records that supported coordination across departments. With the 

introduction of ASR, much of this work has moved to the front stage, where clinicians now carry 

out tasks once performed in the background. Documentation has not been simplified but 

redistributed and reshaped across professional roles. Recognizing this shift from “back” to “front” 

highlights the need to study how digital and AI technologies are maintained and adapted in 

everyday clinical practice. In this dissertation, ASR is approached not as a complete technical 

solution but as part of an evolving infrastructure of documentation work that sustains the ongoing, 

situated efforts of clinicians and other staff who ensure that not only these systems continue to 

function in daily use, but also that patient trajectories run well.  

 

Traditional AI as Demarcation 

Much of the growing enthusiasm for AI in healthcare centers on machine learning as capable of 

identifying patterns in complex datasets without explicit programming. More modern AI such as 

those build on deep learning or natural language processing have repeatedly demonstrated superior 

performance over traditional statistical models in predicting clinical outcomes (C. J. Cai et al., 

2019; Saadat et al., 2025; Ulloa et al., 2022). Yet despite their promising potential in controlled, lab-

based settings, the translation of these models into real clinical practice remains limited. Challenges 

such as the opacity of machine learning models, or the “black box” problem (Castelvecchi, 2016), 

their dependence on large amounts of labeled data, and their adaptive, evolving behavior introduce 

significant uncertainty and demand new forms of human oversight (C. J. Cai et al., 2019; Zając et 

al., 2023). 

 

This gap between experimental performance and practical implementation signals a critical need to 

redirect attention toward the systems that are already embedded in healthcare environments. 

Following long-standing insights from CSCW, this dissertation argues that understanding AI’s role 

in healthcare requires close attention to how existing technologies are used, adapted, and 

maintained in everyday practice—not just how cutting-edge models are designed in theory. While 

discussions of AI often emphasize novel, data-driven innovations, technologies such as ASR 

illustrate that meaningful change often occurs through mundane technologies (Dourish et al., 2010) 

that have become integral to daily routines yet continue to evolve through ongoing use. Focusing on 

these deployed systems exposes the complex dynamics of post-deployment learning, where AI 

performance shifts as it encounters new contexts and user behaviors. This creates a persistent form 

of capability uncertainty (Yang et al., 2020), underscoring why research must engage not only with 

emerging AI but also with the living, changing systems already shaping clinical work. 
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ASR are systems that, once established, continue to evolve (Adedeji et al., 2024) while becoming 

integral components of newer developments in clinical documentation such as ambient scribes 

which build upon ASR to capture and document clinical conversations in real time (e.g., Li et al., 

2021; Saadat et al., 2025). In this way, ASR occupies a position between the ordinary and the 

emergent, linking decades of digital recordkeeping practices with the current wave of machine 

learning–based documentation tools. Recognizing ASR not as a static or obsolete technology but as 

part of this ongoing evolution invites me to look beyond technological novelty and attend to 

existing and evolving systems that continue to mediate and transform everyday collaboration in 

healthcare, shaping both the possibilities and constraints of clinical documentation work futures.  

 

In this dissertation, I focus on ASR as an example of what Wang et al., (2021) sees as rule-based 

“traditional AI” continues to evolve while existed in Danish healthcare for a decade. Its current 

forms increasingly rely on large language models (LLMs) and machine learning techniques that 

enable adaptation and continuous improvement. These systems are now described as learning from 

users to adjust to local contexts, and being refined through everyday interaction (Couto et al., 2020; 

Kumar, 2024).  

 

In this framing introduction, I do not draw a strict distinction between “traditional” and “modern” 

AI, as the boundary between them has become increasingly blurred over time. Instead, I use the 

terms AI and AI systems to refer to technologies within clinical documentation that support and 

extend human knowledge work. These systems range from rule-based tools designed to streamline 

and accelerate EHR input and recognition tools that assist in identifying clinical patterns to more 

complex applications such as clinical decision support systems that suggest diagnostic codes or 

treatment options. In all of these cases, AI technologies are understood as supporting work by 

providing structured suggestions or guidance, rather than autonomously executing decisions or 

actions (Murray-Rust et al., 2022). In this sense, the role of machine learning-based systems 

remains consistent with broader definitions of AI—as technologies that “interpret external data 

correctly, learn from such data, and use those learnings to achieve specific goals” (Kaplan & 

Haenlein, 2019, p. 17)—while differing primarily in how that learning is achieved. 

 

Technology Sustained by Iterative Organizational Work 

The evolving role of ASR in clinical documentation illustrates why it is crucial to study AI 

technologies as they are used, adapted, and maintained in everyday practice, which forms the 

foundation of this dissertation. In these processes, the distinction between using, developing, and 

learning from technology becomes blurred, a dynamic increasingly described as human–AI 

collaboration. In clinical documentation, this collaboration is reciprocal. On one side, AI supports 

clinical work by streamlining and structuring information entry. On the other side, clinicians sustain 

the AI through continuous augmentation work that involves auditing outputs, validating data, and 

correcting misrecognitions. These activities turn documentation into a joint and iterative process 

between human and machine, where both adapt to one another through everyday interaction. 
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This ongoing adaptation is not limited to individual users but also depends on organizational 

adjustments that support and stabilize these evolving interactions. As AI systems such as ASR 

become integrated into hospital workflows, organizations must continuously recalibrate roles, 

training, and governance structures to accommodate the new dependencies they introduce. Policies, 

procedures, and technical infrastructures need to evolve alongside clinical practices to ensure that 

systems remain usable, reliable, and aligned with professional standards. Without this form of 

organizational support, the burden of adaptation risks falling disproportionately on clinicians, 

whose everyday corrections and workarounds keep these systems functional. By examining these 

adjustments in practice, this dissertation builds on empirical work currently focusing on the 

importance for organizations to sustain and negotiate AI-supported documentation over time 

(Grønsund & Aanestad, 2020; Herrmann & Pfeiffer, 2023). It highlights the infrastructural and 

organizational conditions required to make human–AI collaboration viable in complex clinical 

environments. Understanding these iterative adjustments among people, technologies, and 

institutions is essential to grasp technological support as persisting within the dynamic environment 

of healthcare documentation. 

 

At the same time, these ongoing adjustments reveal that maintaining AI systems is not simply a 

matter of use but of continual care. The processes that allow technologies like ASR to remain 

effective, including calibration, correction, and adaptation, also expose their fragility. They 

demonstrate that the promise of seamless automation depends on invisible and distributed efforts 

that often extend beyond what is formally recognized as clinical work. This dissertation brings 

attention to these invisible forms of labor, showing how clinicians’ daily maintenance work sustains 

the reliability and longevity of AI systems that are often perceived as autonomous. Such reciprocity, 

however, exposes the fragility of human–AI collaboration. Sustaining these systems requires 

ongoing maintenance that extends far beyond simply using a tool. Policies, workflows, and 

professional roles must be continuously adjusted to keep systems functioning and relevant as 

clinical language and practices evolve. Yet, this repair work (Jackson, 2014) often remains invisible 

in managerial and policy narratives that imagine AI as autonomous once deployed. Understanding 

these invisible forms of correction, adjustment, and maintenance is essential for grasping how AI 

actually operates in practice (Lin & Jackson, 2023). 

 

These dynamics provide the central motivation for this dissertation. The co-evolution between 

humans and AI reconfigures both documentation practices and the organizational arrangements that 

support them. Clinicians adapt their speech, timing, and routines to system constraints, while 

systems, in turn, adapt to local practices through feedback and correction. Yet institutional 

infrastructures rarely recognize this collaborative adaptation. Training and support often focus on 

individual skill acquisition rather than collective coordination, and the ongoing labor required to 

sustain AI systems remains undervalued. As responsibility shifts downward to clinicians, the 

collaborative infrastructures that once supported documentation are weakened or removed.  

 

To explore these processes in depth, the dissertation draws on ethnographic fieldwork conducted in 

Danish hospitals, examining human–AI collaboration evolving in everyday documentation work. 
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By following ASR systems in use, the study discloses AI as embedded, maintained, and transformed 

within complex organizational environments. Through this empirical focus, the dissertation 

contributes to ongoing CSCW and HCI discussions on data work, augmentation work and repair, 

offering insights into established human-AI collaboration as sustained in health infrastructures. 
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Research Question and Scope 
Due to above considerations, this study asks the overall research question:  

 

How do healthcare professionals engage with automatic speech recognition systems in 

documentation work, and what are the implications of the forms of human-AI collaboration that 

emerge in organizational settings? 

 

This question addresses both the technical and social dimensions of ASR in healthcare, exploring 

these systems as not simply adopted but actively shaped, maintained, and negotiated within 

complex institutional settings. It invites a closer examination of the ways in which AI becomes 

embedded in everyday clinical routines and sustained over time. In the following section, three 

supporting questions further unpack the central research aim into more focused analytical 

components. 

Scope of the Study 

To address the research question, this dissertation is situated within the interdisciplinary fields of 

CSCW and HCI, with a particular focus on the integration of AI technologies into clinical work. 

The empirical case centers on the adoption of ASR systems in public hospitals, where ASR supports 

clinical documentation by automating transcription, a task historically performed by medical 

secretaries. This shift makes ASR a useful object of interest for examining how digital technologies 

are reshaping work practices, professional responsibility, and accountability in data-driven 

healthcare. 

 

The study adopts a socio-technical perspective, understanding technologies as inseparable from the 

social, material, and institutional environments in which they are developed and used. Automation 

is approached not as a simple removal of human labor, but as a process that generates new forms of 

effort, care, and coordination required to support and sustain technological infrastructures in 

everyday clinical practice. 

 

To better understand these dynamics, the dissertation draws on insights from both HCI and CSCW, 

while being primarily grounded in CSCW’s established tradition of studying collaborative work in 

healthcare (Fitzpatrick & Ellingsen, 2013). This body of research has shown that coordination and 

documentation are not isolated activities but are deeply embedded in local practices and 

organizational complexities (Berg, 1999; Heath & Luff, 1996; Schmidt & Bannon, 1992). 

Ethnographic studies have revealed that clinicians rely on both formal systems and informal tools 

such as handwritten notes, verbal exchanges, and workarounds to manage care. These everyday 

activities involve significant articulation work (Strauss, 1988), which refers to the ongoing effort to 

align tasks, responsibilities, and information across diverse actors and systems. 

 

Building on this tradition, I extend these insights to contemporary AI-supported documentation 

practices. It examines how coordination and articulation work are reconfigured when technologies 
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like ASR become part of daily clinical routines. Rather than treating ASR as an isolated tool, the 

study focuses on how its functioning depends on continuous human involvement. This perspective 

informs the following supporting question: 

 

1: How do clinicians sustain ASR in their daily documentation work? 

 

This focus on sustaining ASR in daily clinical routines opens up a broader inquiry into the nature of 

human–AI collaboration in practice. While ASR systems are designed to automate speech-to-text 

transcription, their effective integration into clinical workflows relies on much more than verbal 

input. Professionals interact with these systems not only by speaking, but also by verifying, 

correcting, and contextualizing the outputs they generate. These practices reflect a deeper layer of 

engagement where users actively shape how clinical data becomes accurate, meaningful, and legally 

accountable (Bjørnstad & Ellingsen, 2019; K. H. Pine et al., 2016). 

 

From this perspective, data is not a neutral or automatic byproduct of technological systems. 

Instead, it emerges through collaborative labor involving multiple actors who interpret, edit, and 

align system outputs with clinical and institutional expectations. Accountability, in this context, is 

not a static endpoint but an evolving process that continues across the AI lifecycle, including the 

updating of language models, responses to changing documentation needs, and compliance with 

institutional and policy standards. This view aligns with a growing body of work in CSCW and HCI 

that highlights the socially constructed and labor-intensive nature of data work (Bonde et al., 2019; 

Møller, Bossen, et al., 2020). 

 

The analysis in several of the articles making up this dissertation traces healthcare professionals 

such as clinicians and medical secretaries1, and various other stakeholders such as IT professionals 

as collectively engaged in a distributed ecology of data work. This includes efforts such as system 

calibration, output correction, contextual interpretation, and informal repair. These activities are 

often invisible or undervalued in formal accounts of AI implementation, yet they are crucial for 

ensuring that ASR-generated documentation meets the professional, ethical, and institutional 

standards of clinical practice. This leads to the second supporting question: 

 

2: How is accountability negotiated through human–AI collaboration in everyday clinical 

documentation? 

 

Understanding how accountability is negotiated through human–AI collaboration further reveals 

that these interactions do not occur in isolation but are embedded within larger institutional and 

infrastructural arrangements. Clinicians' ability to sustain ASR systems and ensure data quality 

 
1 In this framing introduction, I use the term healthcare professionals to also include medical secretaries, whose role in 

Danish hospitals has evolved to encompass tasks originally associated with clinical work. Over time, medical 

secretaries have become closely integrated into the workflows of specialty departments, working in close coordination 

with both clinicians and hospital management (Knudsen & Bertelsen, 2021; Møller & Vikkelsø, 2012). 
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depends not only on their individual or collaborative practices but also on the surrounding 

technological, political, and organizational contexts in which ASR is deployed. 

 

The implementation of ASR in clinical settings has been closely tied to political agendas aimed at 

streamlining EHR documentation. These initiatives have increasingly shifted real-time data entry 

responsibilities from medical secretaries to clinicians, under the premise of improving efficiency 

while maintaining professional flexibility. In this configuration, ASR is positioned as a conventional 

form of AI that supports documentation. Yet its success hinges on ongoing human involvement, 

particularly to train and adapt language models in response to evolving clinical terminology and 

practices. 

 

After more than a decade of integration, ASR is now undergoing politically driven transitions as 

part of broader changes in health IT infrastructures. These transitions, however, are not 

instantaneous. Because systems like ASR are deeply entangled with organizational routines and 

dependencies, changes often unfold gradually and quietly, surfacing mainly when existing 

technologies become obsolete or incompatible due to upgrades such as EHR replacements 

(Tsaknaki et al., 2016; Velkova & Plantin, 2023). Despite their impact, such infrastructural 

transitions are poorly understood in terms of how they shape the everyday realities of AI-assisted 

documentation work. 

 

By foregrounding the distributed and often tacit forms of labor required to keep socio-technical 

systems operational, this analysis aligns with broader CSCW scholarship on infrastructure and 

maintenance (Star & Ruhleder, 1996) to place ASR as a dynamic and evolving infrastructure—one 

that depends on continuous situated repair, calibration, and organizational attention. As systems age 

or fall out of sync with clinical realities, new complexities emerge, often exacerbated by managerial 

inattention to the reconfiguration work needed to maintain these systems (Grønsund & Aanestad, 

2020; Herrmann & Pfeiffer, 2023). These changes do not merely require technical updates, but also 

trigger organizational negotiations that affect the shape and stability of clinical documentation 

practices. 

 

Building on this perspective, some of the articles (placed after this framing introduction) explores 

how the changing configuration of documentation practices reveals the entangled nature of human–

AI collaboration in healthcare. It examines how technical systems, institutional policies, and human 

labor are co-constituted over time, shaping how documentation is performed and maintained in 

everyday clinical work. This leads to the third sub-question: 

 

3: What do clinical documentation configurations reveal about the entangled nature of human–AI 

collaboration in hospitals? 

 

Taken together, these three questions guide a detailed examination of ASR systems in use and they 

allow me to focus on but also move beyond the everyday work required to make such systems 



 17 

function in real clinical environments. In doing so, the dissertation contributes to several ongoing 

conversations within CSCW and HCI as  

- It builds on CSCW's longstanding focus on documentation, coordination, and handover 

work in clinical settings (Berg, 1999; Fitzpatrick & Ellingsen, 2013; Schmidt & Bannon, 

1992), showing how ASR systems are deeply entangled with existing professional roles, 

workflows, and institutional demands.  

- It responds to calls for more “real world” research on AI in use (Andersen et al., 2021; C. J. 

Cai et al., 2019), highlighting how technologies like ASR become meaningful only through 

situated practice rather than through idealized technical models. 

- It highlights the often-invisible labor of data production and maintenance, engaging with 

recent work that identifies data work as a key site of human effort, especially under 

conditions of regulatory and clinical accountability (Bossen et al., 2019; Møller, Bossen, et 

al., 2020). 

- It addresses the limited attention in CSCW to system degradation and obsolescence (Cohn, 

2016; Soden et al., 2021), by examining how ASR systems require ongoing adaptation, 

informal repair, and organizational support to remain operational. 

 

It contributes to emerging discussions on data work, augmentation work and repair work and the 

ongoing development of the concept of human-AI collaboration, with a focus on the underexplored 

domain of ASR in clinical environments.  

 

Structure of Thesis 

This dissertation is structured in two main parts. Part I serves as the framing introduction, or kappe, 

which outlines the overarching orientation and contributions of the research I have conducted. It 

introduces the primary theoretical perspectives underpinning the dissertation and explains how the 

five articles are conceptually and empirically interconnected. This part also presents the research 

methods, detailing the empirical contexts, data collection processes, and the nature of the empirical 

material used. Following an overview of the five individual articles and the broader contributions of 

the dissertation, followed by conclusion and reflections. Part II of the dissertation consists of the 

five articles. 
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Overview of Research 
Before outlining the background and context of this dissertation, this section of Overview of 

Research introduces the fieldwork I build on and the five articles that form the core of the research. 

The articles address the central research question from different angles, using a range of methods 

and theoretical concepts. This overview is meant to help readers who may not have read the full 

articles. I refer to the “Overview of Articles” later in this framing introduction for a more condensed 

summary of each article and how it contributes to the field. 

 

Empirical Work 

This dissertation is grounded in an ethnographic field study conducted at a large public hospital in 

Denmark. Fieldwork was carried out in the orthopedic department, a busy clinical unit responsible 

for diagnosing and treating musculoskeletal conditions, including fractures and joint replacements. I 

conducted observations in both the wards and the outpatient clinic and carried out interviews with 

clinicians, medical secretaries, the department’s chief secretary, IT professionals associated with the 

department, the hospital’s IT manager and service manager, the department’s chief nurse, and 

external vendors of the ASR system. I also shadowed the daily work of three chief clinicians, 

following their routines from early morning meetings at 7 AM through ward rounds and concluding 

at the outpatient clinic at the end of their shifts around 7 PM. These clinicians were all required to 

use an ASR system as part of their clinical documentation practices, and their engagement with this 

technology forms a central focus of this dissertation. 

 

Shadowing played a key role in my fieldwork, as it allowed me to observe clinical documentation 

as it unfolded in real time and embedded in everyday routines, interruptions, and clinical decision-

making. This method provided insight into not just what clinicians said they did, but how they 

actually worked with ASR across different situations. For example, I observed how clinicians relied 

heavily on the system despite its frequent breakdowns, including “freezing” and consistent speech 

recognition errors. Many typed surprisingly slowly, which further reinforced their reliance on voice-

based input. 

 

These direct observations shaped how I conducted interviews. Because I had already seen specific 

breakdowns or interactions with ASR, I could ask targeted questions that prompted participants to 

reflect on these moments. In some cases, I even asked interviewees to demonstrate what they meant 

when they described how they “trained” the system to clarify that this referred to correcting text in 

the EHR after dictation, which in turn contributed to improving the system’s performance. This 

combination of shadowing and follow-up interviews was especially valuable for clarifying 

terminology, verifying assumptions, and gaining a more grounded understanding of documentation 

work that might otherwise be overlooked. While ASR was positioned as a tool to reduce 

administrative burden, it depended on clinicians’ active involvement through actions such as 

oversight and correction. These interactions not only revealed the human labor and organizational 

conditions necessary to make AI systems function in practice; they also revealed that such systems 

shaped clinical documentation routines.  
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In this orthopedic department, documentation work occurred across both wards and outpatient 

clinics. In the wards, clinicians used “computers on wheels” that allowed them to document patient 

encounters at the bedside, in hallways, or in shared offices. In outpatient settings, documentation 

was conducted on stationary computers located in consultation rooms. Across both contexts, 

documentation was deeply embedded in the temporal and spatial flow of clinical care. A key 

characteristic of the observed setting was that clinicians documented all entries into the EHR 

themselves using ASR, which is a speech-to-text engine tailored to the Danish healthcare domain 

that converts clinicians’ spoken notes into real-time text within the EHR. This marked a shift from 

earlier workflows, where dictation was performed via handheld recorders and transcribed by 

medical secretaries. In the observed setup, the responsibility for both content creation and review 

lay entirely with the clinician. 

 

This dissertation investigates the reconfiguration of work and other consequences of this shift: from 

documentation as a background administrative task to something performed in the immediate 

presence of patients and colleagues. Documentation no longer takes place behind closed office 

doors or through deferred transcription but instead unfolds in real time and within the flow of 

clinical work. During my fieldwork, I regularly observed clinicians dictating directly into the EHR 

while standing beside a patient’s bed, walking between consultations, or engaging in hallway 

discussions with colleagues. This shift has been enabled by the rollout of ASR, which reconfigures 

documentation into a more immediate and mobile task. 

 

My embedded access to these everyday clinical spaces allowed me to examine how documentation 

is not only a technical or clerical activity but a situated, interpretive practice shaped by technology 

and professional interaction. It made it possible to explore how AI-supported systems like ASR 

mediate documentation work. For instance, remnants of earlier transcription practices remain 

embedded in the system, such as abbreviations like “conf.” for “conference”, originally intended for 

internal use among clinicians and for lesser typing for medical secretaries who transcribed the EHR 

notes earlier. While once practical for secretarial transcription or peer communication, these 

shorthand conventions now appear directly in patient-facing records. As patients gain increased 

access to their health data, these legacy terms can cause confusion and do not always align with 

current patient engagement. Also, my access and positioning made possible to explore roles in 

clinical documentation and that these roles have significantly changed in non-formal and formal 

ways while some responsibilities have become distributed as documentation has been moved 

directly into the hands of clinicians and occurs at the very frontiers of care.  
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Article Summaries 

The five articles that follow this framing introduction take up the above case empirically, 

analytically, and theoretically, offering complementary perspectives on the evolving configuration 

between clinicians, technology, and documentation. A summary of each article is provided in the 

section following Figure 1. This overview illustrates how the three supporting research questions 

are addressed across the individual articles and clarifies their collective contribution to the 

overarching aims of the dissertation.  

 

 
Figure 1 - Mapping of Articles to Supporting Research Questions 

 

Article 1: Augmenting AI in Clinical Documentation 

The title of this article, currently under review in ACM Transactions on Computing for Healthcare, 

is “’I Cannot Teach it Anything:’ Collaborative AI Augmentation in Clinical Documentation Work.” 

The article is written with Tariq Andersen and submitted in June 2025. This article investigates how 

clinicians engage with ASR systems in ways that embed them into ongoing auditing as part of 

augmentation work, foregrounding the human-in-the-loop (HITL) pattern that sustains AI in clinical 

documentation. Drawing on CSCW and HCI perspectives, particularly the concepts of data work in 

healthcare (Bossen et al., 2019) and augmentation work (Grønsund & Aanestad, 2020), the study 

explores how clinical documentation supported by ASR transforms clinicians’ practices on the 

ground into dual-purpose work, simultaneously serving clinical and system-level tasks. 

 

This empirical work explicate core tensions that arise from opaque backend processes and the need 

to reconcile clinical responsibilities with the demands of auditing in ASR-assisted clinical 

documentation. The article shows that clinicians’ adaptation to AI systems similar to ASR involve 
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continuous negotiation of roles and accountabilities. Rather than functioning as a passive tool, ASR 

requires distributed human labor across clinicians, medical secretaries, IT staff, and external 

vendors to remain operational and useful. The paper introduces the concept of collaborative 

augmentation work to describe the distributed and negotiated data work that underpins and 

articulates the effective use of ASR in real-world settings, enabling clinical documentation to be 

completed simultaneously with data labelling as part of annotation work. 

 

The article contributes to CSCW and HCI by foregrounding a specific dimension of human–AI 

collaboration: how humans augment AI within HITL systems. It expands understandings of data 

work by showing that AI in healthcare is sustained not merely through technical optimization, but 

through ongoing augmentation work; the everyday, often invisible practices clinicians perform to 

correct, adapt, and maintain AI systems through routine documentation. These are not optional tasks 

but are embedded in clinical workflows, making clinicians indispensable to the system’s ongoing 

performance. In the context of this dissertation, the article anchors a broader inquiry into human–AI 

collaboration by revealing how AI integration reshapes the boundary between augmentation work 

(sustaining AI performance) and articulation work (coordinating people and tasks). As AI systems 

become more embedded, clinicians’ articulation work increasingly extends into the technical 

domain, underscoring the organizational and infrastructural conditions that shape effective human–

AI collaboration. 

 

This article contributes to sub-research question 1 and 2 in the dissertation. It examines how 

clinicians sustain ASR through collaborative augmentation practices and reveals how accountability 

is negotiated in human–AI interactions that remain informal yet essential. Together, these findings 

extend existing CSCW and HCI research by reframing ASR use as a form of distributed, socio-

technical work that demands new forms of coordination, recognition, and support. 

Article 2: Supporting Clinical Documentation  

“Automated Tasks in Clinical Documentation Brings Articulation Work to the Front” to the Front is 

the title of the second article, accepted for publication in Journal of Workplace Learning (submitted 

July, 2025) and co-authored with Jens Pedersen. In this article we investigate how clinicians engage 

with and adapt to ASR technologies in clinical documentation settings. Drawing on theoretical 

insights on clerical work from CSCW and applying a socio-technical analytical approach informed 

by the concept of articulation work (Schmidt & Bannon, 1992; Suchman, 1996), the study explores 

how systems meant to reduce administrative burden can, paradoxically, produce new, often invisible 

forms of labor.  

 

Historically, medical transcription work was performed in the “back office,” separated from 

frontline care. ASR systems, in automating this function and bringing documentation directly into 

the hands of clinicians, have also shifted the burden of coordination, clarification, and repair, tasks 

traditionally handled by secretaries, onto clinicians and nurses. These tasks includes following up 

on unclear phrasing, correcting errors, and managing associated tasks, such as appointment 

bookings and documentation flow, all of which are essential to maintaining coherent patient 
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trajectories. The article addresses the following research question: How do clinicians engage in 

articulation work to sustain ASR systems, and what forms of tacit knowledge become mobilized or 

obscured in this process? 

 

Through an analysis of longitudinal observational and interview data, the article shows how 

clinicians experience ASR not as a seamless supportation of their work but as a fragile and opaque 

system requiring continual human adaptation. These adaptations are often unsupported by formal 

workflows or organizational acknowledgment, leading to emotional strain, professional risk, and a 

decline in the visible use of ASR over time. For example, clinicians who once dictated into the EHR 

at the patient’s bedside gradually reverted to other methods due to concerns about professionalism. 

The study reveals that to make the system livable, clinicians engage in informal narrative practices 

that domesticate the technology. These include humor, storytelling, and the anthropomorphization 

of the ASR system (e.g., describing it as “teasing” or “moody”). Such narratives help maintain 

professional identity, preserve agency, and foster shared understanding among colleagues about 

technical shortcomings. 

 

In this way, articulation work extends beyond technical troubleshooting and coordination in the 

back, as it becomes a narrative and, at times, collaborative process that renders AI systems 

“livable,” if not entirely functional. Ultimately, the article contributes to discussions in CSCW 

regarding tacit knowledge and accountability embedded in AI systems, as these automate even 

“simple” human tasks, such as transcription, by foregrounding the invisible, non-codified work 

required to integrate AI systems into sensitive, high-stakes environments such as healthcare to 

support clinical documentation. It challenges dominant narratives of AI as becoming domesticated 

over the years and instead emphasizes the need to understand how making systems livable is 

achieved through everyday human articulation work, especially when formal structures fail to 

account for the full accountability and tacit knowledge of the work introduced by automation. 

 

This article contributes to answering sub-research question 2 as the article shows that accountability 

is unevenly distributed when clinicians are held responsible for system errors without having 

control over how ASR functions and highlights how accountability is negotiated rather than 

designed. For sub-research question 3, the article shows that ASR reshapes documentation by 

shifting transcription tasks to clinicians and creating new dependencies. This reconfiguration 

requires clinicians to learn how to use and adapt to the system as part of their daily work, yet they 

are expected to do so without adequate training or institutional support. Human–AI collaboration is 

thus revealed as an ongoing, socially negotiated process embedded in organizational routines. 

Article 3: Breakdowns and Faux Data Work 

This third article is titled “The Lack of Explainability in Automatic Speech Recognition Can Cause 

Faux Data Work” and is a paper presented at the conference Intelligent Human Systems Integration 

and published in conference proceedings 2025. It explores how clinicians identify and manage 

technical issues in ASR systems during clinical documentation work. While ASR systems are 

designed to reduce documentation burdens by automating speech-to-text entry, this study shows that 
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their lack of explainability—that is, their inability to provide users with clear reasons for errors, 

misrecognitions, or system behavior—often leads to additional, invisible repair work. Clinicians 

must spend time identifying, correcting, and working around unpredictable system failures without 

understanding why they occur. As a result, rather than streamlining workflows, ASR can 

inadvertently complicate documentation practices, adding cognitive and coordination burdens to 

already time-pressed clinical routines. Drawing on concepts such as data work (Bossen et al., 2019) 

and sites of collaboration (Lin & Jackson, 2023), the study examines how clinicians engage in 

repair work by ways of annotation and correction of AI-generated text. 

 

The study uses a mixed-methods approach to capture moments of breakdowns in which systems no 

longer operate as intended but continue to be a part of clinical documentation work. Findings 

demonstrates that clinicians using ASR systems are involved in more than just clinical 

documentation; they also perform a range of technical, corrective, and interpretive activities that are 

integral to maintaining the functionality and accuracy of the system. This includes identifying 

glitches, annotating mistranslated words, and improvising workarounds during system failures. 

These practices are not separate from "data work"; rather, they constitute a form of repair-oriented 

work of data that is essential to not only meaningful health data but also the operationalization of 

machine learning systems in real-world settings.  

 

In this context, repair work can be understood as a critical phase of the data lifecycle, where 

clinicians intervene in the system’s breakdowns to ensure the ongoing quality of both data input and 

system output. Yet the findings show that breakdowns in cross-professional communication, 

particularly between clinical and the more administrative and technical professionals at the hospital, 

leave clinicians as end-users without the resources to interpret or escalate recurring system failures, 

undermining their ability to perform efficient and real-time documentation. The article contributes 

to answering supplementary research question 1 in this dissertation by demonstrating how clinicians 

sustain ASR systems through unacknowledged correction work and adaptation to recurring 

technical failures, despite lacking system transparency or feedback.  

 

Due to a lack of meaningful system feedback or transparency, breakdowns in the data lifecycle can 

result in what the paper terms faux data work: activities that appear productive to those who are 

contributing to AI maintenance but ultimately fail to enhance system performance. This 

phenomenon highlights a gap between user effort and repair work in opaque AI-assisted clinical 

environments. By introducing the concept of faux data work, the article contributes to CSCW and 

HCI by foregrounding the invisible backend work needed to maintain data lifecycles forming new, 

distributed yet non-formal collaborative practices. This work is conducted by clinical professionals 

who are less familiar with data labelling and validation processes. The article suggests feedback 

mechanisms making data lifecycles more transparent could enable professionals to locate 

breakdowns. By doing so, it suggests sites of collaboration, where distributed data workers are 

taught and informed about system performance, could lower risks of faux data work.  
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Article 4: Temporalities of Repair in Human–AI Collaboration 

The fourth article, “Temporalities of Repair in Human–AI Collaboration” is a manuscript to be 

submitted to Computer Supported Cooperative Work (CSCW): The Journal of Collaborative 

Computing and Work Practices. This article examines repair work by focusing on AI systems 

continuing to be used in healthcare while their replacement has been negotiated. Building on repair 

work (Jackson, 2014), this study centers system decay as a starting point for understanding the role 

and impact of temporalities in human–AI collaboration. Rather than focusing on moments of AI 

implementation or design, the study interrogates the “meantime” periods where technologies are 

maintained despite being scheduled for obsolescence. It shows how organizational temporalities of 

subsystems, such as ASR, are formed by the installed base (Aanestad, 2017) and infrastructure 

strategy (Cohn, 2016).  

 

By examining how repair work in AI-supported clinical documentation is shaped by the temporality 

of healthcare infrastructures, the study highlights how distributed professionals (both upstream and 

downstream in the data lifecycle) collaboratively sustain these systems. The study finds that 

anticipated future technologies (though not yet implemented) are already causing disruptions in 

current clinical documentation practices. These forthcoming systems contribute to a sense of 

breakdown, leading some professionals to abandon efforts to repair or sustain existing tools. While 

these breakdowns remain invisible to end users, clinicians continue to be held accountable for 

documentation quality and cannot “opt out” of augmenting the current ASR system. Despite new 

systems being years away from deployment, their looming presence reshapes present practices, as 

professionals begin to frame existing systems as temporary and unworthy of long-term investment 

or adaptation. 

 

This anticipatory shift where future systems reshape present work, reveals how technological 

change is not experienced as a clean break but as a prolonged period of uncertainty and transitional 

labor. Such dynamics challenge dominant AI value chain ontologies (Attard-Frost & Widder, 2025), 

which privilege linear logics of rollout and replacement, thereby obscuring the recursive practices 

of repair that keep collaborative systems functional over time despite decay. While answering sub-

research question 1 and 3, this article contributes to CSCW’s tradition of studying infrastructure and 

repair (Jackson, 2014; Lin & Jackson, 2023; Star & Ruhleder, 1996) by empirically showing how 

policy-driven transformations and technological hype can push systems toward a state of being 

what I conceptualize as “beyond repair:” not merely in the sense of being technically broken, but in 

that both external vendors and internal IT management have collectively deprioritized systemic 

improvement. The decision to postpone system upgrades or replacements, and to withhold 

investment in resolving recurring local glitches or implementing broader language model updates, 

renders the system functionally stagnant. Yet, it is simultaneously kept “under repair” through 

clinicians’ ongoing, unpaid corrective labor: labeling errors, adapting workflows, and improvising 

workarounds. This duality reveals how ASR systems can remain operational not through 

institutional support, but through the normalization of dysfunction and the quiet endurance of 
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frontline users and extends how Cohn (2016) points to how infrastructure will persist through 

ongoing breakdowns. 

Article 5: AI Assisting Smaller Languages 

This article was co-authored by Gerd Berget and titled “An Exploration of Automatic Speech 

Recognition Within a Nordic Context” was presented at the HCI International Conference and 

published in proceedings 2023. The empirical study investigates ASR technologies with a specific 

focus on how these systems assist the smaller and minority languages. The article builds on the 

empirical work presented in the other articles by incorporating document analysis to add a focused 

examination of the Nordic context. It explores the policies and strategic initiatives shaping the 

implementation of ASR in public healthcare organizations, showing how these top-down 

frameworks create conditions that necessitate ongoing repair work on the ground, particularly in 

relation to the development of language models that support ASR. 

 

The paper uses perspectives from ability-based design (Wobbrock et al., 2011) to analyze diversity 

in language models supporting ASR, and it shows how these systems, often developed for global 

markets, struggle to accommodate the linguistic diversity and speech variations found in Nordic 

countries. The findings reveal that while technical analysis of ASR performance supports dominant 

language users, it remains less inclusive for speakers of smaller and minority languages. This 

intensifies when users have regional dialects or accents, thereby marginalizing certain groups of 

professionals, such as clinicians, whose documentation work is supported by ASR. This exclusion is 

not merely a technical issue but reflects downstream in AI development, where minority language 

communities are deprioritized.  

 

As a result, ASR adoption in public organizations, such as hospitals, is uneven, and the assisting 

benefits offered by the technology are distributed inequitably across linguistic affordances. The 

article foregrounds that to sustain AI assisting work for professionals speaking smaller and minority 

languages in a Nordic context, requires national strategy focus on inclusive design approaches that 

account for both linguistic plurality and institutional responsibility. It highlights the importance of 

national language policies and procurement decisions in shaping whether AI tools become 

exclusionary while used in public organizations such as hospitals. The findings in this article 

answers to substituting research question 2 by highlighting that accountability must be understood 

as a distributed, systemic issue, not just a human-AI interaction. The article underscores the need 

for political and infrastructural accountability in designing and deploying ASR tools when directly 

affect documentation and linguistic rights. 
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Background and Historical Context 
While the preceding articles each address distinct themes, they are all grounded in a shared 

empirical field site: the digital transformation of clinical documentation at a large Danish hospital. 

This section provides the broader historical and workplace context that motivates this PhD. It 

situates the study within ongoing transformations in healthcare marked by increasing reliance on 

data and AI and highlights how these developments have made documentation work a site of 

reconfiguration.  

 

Digitalization has become a defining characteristic of contemporary Danish society. The roots of 

this development can be traced to the late 1960s, when the establishment of national registries such 

as the Central Person Register provided a stable, comprehensive digital identification system. These 

early registries created unique preconditions for subsequent digital innovation, forming the 

backbone of far-reaching public-sector reforms and enabling successive governments to pursue 

ambitious national digitalization strategies (Hjelholt & Schou, 2017). Healthcare has long been a 

central arena for these strategies. A salient example is the EHRs: nationwide information systems 

that have significantly altered well-established practices across Danish hospitals. The initiative 

emerged from ministerial strategic plans launched in the mid-1990s (Bruun Jensen, 2008) and, 

following Motzfeldt and Næsborg-Andersen (Motzfeldt & Næsborg-Andersen, 2018), can be 

understood as comprising two levels of digitalization in public healthcare. 

 

The first level involved the digitalization of health records: historical patient data that healthcare 

professionals (such as clinicians and nurses) collected and shared (Berg, 2001; Lundberg & 

Hanseth, 2001). Health data could now be stored locally in electronic form, essentially replacing 

paper with “electronic paper.” The second level is exemplified by integrated EHR systems, which 

enabled digitally mediated dataflows and decision making. These systems reconfigured clinical 

documentation and workflows, prompting significant scholarly attention to their implications for 

healthcare work and data management (Ellingsen & Munkvold, 2007; Meum, 2012). 

 

Building on this digital foundation, recent years have seen increasing interest in AI as a new phase 

of data-driven transformation in healthcare (C. J. Cai et al., 2019; Q. Cai et al., 2019; Madsen, 

2014). From decision-support tools and triage systems to speech recognition and diagnostic 

algorithms, AI is now becoming embedded in hospitals and public health services. This expansion 

of AI is deeply shaped by Denmark’s established digital governance model. Over the past two 

decades, investments in national EHRs, secure data exchange platforms, and standardized reporting 

systems have created a robust digital infrastructure across hospitals and regions (Hoeyer, 2019). 

These infrastructures support extensive data collection and coordination, making Danish healthcare 

fertile ground for AI development. However, they also introduce constraints, as new technologies 

must interact with existing systems, including legacy infrastructure, clinical routines, and 

institutional policies.  
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These entanglements suggest that AI integration is rarely a straightforward matter of deploying new 

tools, but instead involves navigating and gradually reshaping complex sociotechnical 

arrangements. For this reason, AI integration is better understood not as a neutral or isolated 

process, but as one embedded in ongoing organizational and infrastructural dynamics. In line with 

Tilson et al. (2010), infrastructures are not merely technical; they are relational, embedded across 

organizational and technological boundaries, and they derive significance through their connections 

and dependencies. In Danish healthcare, digital infrastructures not only manage data but also shape 

clinical work, decision making, and professional responsibilities. 

 

The rise of AI, then, is best understood as part of a broader infrastructural and political trajectory. It 

reflects Denmark’s ambition to maintain its position as a leader in digital public services. However, 

it also highlights the complexity of layering technologies such as AI onto an already mature digital 

landscape, also when these technologies change or need updates or repair work. More specifically, 

the digital transformation of healthcare signals more than just the adoption of new technologies; it 

reflects a broader reconfiguration of how health systems both rely on and produce data in the course 

of everyday clinical work. As Bossen et al. (2019) describe, this shift has contributed to the 

emergence of the “quantified patient”: a figure increasingly defined through digital data that inform 

not only diagnosis and treatment, but also care coordination, patient monitoring, and the 

management of clinical trajectories. At the same time, these patient-generated and clinician-entered 

data are routinely repurposed for secondary uses such as billing, research, and statistics (K. H. Pine 

et al., 2016). Although still developing, these intertwined processes are already reshaping how 

healthcare is delivered and organized, altering professional roles, clinical workflows, and 

institutional responsibilities (Bossen et al., 2016). 

 

In this context, it is crucial to recognize that digital tools, whether EHRs or AI systems, are not 

introduced into empty or uniform environments. In the Danish healthcare system, they are deployed 

within complex, historically layered ecosystems of existing technologies, workflows, and 

professional practices. This embedded context has been described as the installed base (Aanestad, 

2017). These conditions shape not only how digital technologies are implemented but also how they 

are experienced and adapted in everyday clinical work (Fitzpatrick & Ellingsen, 2013; Langhoff et 

al., 2018; Malm-Nicolaisen et al., 2024). Understanding these dynamics is essential for my analysis 

of clinical documentation supported by AI in practice, especially when situated in Danish 

healthcare, where infrastructures differ significantly from discrete applications and instead function 

as deeply intertwined in complex contexts. 

 

Against this historical backdrop, the growing interest in AI in Danish healthcare represents not a 

break with the past, but an extension of long-standing ambitions to optimize clinical work through 

digital means. As the infrastructural foundation has matured (with EHRs, data architectures, and 

standardized workflows now firmly embedded), new technologies such as AI are increasingly 

framed as the next logical step in this digital trajectory. Current national strategies reflect this 

momentum, positioning AI not merely as a technological tool but rather as a strategic enabler of 

more efficient care. Within these policy visions, systems such as ASR are portrayed as aligning two 
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historically competing ideals: standardization and professional autonomy. For example, the 2024 

Healthcare Denmark strategy frames “accuracy” and “flexibility” as mutually reinforcing goals 

enabled by AI-assisted documentation (Healthcare Denmark, 2024, p. 28). These systems are 

envisioned as capable of both streamlining the burdens of clinical documentation and expanding 

clinicians’ discretionary space within the EHR. While official strategies often highlight the potential 

for AI to support and enhance clinical work, turning this vision into reality is far from 

straightforward, which has sparked a growing discussion, both in policy and practice, about the 

collaboration between healthcare professionals and AI systems.  

 

This dissertation contributes to and builds upon that discussion. The following literature review 

outlines the key fields I draw on and engage with, primarily within CSCW and HCI and presents the 

central themes that structure my work. Together, these perspectives provide the foundation for 

exploring AI-supported clinical documentation practices. As such, this background makes it 

especially interesting and relevant to explore how ASR-supported clinical documentation is actually 

configured and lived in practice. The Danish healthcare system, with its deeply institutionalized 

digital infrastructures and policy push toward AI, provides a strategic vantage point from which to 

study these broader transformations. The dissertation, therefore, contributes not only to debates in 

CSCW and HCI about sociotechnical systems and human-AI collaboration but also to ongoing 

public and policy conversations about the role of AI in reshaping healthcare delivery. 
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Related Work 
This section is structured around three interconnected areas. It begins with foundational 

perspectives from discussions in CSCW and HCI, where this dissertation is situated. In this part, I 

also elaborate on the socio-technical approach that informs the overall analytical backdrop of my 

dissertation. This framing directly informs all three substituting research questions by shifting focus 

from AI’s technical capabilities to the lived realities of its use in documentation work. I then move 

onto recent interdisciplinary contributions that offer insights into human–AI collaboration reflecting 

the multifaceted nature of this concept. This integrated perspective sets the stage for the empirical 

work in Articles 1–4, which demonstrate how ASR technologies are sustained, how accountability 

is reconfigured, and how data infrastructures reflect the entangled nature of human–AI 

collaboration in hospitals. 

 

HCI and CSCW starting point 

As outlined in the previous background section, political and policy discourse in Denmark often 

frames AI systems in clinical documentation as tools for enhancing efficiency—a perspective I also 

elaborate on in Article 5. However, within the field of CSCW, such framings are increasingly 

questioned, as scholars draw attention to the social, organizational, and infrastructural complexities 

that accompany the integration of AI into clinical practice. CSCW offers alternative perspectives 

that foreground the human and collaborative dimensions of work, challenging assumptions of 

seamless automation and technological efficiency—an approach further developed in Articles 1–4. 

In what follows, I outline this tradition to establish the foundation for the socio-technical 

perspective as it has evolved within CSCW and, more recently, gained prominence in HCI. 

 

Although the CSCW community has only recently begun to engage more thoroughly with the 

specific challenges of human–AI collaboration in healthcare (S. Y. Park et al., 2019), these 

discussions build on a longer tradition. Since the late 1980s, CSCW has emerged in response to 

automation-centric paradigms in computing, such as the “office automation” vision of early 

workplace technologies. Groundbreaking work such as Suchman’s (1987) critique of human–

machine interaction at Xerox PARC laid the foundation for a shift in focus: away from rigid task 

automation and toward the social and situated nature of cooperative work. This shift emphasized the 

importance of flexibility, local adaptation, and the everyday practices through which collaborative 

activities unfold (Schmidt, 1997; Schmidt & Bannon, 1992), aiming to support (not replace) human 

work through computational tools (Kling & Iacono, 1988). These foundational perspectives 

continue to inform research in CSCW focusing on emerging technologies such as AI in complex 

domains, for example healthcare. 

 

Building on this tradition, I conceptualize collaboration as inherently situated, relational, and 

shaped by the interaction between technological affordances and clinical documentation practices to 

foreground how tools such as ASR are integrated into and transform such settings. I primarily draw 

on CSCW’s longstanding attention to administrative (Hoeyer, 2019) and clinical practices 

(Fitzpatrick & Ellingsen, 2013), which has historically emphasized the role of digital infrastructures 
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(Berg, 2001; Bowker & Star, 2000). Specifically in healthcare, such infrastructures facilitate 

distributed and continuous data flows that traverse professional, institutional, and regional 

boundaries (Bansler & Kensing, 2010; Hoeyer, 2023). Building on early CSCW insights that 

collaboration emerges through complex configurations of people and technologies (Schmidt & 

Bannon, 1992), I understand clinical documentation practices as both shaped by and shaping digital 

systems and as embedded in digital health infrastructures. 

 

Moreover, following Star and Ruhleder (1996), digital systems in healthcare can be understood as 

both interdependent and distinct: they must work together to support clinical workflows, yet they 

also operate on different temporal scales–due to asynchronous updates, maintenance cycles, and 

divergent institutional policies or strategies. Some systems may be updated frequently, while others 

remain stable for years, creating tensions in integration and coordination. This complexity illustrates 

Tilson et al.’s (2010) argument that infrastructures are dynamic and relational, resisting fixed 

definitions or clearly bounded classifications. Instead, they are constantly evolving through their 

interactions and dependencies across organizational and technological contexts. Importantly, when 

changes occur within the installed base (such as the introduction of technologies or updating or 

replacing existing ones), organizational structures and professional engagements are often 

reconfigured (Aanestad, 2017; Grønsund & Aanestad, 2020). Consequently, these shifts may alter 

routines or require new forms of technological literacy and adaptation, reinforcing the view that 

health infrastructures are enduring, yet inherently temporary and continuously in flux. 

 

Such infrastructural “patchwork” (Ellingsen & Monteiro, 2006; Matthiesen & Bjørn, 2015) was 

vividly illustrated in my fieldwork at a Danish hospital, where digital systems did not operate in 

isolation. EHR as a legacy system was embedded within a wider constellation of subsystems and 

applications or add-ons such as ASR. Far from merely supporting clinical work, these tools actively 

shaped how collaboration unfolded, how data were produced, interpreted, or illustrated, and how 

decisions were made. Focusing on ASR as a subsystem, I draw on discussions of health 

infrastructures to approach clinical documentation as a fundamentally collaborative practice, where 

human and technological actors complicate the production and interpretation of health records.  

A Socio-Technical Perspective 

Below, I introduce the socio-technical perspective as it has developed within CSCW and, more 

recently, gained prominence in HCI. This framing is central to positioning my dissertation, as it 

enables me to conceptualize AI not as an isolated tool but as part of a dynamic system of human 

labor, institutional routines, and technical infrastructures; a perspective articles 1–4 draw directly 

on. 

 

The concept of socio-technical systems originates from early organizational studies, particularly the 

work of the Tavistock Institute in the 1950s (e.g., Emery & Trist, 1965). Here, it was used to 

analyze the interplay between social and technical subsystems in industrial settings and has since 

been extended and reinterpreted across fields including Science and Technology Studies (STS). I 

use a socio-technical approach along the lines of how this approach has developed within the 
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domain of CSCW. In this tradition, the socio-technical perspective has been widely adopted to 

emphasize the mutual shaping of technology and collaborative work practices, recognizing that 

technological systems are embedded within, and co-evolve with, the social structures and dynamics 

of work (Grudin, 1994; Schmidt & Bannon, 1992). I adopt this lens to examine how collaborative 

technologies both support and constrain group interaction and coordination in clinical 

documentation conducted on the ground by clinicians. 

 

While CSCW continues to offer important grounding for understanding collaboration, I turn to HCI 

to engage more directly with analyzing how AI systems change the nature of work. Initially, early 

HCI research, drawing from cognitive science, psychology, and human factors, focused on 

optimizing individual user interaction with software and hardware systems. This gave rise to 

foundational methods such as task analysis and usability testing, which shaped the design of 

interfaces for single-user systems (Rogers, 2012). Over time, the focus broadened to encompass 

collaborative technologies, prompting CSCW to emphasize shared understanding, accountability, 

and cooperative work as central design concerns (Gross et al., 2019). 

 

Recent scholarship in HCI has underscored a “sociotechnical turn” in the design, deployment, and 

evaluation of AI systems, especially in high-stakes domains such as clinical decision-making and 

documentation in healthcare (Zając et al., 2023). This perspective marks a shift from focusing 

solely on interface-level user-system interactions to examining the broader interrelations between 

systems, routine clinical workflows, institutional hierarchies, and sociopolitical forces such as 

regulation, accountability, and equity. For instance, as illustrated in Article 1–2, even long-standing 

ASR systems continue to surface coordination that challenge their supposed integration into 

everyday clinical work. 

 

The sociotechnical turn in the study and design of AI in healthcare marks a deliberate move away 

from technology-centred paradigms that prioritize algorithmic optimization, predictive accuracy, 

and model benchmarking, toward a more human-centred orientation that recognizes a 

sociotechnical approach (Wilson et al., 2025). Article 1, for example, illustrates the need for such an 

approach by showing how ASR is not just a supportive backend tool but a fragile, human-dependent 

system requiring continual clinician input, negotiation, and correction in documentation practices; 

what the article terms “collaborative augmentation work.” As Andersen et al. (2021) argue, 

innovation in healthcare does not hinge solely on improving the technical capabilities of AI but on 

how well these systems are contextualized and adapted to the complex contingencies of clinical 

practice. The socio-technical approach, therefore, underscores that designing AI for healthcare is 

not just a matter of engineering better models, but of nurturing resilient socio-technical assemblages 

that enable sustained cooperation between people, technology, and institutional systems. 

 

Aligned with this turn, studies in HCI have increasingly argued that AI systems introduce 

qualitatively distinct design challenges compared to traditional digital tools, primarily because they 

exhibit non-deterministic, adaptive behaviors that evolve over time and require ongoing human 

interpretation, calibration, and repair (Abdul et al., 2018; Inkpen et al., 2019; Xu et al., 2023). 
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Unlike conventional systems, whose functionalities are fixed, AI systems are often marked by 

capability uncertainty (that is, it is difficult for users to assess what the system can do, under what 

conditions it will perform reliably) and by output complexity, where system responses are context-

sensitive and sometimes unintelligible to non-expert users (Yang et al., 2020). These characteristics 

make AI systems not just tools to be used, but systems to be continuously interpreted and managed 

within evolving work practices. 

 

These features mean that users are not merely end-users or passive operators of AI systems, but 

active participants in training, calibrating, interpreting, and correcting their functionality. In this 

context, systems such as ASR require ongoing human oversight, error monitoring, and domain-

specific correction to function effectively. As demonstrated in Article 3, the opacity of ASR risk 

leading to “faux data work,” where clinicians repeatedly correct or annotate outputs without 

knowing whether their interventions improve future system behavior. 

 

Bringing these strands together, I adopt a framing that draws from two distinct but related research 

traditions to analyze the configuration of human and computational interaction. I associate the 

sociotechnical perspective with the field of CSCW (and increasingly HCI) which emphasizes how 

technical systems are socially constructed, negotiated, and maintained within organizational 

settings. At the same time, I draw on the HCI tradition to engage with the literature on human–AI 

collaboration, which focuses more on the interactional dynamics and cognitive load involved in 

working with AI systems.  

Automatic Speech Recognition in Healthcare 

This socio-technical framing provides a valuable appraoch for analyzing how systems like ASR are 

integrated and sustained within clinical practice. ASR technologies occupy a unique position at the 

intersection of automation and human labor. Although frequently portrayed as simple transcription 

tools, in clinical contexts they exemplify the kind of continuous human–machine interaction that 

socio-technical research traditions seek to illuminate. As the health informatics literature has shown 

(Blackley et al., 2019; Johnson et al., 2014), ASR systems commonly generate recognition errors or 

produce outputs in inflexible formats, requiring clinicians to engage in constant oversight, 

correction, and adaptation. This introduces new forms of cognitive and administrative labor into 

clinical workflows. 

 

Contemporary ASR technologies further reinforce this interdependence. Far from functioning as 

standalone tools, they rely on ongoing human input to operate effectively (Adedeji et al., 2024; 

Chlebek et al., 2020); a dynamic that is central to the analysis in this dissertation. Reflecting this 

shift, recent studies have moved away from depicting ASR as a self-contained speech-to-text 

converter and instead describe it as a system contingent upon continuous human engagement. 

Kheddar et al. (2024), for example, highlight how ASR increasingly depends on clinicians' real-time 

corrections and contextual adjustments, likening this iterative process to data labeling. In machine 

learning terms, such practices resemble data augmentation, wherein human interactions help 



 33 

generate and refine the input data used to improve model performance (D. S. Park et al., 2019; 

Soleymanpour et al., 2024). 

 

ASR systems are not static; once implemented, they continue to evolve in response to local contexts 

and user practices (Adedeji et al., 2024). They have also become foundational to the development of 

more advanced clinical documentation technologies, such as ambient scribes, which extend ASR 

capabilities by capturing and structuring clinical conversations in real time (Li et al., 2021; Saadat 

et al., 2025). In this sense, ASR occupies a space between the ordinary and the emergent—

connecting decades of digital recordkeeping practices with a newer wave of machine learning–

driven documentation tools. 

 

Recognizing ASR not as an outdated or limited technology, but as part of a broader, evolving 

infrastructure, allows this dissertation to shift focus away from technological novelty and toward the 

embedded and ongoing work that sustains these systems in practice. ASR continues to shape the 

everyday realities of clinical documentation, including its possibilities and constraints. In the 

context of Danish healthcare (where ASR has been in use for over a decade) it serves as a salient 

example of what Wang et al. (2021) classify as "traditional AI": rule-based, task-specific systems 

grounded in structured training data and domain-specific language models. However, even these 

systems are now increasingly being enhanced with LLMs and adaptive machine learning techniques 

that enable real-time learning and adjustment. Current research describes these systems as capable 

of refining their performance through everyday user interaction and adapting to local clinical 

routines (Couto et al., 2020; Kumar, 2024). 

 

This evolving nature of ASR systems reflects a broader need for researching human–AI 

collaboration as situated and uncompleted process. Clinicians do not simply use ASR; they shape 

and sustain it through everyday practices, corrections, and adaptations. In turn, the system informs 

how documentation unfolds and mediate the organization of knowledge work. In the following 

section, I elaborate on this evolving interaction between AI and professionals by highlighting three 

key framings of human–AI collaboration found in the literature: collaboration as automation, as 

division of labor, and as entanglement.  

 

Human–AI Collaboration in Three Framings 

In this section, I outline three key framings on human–AI collaboration drawn primarily from 

CSCW and HCI, while acknowledging broader contributions from fields such as computer science, 

health informatics and STS. These perspectives span a continuum from a focus on AI’s technical 

capabilities to more situated, socio-technical understandings of collaboration in practice. I highlight 

them to establish the conceptual basis for my analysis of clinical documentation and to clarify how I 

frame human–AI collaboration in this dissertation. By mapping three dominant framings: human-AI 

collaboration as automated, division of labor, and entanglement, I expose the assumptions 

underlying current debates. I position my work within the third perspective, rooted in CSCW’s 

socio-technical tradition and echoed in HCI’s recent turn. 
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Human–AI Collaboration as Automated 

The heading of this section signals discussions on human–AI collaboration in healthcare as 

conceptualized as a process increasingly mediated by automation. The following section draw on 

literature mainly in HCI framing human–AI collaboration as itself a site of automation, where tasks, 

responsibilities, and cognitive labor are continuously redistributed onto technology. This 

perspective complicates binary distinctions between “human” and “machine” work by emphasizing 

how collaboration involves both delegation to AI and human roles within clinical workflows. This 

section situates these debates as foundational to understanding how ASR functions in practice, 

providing a conceptual basis for analyzing it beyond merely as a tool of automation—an argument 

developed further in Articles 3 and 4 of this dissertation. 

 

While often framed as tools for transcription or administrative relief, recent studies show that AI 

systems in clinical documentation are increasingly automating core aspects of cognitive and 

communicative work (Adams, 2025; Carboni et al., 2025). Here, human–AI collaboration is 

discussed as the delegation of specific documentation tasks to systems. Technologies such as AI-

based or ambient scribe systems have become central in current discussions about innovation in 

clinical documentation. These systems aim to automate the generation of EHR notes by combining 

ASR with NLP techniques (Haberle et al., 2024; Owens et al., 2024). The growing academic and 

societal focus on these tools reflects broader trends and expectations for AI to move beyond simple 

transcription and take on more complex, higher-order tasks such as classifying clinical dialogue, 

summarizing consultations, and generating structured documentation automatically. This shift from 

tools that transcribe dictated speech to systems designed to interpret context and act without direct 

user input illustrates a technologically deterministic perspective, where automation is expected to 

seamlessly integrate into and transform documentation workflows. 

 

Schlegel et al. (2023) argue that AI systems supporting clinical documentation go beyond capturing 

input; they participate in drafting clinical narratives, thereby functioning as semantic contributors 

that help transform spoken interactions into structured medical records. This transformation signals 

a deeper kind of task automation: organizing and summarizing clinical meaning in documentation 

workflows. From this perspective, automation in clinical documentation is not a binary event but a 

process of task redistribution, wherein certain cognitive and representational functions are offloaded 

to machines. However, Saadat et al. (2025) show that even these advanced systems still rely on tight 

integration with clinical routines and regulatory standards, revealing how automation unfolds 

within, and not apart from, such arrangements. 

 

This reliance on human and institutional integration aligns with how Kakwan et al. (Kakwan et al., 

2025) note that AI systems are often framed as automating EHR input, effectively reassigning parts 

of the documentation burden to technology. However, Kakwan et al. point out that this form of 

automation still relies on close human auditing, particularly for verifying and correcting outputs. 

Thus, the automation-as-replacement or support paradigms consistently encounter friction in real-

world implementation. Following this, Li et al. (2021) further challenge deterministic framings by 
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emphasizing interdependence over automation. Rather than treating AI as a standalone agent, they 

describe automating documentation as an iterative alignment between system capabilities and 

clinical practices, making human–AI collaboration a site of ongoing negotiation between machine 

capabilities and clinical expectations. As algorithmic systems draw on proprietary datasets and 

rapidly evolving technologies, clinical judgment is often placed in tension with automated outputs, 

prompting these negotiations between algorithmic suggestions and experiential knowledge (Lipp & 

Hilgartner, 2025; Vallès-Peris & Pareto, 2025). These insights disrupt assumptions that 

documentation tasks can be offloaded; instead, they highlight how automation is shaped by 

professionals and institutional constraints. As such, treating documentation automation as a purely 

technical advance risks missing the complex, collaborative reality in which these systems are 

embedded.  

 

Goodson et al. (2024) argue that the introduction of new technologies, while often associated with 

promises of increased efficiency, frequently fails to deliver immediate improvements in productivity 

or wellbeing. This view is echoed in broader scholarship in HCI and CSCW, which emphasizes that 

technological adoption is shaped by historical patterns of iterative adaptation rather than abrupt 

transformation or full automation (e.g., Liao et al., 2020; D. Wang et al., 2020; Zhou et al., 2023). In 

this light, attempts to study AI in isolation risk overlooking its entanglement with long-standing 

organizational dynamics. Consequently, simplified or reductionist framings that present human–AI 

collaboration as a wholly novel or emergent phenomenon are insufficient. This complexity is 

particularly evident in healthcare documentation, where the integration of AI systems continues to 

involve substantial human input.  

 

As a result, the literature lacks a consistent conceptual boundary for determining when 

documentation work can truly be considered automated. In response to these uncertainties, human–

AI collaboration through the lens of automation is not a fixed concept. In this dissertation, I draw on 

the discussions on human–AI collaboration as automation to acknowledge the evolving 

redistribution of tasks between clinicians and AI systems in clinical documentation and the 

negotiations it sparks. This discussion lays the conceptual groundwork for viewing ASR not just as 

automation, but as part of a mutually constituted collaborative process, which Article 3–4 

highlights. Rather than automation replacing human labor, what emerges is a dynamic redistribution 

of responsibilities, where clinicians remain deeply involved in maintaining and correcting the 

system's outputs. Consequently, unintended consequences ascent as repair work necessary to sustain 

the system’s performance in everyday use, reflects a broader institutional reliance on clinicians to 

absorb system fragility.  

Human–AI Collaborations as Division of Labor 

The concept of human–AI collaboration has increasingly been framed through metaphors of 

teamwork and partnership (Amir et al., 2015; Bossen & Pine, 2023; Yildirim et al., 2024). The 

following literature reflects this framing, portraying human–AI collaboration as a division of labor 

that foregrounds the pragmatic allocation of tasks between humans and machines and is seen as 

complementary yet hierarchical. These insights provide a useful conceptual backdrop for 
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understanding how ASR systems are configured within clinical settings and not as autonomous 

“collaborators,” but as tools embedded in hierarchical arrangements of labor. 

 

As AI systems gain access to increasingly rich data streams, research suggests that their analytical 

capabilities are becoming powerful complements to human cognition (Holstein et al., 2023; Mogili, 

2025). In clinical decision support systems, for instance, AI recognition systems is often deployed 

to flag potential abnormalities or deviations that might otherwise escape human attention (Rong et 

al., 2024; Terriza et al., 2022; Ulloa et al., 2022). In their foundational paper, Cai et al. (2019) 

reframed human–AI collaboration in healthcare through a HCI and CSCW approach, 

conceptualizing it as a form of teamwork between clinicians and AI systems. Their study 

emphasized the importance of onboarding and mental model alignment, highlighting that clinicians 

approach AI assistants similarly to human colleagues, seeking to understand their competencies and 

diagnostic perspectives prior to “collaboration.”  

 

Building on this groundwork, subsequent research has extended the metaphor of teamwork to 

examine how collaboration often involves a pragmatic division of labor between human and 

machine. Rather than symmetrical partnerships, these collaborations tend to position AI systems in 

supporting or subordinate roles within established clinical hierarchies. For instance, Yildirim et al. 

(2024) show how AI can function as a “junior” contributor, with clinicians retaining interpretive 

authority and shaping outcomes through iterative feedback. Similarly, Bossen and Pine (2023) 

describe how human medical scribes deploy AI to suggest International Classification of Diseases 

codes, framing the technology as a “Robin” to the human clinician’s “Batman.” This dynamic 

illustrates a functional delegation of tasks, where AI handles structured, repetitive work, while 

humans retain oversight and decision making. 

 

Beyond healthcare, context-sensitive generative language models in the discourse on human–AI 

collaboration has moved further toward imagining AI as a genuine teammate capable of engaging in 

joint problem-solving with humans (Malone, 2018; Seeber et al., 2020). These strands of literature 

suggest that while HCI and CSCW provide the conceptual foundations for understanding human–

technology interaction as situated and cooperative, contemporary debates extend this trajectory by 

asking whether and how AI should be considered a teammate. 

 

This shift reflects a broader reorientation in how collaborative dynamics are understood within 

high-stakes, technical environments such as computer science and digital health. Although the 

explicit framing of AI as a collaborator only gained traction in the 2010s, its conceptual roots can be 

traced to early computer science research where AI was designed to simulate cooperative behavior 

in controlled contexts (e.g., Niehaus & Weyhrauch, 2011; Rosenthal & Velose, 2010). A particularly 

illustrative example is Zhang et al.’s (2021) study, which explored user perceptions of AI as a 

teammate in gaming environments. Their findings underscore a critical insight: effective 

collaboration with AI depends not only on its technical competence but also on its capacity to 

communicate shared understanding and intentions—qualities long considered hallmarks of effective 

human teammates. 
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These insights resonate strongly with research emerging from CSCW in the healthcare domain, 

where the integration of AI into clinical workflows raises parallel concerns. Here too, researchers 

have emphasized that successful human–AI collaboration hinges on more than functional accuracy. 

It involves trust, transparency, and how AI systems shape, and are shaped by, the values, 

expectations, and invisible labor of diverse stakeholders (S. Y. Park et al., 2019; D. Wang et al., 

2020). As noted by Park et al. (2019), the CSCW literature brings to the fore how human–AI 

collaboration in healthcare must support shared decision making and make both human and 

machine contributions visible: further reinforcing the need for AI to engage not only as a tool but 

also as a collaborator. 

 

Framing AI as a team member repositions it not merely as a technological tool but rather as an 

active collaborator engaged in the pursuit of shared clinical objectives (Lai et al., 2021; Rahman et 

al., 2024). However, such conceptualizations often embody a technocentric orientation, privileging 

computational efficiency and system performance over the social, organizational, and epistemic 

dimensions of clinical work. This perspective tends to cast clinicians as passive end-users or 

“consumers” whose primary role is to trust and adopt these systems without disruption or resistance 

(Wieczorek et al., 2025). In doing so, it risks obscuring the situated complexity of clinical decision 

making, which is inherently contextual, relational, and embedded in professional judgment and 

institutional routines.  

 

As Kraus et al. (2023) observe, “we are still far from achieving an AI that is not only able to solve 

specific tasks but could also socialize and form a personal bond with its user to build an effective 

team” (p. 38). This critique challenges the prevalent metaphor of “teaming” with AI, which risks 

obscuring the profound asymmetries in agency and accountability between humans and machines. 

While AI systems may offer valuable insights or time-efficient analyses within clinical 

documentation, they do not hold responsibility for clinical decisions or outcomes (e.g., Bossen & 

Pine, 2023; Rotenstein et al., 2023). Despite popular and institutional discourses that suggest forms 

of shared agency between humans and AI, it is important to emphasize that accountability remains 

exclusively with human actors. In this dissertation, I treat AI systems as tools without contextual 

reasoning, meaning they cannot interpret clinical situations in ways that account for nuance, 

uncertainty, or ethical judgment. Building on this critical perspective, the following section turns to 

scholarship that conceptualizes human–AI collaboration not as equal partnership, but as a form of 

entanglement, where responsibilities, actions, and outcomes are co-shaped, yet unevenly 

distributed. 

 

The above discussions illustrate how framing human–AI interaction as a form of collaboration can 

obscure the asymmetries that characterize these relationships in practice. There is a risk of 

overstating the agency of AI systems while underplaying the ongoing, often invisible, human work 

required to sustain their functionality. While Article 1–4 demonstrate that clinicians remain 

responsible not only for interpreting and correcting AI outputs, but also for absorbing system 
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fragilities and maintaining alignment with clinical norms and institutional expectations. For this 

reason, I approach the term human–AI collaboration with a degree of caution. 

Human–AI Collaboration as Entanglement 

This section presents current discussions that conceptualize human–AI collaboration as an 

entangled, relational, and situated process. Rather than treating collaboration as a clear task 

allocation or a question of system performance, these studies emphasize how AI systems become 

part of complex socio-technical arrangements. They reconfigure professional roles, redistribute 

responsibilities, and generate new forms of invisible labor. This perspective understands 

collaboration not as a moment of interaction, but as something that unfolds across institutional 

routines. This dissertation builds on and extends this entangled perspective on human–AI 

collaboration.  

 

Recent scholarship on human–AI collaboration has increasingly moved beyond technical 

performance metrics to investigate the relational and situated dimensions of AI in use. Rather than 

treating AI systems as discrete tools evaluated solely by accuracy or efficiency, a growing body of 

literature highlights the mutual shaping of humans, AI systems, and the environments in which they 

interact (Shen et al., 2024). The two previous discussions on human–AI collaboration were 

advanced within adjacent fields such as HCI, CSCW, organization studies, computer science, STS, 

and health technology studies, which documented the disconnects between formal system design 

and situated human practices. Following this development, CSCW concepts have been drawn into 

the center of these debates, especially as HCI researchers begin to integrate socio-technical 

perspectives originally developed within CSCW and the fields’ focus on human–machine 

configuration (Wilson et al., 2025; Zając et al., 2023).  

 

This shift highlights how AI is embedded and adapted by professionals within specific domains and 

underscores that successful integration of AI into professional practice depends not only on system 

design but also on how it aligns with existing routines needing empirical approaches (Kumar, 2024; 

D. S. Park et al., 2019). While studies of human–AI collaboration on the ground in healthcare are 

scarce, current studies suggest that even ostensibly human-centered AI systems may fail to support  

work if they do not adequately mesh with clinical workflows or account for institutional norms 

(Bossen & Pine, 2023), which paradoxically can lead to more work and even burnout for the people 

these systems were meant to ease the workloads (Fügener et al., 2021; Goodson et al., 2024; Yao et 

al., 2024). 

 

Van Voorst (2025) extends this perspective by critiquing the normative assumptions held by 

organizational decisionmakers. He observes that AI deployment is often guided by managerial 

imaginaries in which human workers are presumed to seamlessly correct or override algorithmic 

outputs. Such visions of effortless oversight obscure the complex, often messy work of integrating 

AI into existing systems and consequently destabilizes the automation–augmentation dichotomy, 

which frames AI as either replacing or supporting human labor. As scholars have noted, this binary 

fails to capture the dynamic and evolving nature of real-world AI use (Davenport, 2018; Jarrahi, 
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2018). Instead, researchers advocate for a more nuanced understanding that foregrounds the 

relational qualities of collaboration, where roles and responsibilities are in flux (Raisch & 

Krakowski, 2021). 

 

These scholars frame human–AI collaboration away from abstract, categorical assumptions about 

human vs. machine roles and toward empirical accounts observed in the real world. As Suchman 

(Suchman, 2007, p. 1) urged, this move reflects a broader conceptual migration “from categorical 

debates to empirical investigations of concrete practices” in which humans and machines act 

together, often in unpredictable, negotiated ways. Rather than viewing AI as a discrete actor that 

automates or supports work, current CSCW-informed perspectives foreground the entanglements 

through which human–AI collaboration emerges in practice (Griffen & Owens, 2024; D. Wang et 

al., 2020) 

 

Anchoring these insights, Grønsund and Aanestad, (2020) conceptualize human–AI collaboration as 

a site of reconfiguration: a process wherein professional boundaries are renegotiated, tasks 

redistributed, and accountability reshaped in response to evolving human–machine interaction. This 

study invites a departure from deterministic models of AI implementation, urging scholars and 

practitioners to attend to the lived realities of human–AI collaboration as context-dependent and 

temporary. In doing so, the study builds on and extends HITL models by incorporating socio-

technical approaches that emphasize the embeddedness of AI systems within broader organizational 

and infrastructural contexts.  

 

Early framings of HITL as a technical safeguard against algorithmic error have given way to more 

complex understandings that foreground how oversight is enacted through situated, emergent 

practices (Gross et al., 2019; Waibel et al., 2010). In this view, AI systems do not possess agency in 

themselves; instead, agency resides in the human actors decentralized upstream and downstream in 

the AI lifecycle. Grønsund and Aanestad (2020) contribute to this perspective by highlighting the 

auditing work performed by humans, capturing the continuous labor that shapes the functioning of 

AI. Although their focus is on HITL as an organizational process, where humans, institutional 

policies, and system development are central objects of study, they also contribute to debates on 

how human–AI collaboration involves AI augmentation or data augmentation (Grønsund & 

Aanestad, 2020; D. S. Park et al., 2019; Soleymanpour et al., 2024).  

 

This reciprocal interaction challenges dominant assumptions that frame augmentation as a one-

directional flow from human to machine. Instead, the above calls for a more integrated view in 

which human and AI capabilities develop in tandem. Such a perspective bridges currently divided 

discussions around augmentation and instead focuses on mutually beneficial arrangements to be 

designed. These arrangements reflect that, as human professionals become more proficient, they 

contribute to the development and refinement of AI systems over time, while increasingly capable 

AI systems can, in turn, support human learning through progressively adaptive knowledge 

scaffolding as data workers.  

 



 40 

Framing human–AI collaboration as entanglement, rather than as discrete interaction, offers a more 

CSCW-aligned approach to understanding AI in complex domains such as healthcare. As Park et al. 

(2019) highlight, AI systems reconfigure roles, introduce invisible labor, and must be made sense of 

in highly situated and organizationally embedded ways. This perspective shifts attention beyond 

questions of system performance and toward accountability and the collaborative efforts required to 

make human–AI interaction “work”–hallmarks of CSCW research. It also emphasizes that human–

AI collaboration is not confined to the moment of interaction but unfolds across the entire AI 

lifecycle, from data entry to system interpretation. As Harper and Randall put it,  

 

CSCW researchers might look at the way in which data is entered into machine 

learning systems and at how users make sense of system outputs. These are, in a 

sense, sides of the same coin. Questions which have to do with how one represents 

data outputs in such a way that they are made understandable are relevant to how data 

is engineered prior to being used in learning just as they are with what derives from 

learning–what comes out. 

(Harper & Randall, 2024, p. 130) 

 

This view underscores the reciprocal, embedded nature of human–AI collaboration and affirms the 

value of CSCW’s empirical and infrastructural sensibilities in shaping systems supporting work. In 

light of the literature reviewed in this section, it becomes clear that to extend knowledge on human–

AI collaboration as to better support entangled cooperative work, requires close empirical attention 

to how these systems are configured in practice. This dissertation takes up that necessity through 

ethnographically informed fieldwork to which all articles build on formed by the three lenses 

clarified in the following section. 
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Conceptual Orientation 
Throughout this dissertation, I adopt a socio-technical conceptual orientation to examine human–AI 

collaboration as an entangled process, drawing on the concepts of data work, augmentation work, 

and repair work as three key lenses. These concepts enable an analysis that goes beyond technical 

system performance to attend to the situated, relational labor clinicians perform in their everyday 

engagement with ASR systems. I draw on data work to examine the often-invisible human efforts 

behind the production, interpretation, and maintenance of clinical data. By foregrounding how data 

are always situated and negotiated, this lens highlights the active role of professionals in shaping 

how information becomes institutionally meaningful. To deepen this perspective, I draw on the 

concept of augmentation work to examine how professionals act not as passive end-users but as 

accountable and continually auditing and negotiating AI-generated output. This framing brings into 

focus the articulation work required to make AI systems operational in clinical documentation 

practice within regulatory and clinical expectations, keeping HITL. Further, I incorporate the 

concept of repair work to draw attention to the fragility and temporariness of human–AI 

collaboration, offering an entrance point into AI maintenance required to sustain AI integration in 

real-world clinical settings. 

Data Work in Clinical Documentation 

In article 1–3, I build on the concept of data work as defined by Bossen et al. (2019, p. 466) as “any 

human activity related to creating, collecting, managing, curating, analyzing, interpreting, and 

communicating data.” This first lens out of three builds on a recognition that, despite widespread 

narratives of automation and efficiency, data continue to require sustained and situated human effort 

(Hoeyer, 2023). Particularly within healthcare, data are not a passive byproduct of clinical practice 

but they must be continuously created, curated, and rendered meaningful across multiple contexts of 

use. 

 

As AI becomes embedded in everyday medical practice—from diagnostics and decision support to 

research and clinical documentation—the scope and complexity of this labor intensify. Data work 

forms the invisible yet indispensable infrastructure that enables data to be used and reused across 

organizational, professional, and technological boundaries. This approach foregrounds how data are 

not only extracted from clinical practice but also actively made through routines, judgments, and 

negotiations involving multiple human actors. Rather than viewing data as static or inherently 

reusable, the concept of data work draws attention to the relational and contextual processes 

through which data gains meaning and value. As Pine et al. (2016) argue, data deemed “good 

enough” for one purpose may become newly inadequate under different regimes of accountability, 

requiring new layers of labor, training, and infrastructural coordination. 

 

By emphasizing the labor involved in ensuring data as usable and reusable, this theoretical 

perspective builds on and extends prior work on the reuse of health data (e.g., Berg, 1999; Geoffrey 

C. Bowker, 2005). It shifts the focus from data as a neutral input for AI to the socially and 

institutionally embedded practices that make data legible and operational across diverse settings. 



 42 

While much of the current literature on the consequences and opportunities of data work 

empirically highlights the increasing and “spectacular” emergence of new professional 

responsibilities2 (Jarke & Büchner, 2024). This emphasis, although important, can overshadow the 

more mundane, routine data work performed by existing healthcare workers as a significant portion 

of data work is not performed by new, specialized roles but rather by healthcare professionals as 

part of their everyday responsibilities (Bjørnstad & Ellingsen, 2019; Møller, Bossen, et al., 2020). 

 

However, data work often changes these professional roles due to increasing accountabilities in data 

annotation, validation, and correction (Cabitza et al., 2021; Cormi et al., 2022; Islind et al., 2021). 

As such, formal roles have absorbed new data-related responsibilities (Hoeyer, 2023; Langstrup, 

2019) , and these shifts sometimes challenge professional boundaries and alter core work identities. 

In this context, Hoeyer and Wadmann (2020) have pointed to a growing pressure to use data for 

performance metrics, and Bjørnstad and Ellingsen (2019) show how clinicians manually map free-

text data into structured forms, ensuring both semantic accuracy and data usability. Meanwhile, 

nurses are tasked with increasing volumes of data work, often leading to asynchronous, distributed 

collaboration (Calota et al., 2024; Grisot et al., 2019). Medical secretaries and administrative clerks 

are no longer just record keepers but also play active roles in validating, curating, and maintaining 

clinical data (Ellingsen et al., 2023; Knudsen & Bertelsen, 2023): documentation tasks that are 

currently being distributed to clinicians or AI systems and concern this dissertation.  

 

Clinical documentation is not merely a record-keeping exercise but a dynamic site of articulation 

work and accountability (Berg, 1999; Bjørnstad & Ellingsen, 2019; Heath & Luff, 1996), where 

human–AI collaboration introduces new tensions around these interpretive efforts. Tasks such as 

verifying AI-generated notes, correcting contextual errors, and ensuring narrative coherence 

constitute new forms of cognitive labor for clinicians. However, this added work can lead to 

frustration, particularly when it lacks visible impact in specific practices such as clinical 

documentation. As Møller et al. (2020) note, it is crucial to understand these practices to enable 

stakeholders to work “through the structuring of data in a way that is sensitive to practice and how 

the data was produced in the first place” (p. 3). As Article 5 points out, this becomes increasingly 

critical when considering data supporting smaller languages, such as Danish. 

 

In Article 1 – 3, I apply the concept of data work not only as a theoretical concept but also as an 

empirical entry point for examining how clinical documentation unfolds in the context of human–

AI collaboration. I value data work as a way to foreground the often-overlooked forms of labor 

involved and particularly those embedded in everyday clinical documentation routines. By focusing 

on data work, I critically examine how AI systems redistribute tasks and introduce new tensions 

within clinical settings. This perspective draws attention to the hybrid nature of documentation, 

where data is co-produced through the interplay of human expertise and algorithmic processes.  

 

 
2 Examples include roles such as data specialists (Bossen & Bertelsen, 2023; Pedersen & Bossen, 2024), medical 

scribes (Bossen, Chen et al., 2019), and clinical documentation integrity specialists (Bossen & Pine, 2023). 
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This approach is especially relevant given the historical marginalization of clerical labor, which 

tends to be obscured in both organizational practice and academic representation (Star & Strauss, 

1999). Tasks involving professional judgment and interpretation are often emphasized, while 

routine work such as documentation is backgrounded, even though both domains rely heavily on 

tacit knowledge and contribute to patient trajectories. As Matthiesen and Bjørn (2015) demonstrate, 

this knowledge also becomes embedded in systems, moving “with” the technology in the form of 

undocumented rules and informal workarounds known only to those maintaining or using the 

system. 

 

Thus, I use data work abductively in my analysis which I apply in Article 1–3. Empirically, I draw 

from observations of how professionals engage with AI-generated documentation, revealing how 

data work manifests on the ground. Analytically, I use data work as a sensitizing concept that helps 

guide my interpretation of clinical routines, tensions, and adaptations. This dual approach allows me 

to explore data work by way of socio-technical practices shaped by both local contexts and broader 

institutional dynamics. For instance, during fieldwork, I observed how medical secretaries assumed 

emergent, non-formal roles in the maintenance of AI systems, even though clinicians remained 

formally accountable for documentation in EHR.  

 

These secretaries often acted as informal intermediaries, drawing on tacit knowledge to ensure that 

documentation met both clinical and administrative standards. The concept of data work allows me 

to surface and analyze this form of labor, which stretches beyond traditional task boundaries into 

new algorithmic domains, yet remains underacknowledged within formal hierarchies of expertise. I 

now introduce the concept of entangled augmentation work to further unpack how such emergent 

roles make visible the often-invisible work sustaining human–AI collaboration. 

Augmentation Work Keeping Humans in The Loop 

This section introduces the concept of augmentation work as a central analytical lens for 

understanding human–AI collaboration in clinical documentation. Drawing from its conceptual 

roots in enhancing human capabilities rather than replacing them, the section traces how 

augmentation work has evolved from a theoretical ideal into a practical phenomenon observed in 

organizational settings. This section unpacks how augmentation work building on the socio-

technical turn in HCI involves not only real-time interaction with AI (e.g., corrections and 

feedback) but also broader organizational responsibilities that emerge as tasks shift across 

professional boundaries.  

 

The concept of augmentation work originates from envisioned computers not as replacements for 

human intelligence but as tools to extend and enhance human cognitive capacities (Engelbart 1965). 

In this early vision, augmentation involved developing interactive systems that allowed users to 

correct errors and adapt system behavior through continuous feedback and oversight. In 

contemporary contexts, particularly with AI systems are theorized as a mode of human–AI 

collaboration where algorithms assist, rather than replace, human actors (Davenport, 2018; von 

Krogh, 2018).  
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Beyond its conceptual roots, augmentation work is increasingly treated as an empirical phenomenon 

manifesting in human work that arise as organizations adopt AI systems (Bailey & Barley, 2020; 

Grønsund & Aanestad, 2020). To empirically study humans augmenting AI involves tracing 

emerging feedback loops between humans and AI systems. Building on this, human oversight must 

be institutionalized and structured, moving beyond discretionary individual interventions toward 

accountability frameworks that bind AI to organizational values and constraints (Magyari & 

Secomandi, 2023). Such process of infrastructural alignment and accountability, in which design 

choices and institutional priorities determine how AI is integrated, where even partial or imperfect 

AI outputs can be useful when humans are equipped to interpret and correct them, rather than 

simply defer to them (Yildirim et al., 2024). 

 

I situate augmentation in clinical work through AI systems that support structured documentation by 

generating outputs which healthcare professionals must then audit (oversee and correct) and 

validate. This process highlights not only the interactive affordances of AI tools, but also the central 

role of human practices that both depend on and actively improve system performance (Cabrera et 

al., 2023; M. K. Lee & Rich, 2021; Yildirim et al., 2024). In this context, AI supporting work goes 

beyond simply enhancing documentation efficiency as it emerges as a situated, ongoing process 

involving continuous human oversight and correction. Since this dissertation places human–AI 

collaboration as embedded within organizational accountability structures, clinical documentation is 

framed as part of a dynamic health infrastructure. Here, the integration of AI reconfigures 

professional roles and responsibilities, especially around the critical task of auditing and 

maintaining AI-generated outputs. 

 

This way of seeing augmentation work as socio-technical, thus, encompasses social, technical, and 

organizational aspects of work, which, as highlighted by Schmidt and Bannon (1992), must 

emphasize adaptability over rigid task automation. Therefore, I adopt the socio-technical approach 

to augmentation work as presented by Grønsund and Aanestad (2020), who point to how HITL has 

gained prominence in studies of AI implementation, particularly as a way to locate human–AI 

collaboration. HITL offers a partial account of what it takes to make such configurations work in 

practice and is useful for analyzing how task boundaries shift and new roles emerge (e.g., auditing 

or “training” algorithms) by attending to feedback loops of interaction (those that can be modeled 

into technical systems). However, as Article 1 finds, auditing alone does not fully capture how 

augmentation work is sustained on the ground, to which I attend to the coordination that supports 

these systems in specialized workflows. 

 

To better grasp these conditions, I turn to the concept of articulation work (Strauss, 1988) 

emphasizing how collaborative routines are held together in everyday clinical settings in which 

augmentation work is situated. Articulation work is the work that makes other work possible. As 

Star and Strauss, (1999) note, the distinction between visible and invisible labor is not binary but 

dialectical, and what becomes visible in formal systems is always supported by a layer of often-

unseen articulation work. The organization of work does not emerge spontaneously; it is actively 
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constructed and maintained by individuals operating within these systems. In healthcare, such work 

includes the informal planning, troubleshooting, negotiation, and communication that professionals 

engage in to ensure the continuity of care; activities often relegated to the background but 

nonetheless essential. Studies of clinical administration in Denmark (Bossen et al., 2014; Møller & 

Vikkelsø, 2012) demonstrate that even routine documentation work involves complex and locally 

situated responsibilities, typically performed by secretarial staff. When clinicians assume these 

responsibilities (especially under AI-supported systems), their labor risks little acknowledgement, 

precisely because it sits outside established professional hierarchies (Suchman, 1996). 

 

By integrating the concepts of HITL and articulation work, when understanding augmentation work 

carried out on the ground, I aim to account for the hidden but crucial forms of labor that sustain 

human–AI collaboration in clinical documentation: the visible reconfigurations needed for AI 

auditing (part of augmentation work) but also the fragile, negotiated alignments that make 

augmentation work feasible in real-world practice. Through this approach, I treat augmentation of 

AI as theoretical concept, explored empirically through clinical documentation practices involving 

HITL and articulation work. While augmentation is theoretically understood as the complementarity 

between human and machine capabilities (e.g., von Krogh, 2018), I do not assume its presence or 

form in advance but as possible, evolving situated accomplishments.  

 

As an example, my use of augmentation work as related to articulation work shows in Article 2 that 

while parts of documentation are delegated to AI systems, clinicians have taken on unintended tasks 

such as reserving rooms or coordinating future steps in care trajectories and responsibilities that are 

still formally handled by medical secretaries. While this shift may suggest a redistribution of labor 

across professional boundaries, it does not necessarily lead to an organizational recognition or 

status. Instead, it reinforces that professional visibility and authority are less tied to the substance of 

the work itself and more to the institutional structures that define whose work is seen and valued. 

Furthermore, Article 1 shows how the integration of AI into clinical documentation practices is 

introducing augmentation work as part of clinical documentation which consequently requires 

enhanced articulation work between healthcare professionals. This refers to the labor required to 

supervise and maintain algorithmic systems in everyday clinical routines as well as integrating them 

into these routines.  

Repair Work in AI Maintenance 

I use repair work as conceptual lens for understanding the everyday labor that sustains systems. 

Rather than viewing breakdown or malfunction such as bugs or glitches as exceptional or peripheral 

events, the notion of repair repositions such disruptions as central and generative elements within 

infrastructure and as an ongoing constitution of meaning and action. Building on Jackson (2014; 

2012), repair work in this dissertation is theorized as the situated, materially grounded, and often 

invisible set of practices through which systems are maintained and adapted in the face of 

breakdown or incompleteness. It encompasses both the human labor of physical or digital 

troubleshooting and the cognitive and interpretive work required to restore or reconfigure normative 
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functionality. Importantly, repair is not merely reactive. It is a forward-looking, improvisational 

activity that draws on tacit knowledge often under conditions of uncertainty or constraint. 

 

Theoretically, repair defies sharp boundaries between humans and technologies, designers and 

users, or formal and non-formal domains. It instead operates within “broken world thinking” as the 

social and material assemblages that coalesce around the activity of keeping things working 

(Jackson, 2014) and constitute a way of knowing and engaging with systems from the bottom-up 

experiences of tensions, failure, and fixing. In Article 3–4, I use broken world thinking as a 

temporal reorientation to human–AI collaboration. Where much of innovation discourse in 

automating clinical documentation by way of implementing AI is oriented toward novelty and 

efficiency, as these Articles illustrate, rather than treating technological progress as linear, repair 

highlights the negotiated temporality of technology, emphasizing that systems endure not because 

they are flawless but because they are continually maintained, placing system decay as an object of 

negotiation (Cohn, 2016). 

 

Situating repair work as a lens to research human–AI collaboration, negotiations of repair are 

present and ongoing upstream and downstream in data lifecycles. Because AI systems are 

embedded in human decision making, their performance depends not only on algorithmic accuracy 

but also on how they interact with developing knowledge work in practice (Fazelpour & De-

Arteaga, 2022). Failure to keep data sources updated and contextually relevant leads to downstream 

breakdowns, such as the erosion of legitimacy and usability within the systems and the institutions 

that rely on them (Sambasivan et al., 2021). Moreover, data work often neglects results in the 

burden of compensating for system deficiencies being shifted onto already overstretched healthcare 

professionals who must navigate incorrect data and system outputs (Bossen & Pine, 2023; K. Pine 

et al., 2022). 

 

As shown in Article 3, human–AI collaboration exposes how responsibility for system upkeep and 

validation is distributed across roles while often drawing on tacit knowledge to interpret data 

outside system encoded logics. Furthermore, it lacks in upstream maintenance. This spatial and 

functional separation between the “back-end” (support) and “front-end” (clinical use) creates a 

disconnect in practical experience and tacit knowledge. Those who support the technology from a 

distance may not fully understand how the system behaves in specific clinical situations or how its 

suggestions are interpreted and adjusted by end-users. In this case, I used repair work to address 

non-formal AI augmentation work conducted by clinicians during time allocated to patient 

examination in wards and at day clinics. Following this, Article 4 points to the time spent on AI 

maintenance increase when decay is negotiated. 

 

Together, the concepts of data work, augmentation work, and repair work form a socio-technical 

framework that underpins this dissertation’s approach to studying human–AI collaboration. These 

lenses have allowed me to examine how the integration of AI systems like ASR reshapes 

professional roles, introduces new responsibilities, and requires ongoing coordination and 

maintenance within clinical documentation practices. By attending to the relational, situated, and 
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often invisible forms of labor involved in sustaining these systems, the conceptual orientation 

outlined above provides the analytical scaffolding for understanding the complexities of AI use in 

healthcare. In the following section, I turn to the empirical methods employed in this dissertation to 

explore how these forms of work unfold in practice. 
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Methods 
This section clarifies the methodological framework of this thesis. Drawing from ethnographic and 

CSCW traditions, the methods I employed were shaped by the need to stay close to the situated 

realities of technology in use and adapt to shifting field conditions, emerging themes, and 

infrastructural complexities. The empirical focus is on human–AI collaboration in clinical 

documentation, where AI technologies such as ASR systems are not only applied but also sustained 

and reconfigured through everyday work practices. The study addresses the situated and evolving 

nature of technologies-in-use in institutional healthcare contexts. 

 

The research was conducted through two temporally distinct phases of fieldwork at a regional 

hospital in Denmark. This division of fieldwork was primarily due to practical and external 

constraints, including scheduling complexities and the COVID-19 pandemic. Despite this break, 

both phases engaged the same department and many of the same participants for the second phase 

to re-engage with the first phase (Bjørn & Boulus-Rødje, 2015; G. Lee et al., 2025). I began 

inductively, guided by grounded insights emerging from observations, interviews, and situational 

mappings. As themes developed and recurring patterns were identified, the process shifted toward 

an abductive approach (Timmermans & Tavory, 2012), wherein empirical data were re-examined in 

light of sensitizing theoretical concepts.  

 

This method section begins by unpacking the empirical setting to provide the contextual 

background that shaped the research and subsequent data collection. From there, I situate myself in 

the field before outlining the analytical steps taken. I describe the multi-method ethnographic 

strategies employed, specifying how different methods were used to follow people, data, 

technologies, and institutional structures. The section on data sampling explains how participants 

were identified by tracing the flow of work and information. I conclude by discussing reflexivity 

and outlining the ethical considerations that informed the research. Taken together, these sections 

provide a comprehensive account of how the study was conducted—from entering the field and 

collecting data to analyzing and interpreting it. 

 

Empirical Setting 

This dissertation is grounded in an ethnographic field study conducted at a large public hospital in 

Denmark, which employs over 5,000 staff and serves as a major regional healthcare provider. 

Fieldwork was conducted in the orthopedic department, a busy clinical unit responsible for 

diagnosing and treating musculoskeletal conditions, including fractures and joint replacements. At 

the time of fieldwork, the department comprised chief clinicians (n = 18), department clinicians (n = 

17), physiotherapists (n = 3), substituting clinicians (n = 10), and researchers (n = 4). Additionally, 

the department included a chief nurse (n = 1), nurses (n = 25), social and health care assistants (n = 

5), an additional chief clinician (n = 1), and medical secretaries (n = 20), who were organized into 

teams supporting wards and outpatient clinics separately. The department also had a chief medical 

secretary (n = 1) overseeing the secretarial teams. 
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I conducted observations in both the inpatient wards and outpatient clinic and performed interviews 

with clinicians, medical secretaries, the department’s chief secretary, IT professionals associated 

with the department, the hospital’s IT manager and service manager, the department’s chief nurse, 

and external vendors of the ASR system. As part of the fieldwork, I also shadowed chief clinicians 

(n = 3), following their daily workflows from morning meetings at 7 a.m., through ward rounds, and 

concluding with outpatient consultations around 7 p.m. All three clinicians were required to use an 

ASR system as part of their clinical documentation practices, and their engagement with this 

technology forms a central empirical focus of the dissertation. 

 

At the time of fieldwork, ASR had been in active use in the department for over seven years and 

was part of a wider regional strategy to expand the technology to additional hospital departments 

over the following four to five years. Access to the field was negotiated through a series of email 

exchanges with both the hospital’s IT department and departmental management. Initial entry was 

facilitated by a set of open-format introductory interviews (see Appendix A), designed to explore 

how ASR was understood, discussed, and implemented within the organization. These early 

conversations helped establish the orthopedic department as a relevant site for studying the 

everyday realities of human–AI collaboration in clinical documentation. 

 

Previously, clinicians at the department dictated clinical notes using handheld devices, and medical 

secretaries transcribed them in EHR. Secretaries also managed referrals, scheduling, and discharge 

summaries. However, transcription delays, especially outside working hours, often impeded timely 

documentation. With ASR, clinicians dictated directly into the EHR, with speech converted to text 

in real time. They were responsible for reviewing and correcting errors, generating annotations by 

labeling data that were reviewed by medical secretaries. These validated data were forwarded to 

system vendors to improve and alter the language model.  

Documentation Workflows at Wards and Outpatient Clinics 

While ASR was informally regarded as mandatory for clinical documentation, its uptake varied 

across gendered and generational lines. Notably, several female clinicians deliberately avoided 

using ASR, despite its perceived obligatory status. As one clinician explained, “management would 

talk in capital letters” if you did not use it, suggesting disciplinary pressure for non-compliance. In 

contrast, senior male clinicians, often described as “older” and “slow typers,” were more likely to 

adopt ASR. My presence as an observer may have influenced these dynamics, potentially serving as 

a silent prompt for participants to make visible, but otherwise muted, forms of dissent or 

negotiation. 

 

Clinicians in this department were accustomed to being observed, as the clinical environment 

regularly included medical students, interns, and other healthcare professionals. It was also standard 

for newly hired clinicians to shadow senior colleagues—a dynamic that aligned with my decision to 

focus on experienced practitioners. These were the clinicians for whom the use of ASR was most 

strongly expected. By centering my observations on this group, I foregrounded the temporalities of 

adaptation tied to institutional authority and routine, while potentially overlooking the more 
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experimental and resistant practices emerging among newer staff who primarily relied on keyboard 

input, having never been trained to dictate. 

 

The material organization of documentation spaces further shaped the use of ASR. In the orthopedic 

ward, clinicians typically used “computers on wheels” to access and input into the EHR, often 

documenting in hallways or at the patient’s bedside. For ASR use, they spoke into a microphone 

attached to these mobile units, enabling real-time transcription through embedded EHR subsystems. 

ASR usage also occurred in shared offices, as depicted in Image 1. However, in outpatient clinics, 

documentation was limited to stationary desktop computers located in private consultation rooms, 

which constrained the spatial flexibility of ASR use. These spatial and technological configurations 

provided important context for understanding how ASR was differentially adopted in everyday 

clinical practice. 

 

Image 1 – From left: ASR used in hallway, shared office, and at patient’s bedside 

 

Some clinicians chose to dictate using ASR in front of the patient, enabling the patient to follow 

what was being added to their record in real time. This use marked a shift in documentation 

practice: from something traditionally hidden or delayed to a more open and immediate process. 

Patients, who might otherwise only have gained access to their notes days later, were instead able to 

listen in, ask questions, and engage with their records as they were being produced. The use also 

benefited other professionals involved in care coordination, who relied on timely documentation to 

plan the next steps in the patient’s trajectory. 

 

Vignette: ASR at the Bedside 

Early in my fieldwork, clinicians often used ASR during patient consultations. 

Speaking notes aloud not only streamlined documentation but also invited patients and 

their relatives into the process, fostering transparency. However, even then, some 

avoided dictating in noisy rooms or when privacy was limited, choosing instead to 
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complete notes in the hallway. By the second phase of my fieldwork, ASR had nearly 

disappeared from patient rooms and shared spaces. Clinicians explained the shift 

quietly; correcting ASR errors aloud felt awkward, even unprofessional, especially 

with others listening. What had once encouraged openness was now seen as exposing 

too much. 

 

As explored in more depth in Article 4, this shift was closely tied to technical issues. The ASR 

system was due for replacement, and many repair and maintenance tasks had been deprioritized, 

which degraded the performance of the system and, in turn, reduced its everyday usability for 

clinicians. 

 

Vignette: ASR Use in the Outpatient Clinic 

In the quiet of the outpatient clinic, consultations unfold behind closed doors—just the 

clinician and the patient, sometimes joined by a relative. Technically, nothing prevents 

the clinician from dictating the clinical note aloud using ASR while the patient is still 

present, overhearing their own record being composed. However, in all my time 

observing, this never happened. Instead, clinicians always waited. Only after the 

patient had left, leaving the room silent save for my presence, would they begin 

speaking into the microphone. Documentation was something to be done in solitude. 

When a patient missed an appointment or arrived late—a not uncommon occurrence 

in the day clinic—clinicians seized the gap to return calls, answer emails, or catch up 

on notes. However, when the schedule ran as planned, these small windows vanished. 

All administrative tasks, including correcting ASR errors, had to be squeezed into the 

slivers of time between patients, always after the encounter, never during it. 

 

This routine subtly shifts the nature of documentation. While ASR enables real-time notetaking, the 

social and professional context of clinical documentation still favors private dictation, even when 

time pressures leave little room for administrative tasks. In this way, time and visibility constraints 

shape the actual use of ASR, regardless of its technical affordances. The implementation of ASR in 

the hospital was driven by a regional strategy to achieve real-time clinical documentation and 

reduce administrative costs. Cost–benefit analyses framed ASR as a means to lessen reliance on 

medical secretaries. Hospital management viewed ASR as a mature, ready-to-operate technology, 

and challenges were understood as operational rather than technical. This belief shaped the 

implementation strategy, which included formal mandates and departmental oversight by way of 

performance metrics tied to transcription accuracy (above 95%). Since ASR replaces the human 

transcription of dictation, the system is set up much like a dictaphone: it is designed to translate 

speech into text in a way that mirrors traditional dictation practices.  
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Some Technical Details on Automatic Speech Recognition  

The system in use was SpeechMagic 8, distributed by Omilon (formerly Max Manus) and 

implemented as part of a regional digitization strategy. The system utilized a Danish-language 

package developed by Nuance, incorporating LLM components tailored for clinical use. The ASR 

was built on a hidden markov model framework designed to predict probable terms based on 

preceding text within a clinical note. Its rule-based methods and expert-defined heuristics ensured 

standardized spelling and medical terminology, contributing to more consistent documentation. In 

this thesis, ASR is treated as a traditional AI system, based on rule-based and statistical methods 

rather than modern generative models (D. Wang et al., 2021). This distinction matters analytically, 

as the system’s effectiveness depends on continuous human data labeling augmenting the AI that are 

central themes to this study. Due to data privacy regulations, all ASR data were stored locally on 

hospital servers, a constraint that limited the capacity of the language models (Chiang, 2023). This 

limitation required continuous data labeling and iterative model training to improve recognition 

accuracy and adapt the system to Danish medical vocabulary and phonetic nuances (Lybarger et al., 

2018; Ragni & Gales, 2018). 

 

Epistemological and Ontological Positioning 

In introducing ASR as a central technological component within the empirical site of this research, 

it is essential to clarify how technology is situated within my broader ethnographic and analytical 

orientation. ASR is not approached as a neutral, invisible tool simply enabling or mediating work. 

Instead, it is treated as a dynamic and contingent actor, an active participant in the situated practices 

and negotiations that shape clinical documentation. Understanding ASR in this way is critical if I 

am to take seriously how technologies are entangled with work practices. 

 

This perspective reflects a broader view of the world, not as made up of stable, independent entities 

but as shaped by ongoing, interconnected relationships. I reject technological determinism, which 

assumes technologies have fixed effects, and instead adopt a relational ontology. This means I do 

not define “human–AI collaboration” as something fixed or pre-given. Instead, I explore how such 

collaboration is created and maintained through collaborative workflows and how it is embedded in 

infrastructures and professional judgments. In this view, interactions between humans and systems 

such as ASR must be studied “on the ground” and in context, as they happen. Drawing on Bowker 

and Star (2000), I approach ASR not as a standalone system but as something that only makes sense 

within the broader infrastructure it is part of. Understanding this complexity requires more than just 

measuring inputs and outputs; it requires a way of thinking that sees knowledge as shaped by its 

context. 

 

To this end, I follow scholars such as (Jordan, 1996) in arguing that knowledge is not simply 

“discovered” but constructed through situated practice. Therefore, I do not treat clinical 

documentation or AI-supported collaboration as something that can be reduced to measurable 

effects. Instead, I examine how these practices unfold in real time and how meaning is produced 

through negotiations and interactions. As such, epistemologically, I adopt a situated view of 
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knowledge (Haraway, 1988; Rose, 1997). This means recognizing that all knowledge is partial and 

positional, shaped by the researcher’s involvement in the field rather than existing as an objective 

truth waiting to be discovered. My own presence in the clinical environment was not neutral; 

instead, it actively shaped what became visible and knowable.  

 

Rather than treating my presence as a limitation, I see it as a necessary condition of doing 

ethnographic work on socio-technical systems. This aligns with Star and Strauss’s (1999) critique of 

the so-called “view from nowhere,” which assumes that work and systems can be objectively 

observed and assessed from a distance. They argue that what is seen—and what is rendered 

invisible—depends on the social and institutional position of the observer. By foregrounding the 

situatedness of observation, I understand human–AI collaboration not as something designed in 

advance but as something accomplished through practice. This leads me to reject the idea of clear 

boundaries between categories such as “humans,” “technologies,” or “tasks.” Instead, I take a 

relational view, where these elements emerge together through socio-technical practices (Suchman, 

2002).  

 

Ontologically, I align with socio-technical and relational traditions that reject static or essentialist 

distinctions between humans, technologies, and tasks. Rather than treating these as separate entities, 

I understand them as mutually constituted through practice. In this view, technologies such as ASR 

are not passive tools but active participants in the ongoing negotiation of clinical work. I also reject 

the idea of the “field” as a fixed or bounded location. Clinical environments are not isolated or self-

contained; they are infrastructurally distributed and shaped by relations that stretch across time, 

space, and organizational levels (Crabtree & Mortier, 2015). Accordingly, the field must be seen as 

an emergent network of people, systems, practices, and institutional logics, rather than a static site 

of observation. This ontological commitment calls for methodological approaches that can trace 

such entanglements. Ethnography, in this context, is not simply about observing what is already 

there but is a relational and responsive form of inquiry that stays close to the situated dynamics of 

practice. It allows the field to “push back” against analytical assumptions and reveals the messy, 

contingent, and negotiated nature of human–AI collaboration (Bentley et al., 1992; Heath & Luff, 

1992). 

 

Analytical Steps 

The following account traces how my analytic approach developed in response to the complexity of 

the clinical, empirical setting. Rather than following a fixed path, my analysis emerged iteratively, 

grounded in ethnographic engagement and shaped by what surfaced as consequential in practice. 

Analytical choices, from situational mapping to thematic coding, were not applied as neutral 

techniques but as ways of staying close to the unfolding socio-technical dynamics of the field.  

Field Entry 

I began my fieldwork with an ethnographic approach that aimed to let local meanings, tensions, and 

collaborative practices surface through situated engagement with the everyday work of the clinical 

site. My decision to work inductively was rooted in the recognition that real-world settings in 
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healthcare are not easily structured into stable variables or experimental conditions (Fitzpatrick & 

Ellingsen, 2013). As Jordan (1996) aptly put it, “in most situations of interest in CSCW and 

workplace research, we are dealing with very messy, dynamic situations that can’t be held constant. 

Trustworthy theories and well-defined variables are hard to pin down” (p. 20). In such a context, 

traditional input–output models or technology impact assessments risk oversimplifying the very 

processes we seek to understand. To isolate the “contribution” of AI tools to documentation would 

be as reductive as trying to determine how much the steering wheel alone contributes to driving a 

car. It ignores the interdependence of components, actions, and conditions that make movement 

possible. Instead, my aim was to describe the process in an integrated way, attending to how 

documentation is collectively accomplished in practice. 

 

This commitment aligned well with traditions in workplace studies that emphasize participant 

observation, in-situ questioning, and fine-grained analysis of interaction (Heath & Luff, 2000; 

Randall et al., 2021). Entering the field, I treated the clinical site not as a fixed, pre-existing object 

to be discovered but as a dynamic setting that would emerge in relation to my own movements, 

questions, and shifting observational focus. As Blomberg and Karasti (2013) argue, “field sites are 

not waiting for the researcher to ‘discover’ them, rather the fieldworker thoughtfully selects to 

follow artifacts, documents, or people” (p. 390). This approach guided my adaptive field 

orientation, in which analytic paths were shaped by what appeared salient or consequential to those 

involved in the work. For example, while I initially entered the field with an interest in how 

clinicians used ASR, I quickly found myself drawn into conversations and activities surrounding 

error correction and responsibility for technical failures that spanned clinicians, medical secretaries, 

IT staff, and even system vendors. Following these threads—or “strings,” as Bjørn and Østerlund 

(2014) describe them—meant tracing how documentation work traveled across roles, artifacts, 

infrastructures, and institutional mandates. This approach allowed me to stay responsive to the 

field’s complexity and attend to how human–AI collaboration was continuously being negotiated 

and reconfigured in practice. 

 

Data Collection 

Having outlined the analytical trajectory of this thesis, I now turn to the two distinct phases of 

fieldwork that formed its empirical foundation. This study adopted a multi-method ethnographic 

approach to investigate clinical documentation practices “in the wild” (Fiesler et al., 2019; Schmidt 

& Bannon, 1992), focusing on how socio-technical practices are enacted within real-world clinical 

environments. To capture this complexity, I employed a combination of ethnographically rooted 

methods, including participant observation (Lindsay, 2003), shadowing (Czarniawska, 2018), and 

various forms of interviewing: semi-structured (Jordan, 1996), group (Gawlik, 2018), and 

ethnographic interviews (Spradley, 2016). These methods were strategically triangulated (Gherardi, 

2019) to enhance interpretive depth. A key component of this triangulation involved systematically 

comparing participants’ verbal accounts with observed practices, particularly during moments of 

“breaching” (i.e., unexpected or breakdown events) that revealed the situated and tacit knowledge 

through which clinical documentation was collaboratively accomplished. 

 



 55 

Observational data were organized by setting, professional role, and material artifact, and described 

using principles of thick description (Baarts, 2015; Geertz, 1973) to convey the richness of local 

practice. The goal was not to generate generalizable themes but rather to understand how 

participants themselves made sense of documentation tasks and responded to evolving 

infrastructures in their situated contexts. The data collection was distributed across two longitudinal 

phases of fieldwork, spanning from 2020 to 2022. These phases involved sustained interaction with 

a diverse range of actors, including clinicians, medical secretaries, IT personnel, managers, and 

representatives from external vendor organizations. The following section provides a detailed 

account of each fieldwork phase. 

Phase 1 

Conducted in 2020, the first phase included semi-structured interviews with clinical professionals (n 

= 8), including one group interview (n = 3), medical secretaries (n = 3), management (n = 4), and IT 

staff (n = 2). Additionally, I conducted participatory observations totaling 45 hours over two weeks 

and accumulated 169 hours of observation over a three-month period. Three clinicians who 

regularly used the ASR system were shadowed, and external developers (n = 4), including two ASR 

project managers, were interviewed to understand the broader development context. Early 

observations and interviews were intentionally unstructured to stay inductive, lasting about 20 

minutes each to explore hospital workflows and identify emerging entry points, and the orthopedic 

department served as the primary field site. 

Phase 2 

Returning to the field in 2021–2022, I re-engaged with participants to deepen analysis, revisit 

unresolved questions, and examine new developments. This phase included shadowing the same 

three clinicians from Phase 1 (n = 3) for approximately 68 hours over four months as well as 

observing 220 ASR-generated notes. It also included new interviews with clinicians (n = 6), one 

medical secretary (n = 1), one IT staff member, one external developer, and two digital project 

managers from national agencies. One day of participant observation (5 hours) was conducted. 

Sampling 

To identify relevant participants and phenomena, I adopted a string-following approach inspired by 

Bjørn and Østerlund (2014), recognizing that clinical documentation practices (particularly those 

involving ASR systems) travel across individuals, artefacts, infrastructures, and institutional 

mandates. Rather than seeking fixed roles or formal structures, I followed the movement of work 

across contexts. Here, attention shifts with the string as it passes from hand to hand, revealing how 

responsibilities, boundaries, and meanings are negotiated and reconfigured in practice. My focus, 

then, was not on mapping stable systems but on tracing the evolving entanglements through which 

documentation and ASR systems reshape who does what, when, and with which consequences. This 

methodological stance reflects my broader conceptualization of human–AI collaboration as a form 

of entanglement, rather than as a simple division of labor between human and machine. Work is not 

neatly assigned or automated; rather, it is continually reassembled through situated interactions and 

institutional negotiations. 
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This approach was grounded in sustained participant observation, in line with Gherardi’s (2019) call 

to remain with unfolding configurations, especially those that are not immediately visible through 

job titles or official narratives. I followed strings in clinical documentation, including overlooked or 

informal practices. In doing so, I employed data work (Bossen et al., 2019) to foreground the 

invisible labor that renders clinical information actionable and institutionally legitimate. A 

particularly illustrative moment in this string-following journey occurred during an in-situ 

conversation with a hospital manager. Responding to clinicians’ ongoing frustrations with ASR 

malfunctions, the manager remarked offhandedly, “a new system is on its way.” Although 

seemingly routine, this comment led me to a follow-up interview with an IT manager, which 

revealed a critical infrastructural constraint: the hospital was awaiting the rollout of a new EHR 

system, and no replacement ASR system could be implemented until that occurred, a process 

expected to take several years. 

 

This insight reshaped my understanding of the evolving nature of repair. Rather than signaling 

successful automation or stability, the visible decline in ASR-related repair activities reflected a 

strategic deferral. Clinicians and support staff were effectively suspended in a state of 

infrastructural waiting, unable to disengage from the current system but also unable to meaningfully 

invest in fixing it. This realization, in turn, informed the trajectory into articles 2–4, where I 

explored the temporal and invisible dimensions of sustaining human–AI collaboration. Thus, a 

single empirical encounter catalyzed a shift in focus from visible breakdowns to the more subtle, 

durational tensions of technological persistence, allowing me to extend data work to encompass 

repair not as a discrete event but as an ongoing negotiation shaped by infrastructural and temporal 

constraints. 

Implications of Selection of Participants 

Clinicians, both frequent users of ASR and those who avoided it, formed the primary participant 

group in this thesis by way of shadowing (Czarniawska, 2018), as their interactions with the system 

revealed not only patterns of use but also tensions and breakdowns. While this caught attention 

using a focus on repair (Jackson et al., 2012), it quickly became clear that collaboration around ASR 

could not be understood through a single group’s practices. I observed how ASR systems were 

shaped through the joint activities of medical secretaries, IT staff, clinical managers, and software 

vendors, reflected in my inclusion of interviews and participant observation. These various 

professions played crucial roles in system training, error correction, and the allocation of 

responsibilities, making them indispensable to understanding technology as enacted across 

professional boundaries (e.g., Suchman, 1987). 

 

A more systematic incorporation of additional stakeholder groups, such as higher-level management 

or a more detailed examination of the mediation of material, could have strengthened the thesis. 

Incorporating additional case studies from other departments or hospitals would have further 

enhanced the depth and breadth of the findings as my empirical observation has little representation. 

I had previously initiated a comparative study between two hospitals, yet the wealth of empirical 

material generated from Phase 1 and 2 necessitated a focus on the findings within the available 

timeframe. This demarcation ensured that the research remained centered on the research question. 
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However, the preliminary findings from the second hospital have laid the groundwork for potential 

future research exploring its use of ASR. 

Situational Mapping 

While my initial approach to fieldwork was grounded in ethnography, I recognized the need for 

analytical strategies that could help me engage with the complexity and multiplicity of the clinical 

setting without reducing it to simplified categories or linear narratives. However, as my fieldwork 

unfolded, it became clear that the clinical environment was marked not only by intricate 

interactional practices but also by overlapping discourses, institutional policies, technological 

systems, and organizational logics. To make sense of this multi-layered and dynamic landscape, I 

turned to Clarke’s (2003) situational analysis, specifically her method of situational mapping.  

 

Clarke’s approach offers tools for systematically examining the heterogeneity of complex situations 

and allowed me to remain true to the inductive spirit of my ethnographic work while introducing a 

structured method for identifying the actors (both human and non-human) and dynamics at play in 

the situation of documentation. It helped me avoid over-reliance on a single explanatory frame, as 

socio-technical, and instead to chart how these elements combined and interacted within a particular 

clinical moment or trajectory. Situational mapping supported my attention to non-human actors 

such as AI systems, EHR, hardware, and even front-end and back-end designs but did not require 

me to finalize concepts early in the research process. Instead, it offered a way to trace emergent 

structures from the field and maintain a commitment to empirical accountability.  

 

This methodological layering enabled me to produce an analysis that was both rooted in the 

interactional detail of everyday clinical documentation and attentive to the wider organizational, 

technological, and political forces shaping that work. However, as seen in the Image 2 below, 

situational mapping can appear superficial or schematic, but for me as a researcher, the effect was 

the opposite: the process produced an increasingly complex and interconnected view of the field 

and introduced a form of analytical dispersion, a proliferation of themes that risked overwhelming 

the study’s analytic focus (Bjørn & Boulus-Rødje, 2015). To begin working through this dispersion 

and identify emergent areas of thematic coherence, I engaged in a preliminary content analysis 

using NVivo.3 This step did not replace inductive fieldwork but acted as a reflexive mechanism for 

exploring patterns across my collected data (McDonald et al., 2019a).  

 

 

 

 

 
3 Owing to an unexpected hardware failure, I permanently lost access to the NVivo project files that were initially used 

to manage and code the empirical data. Importantly, this loss occurred prior to the analysis of articles 1–4. Since my 

affiliation with the University of Copenhagen has ended, I no longer have access to the NVivo software or the 

institutional resources needed to attempt recovery. The loss of the physical device further prevents any reconstruction of 

the original coded dataset. While this presents a limitation, the analysis presented here remains grounded in fieldnotes, 

transcripts, and analytic memos that were securely preserved through alternative means. 
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Image 2 – Preliminary examples of mapping and content analysis in NVivo 

 

This initial content analysis helped narrow my focus to cross-cutting themes that appeared 

consistently across my empirical material, such as the negotiation of ASR, calibration, altering, 

monitoring, transparency, bias, and distributed accountability in documentation. However, these 

themes evolved continually as I followed localized strings of inquiry. At one point, I had identified 

more than 50 distinct themes, many of which differed significantly from those that had seemed 

central only a few weeks earlier. One example is the theme of error reporting, which expanded into 

numerous subcategories, such as IT monitoring, software issues, hardware failures, charging 

processes, communication with the IT department, telephone and working hours, weekend 

coverage, language barriers, professional boundaries, new areas of responsibility, communication 

artifacts, flexible record-keeping, use of IT in front of patients, time spent identifying errors, blind 

correction attempts, lack of IT knowledge, and contact with the help desk. 

 

These evolving themes were then carried forward into deeper rounds of analysis. They were still 

grounded in ethnographic material but with greater thematic direction. As the analytical field 

expanded, I found it necessary to begin involving selected theoretical perspectives to help orient the 

inquiry, provide conceptual traction, and narrow down the multiple paths opened by the mappings. 

These theoretical lenses were primarily grounded in CSCW research on data work and 

infrastructure and emerged as anchors that helped me navigate the ongoing messiness of the 

situation as it unfolded. 

 

From Situational Mapping to Thematic Coding 

The initial stages of my analysis were tightly interwoven with my fieldwork. Through situational 

mapping, I began by identifying and plotting the actors, discourses, and systems implicated in 

clinical documentation and its evolving relationship with automation. As is well-established in 

CSCW and infrastructure studies, breakdowns offer a valuable entry point into understanding 

otherwise invisible infrastructure (Star & Ruhleder, 1996). In my case, these breakdowns were often 

visible in moments of system failure, disrupted workflows, and user frustration. These instances 
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served as early analytical anchors, enabling me to turn the visible into productive lines of inquiry—

particularly around how continuity is sustained in the face of breakdowns, following Jackson’s 

(2012) framing of repair. 

 

One of the first themes to emerge was data work, which I developed in dialogue with literature on 

health infrastructures and the notion of the “quantified patient” (Bossen, 2019). Drawing on socio-

technical perspectives helped ensure that my analysis maintained a focus on how I observed ASR as 

enabling political decision-making to redistribute transcription in ways that were both subtle and 

profound. Rather than focusing solely on technology, I became increasingly interested in how it was 

enacted and how it came to reorganize surrounding actors.  

 

Although my analytical perspective was primarily grounded in CSCW, I found it methodologically 

productive to draw on Nicolini’s (2009) metaphor of “zooming in and out” when navigating the 

complex, multi-scalar nature of the field. Nicolini conceptualizes zooming in as the close, often 

micro-ethnographic engagement with the field, while zooming out involves repositioning the 

analytical gaze to trace connections between distributed actors and institutional logics. Inspired by 

Nicolini's invitation to analytically move between micro-level interactions and the broader 

organizational and infrastructural arrangements in which they are embedded, I closely followed 

clinicians’ documentation workflows, while also tracing the involvement of IT professionals, 

medical secretaires and the institutional logics that governed error handling, system maintenance, 

communication, and patient trajectories in reusing data input generated by clinicians’ use of ASR. In 

this process, my situational maps, initially conceived as static visualizations, became dynamic tools 

for navigating across different scales of practice: from interface-level interactions to organizational 

routines, governance structures, and infrastructural concerns and negotiations. 

 

Alongside this, I followed a compelling string regarding what happens to the data generated by 

clinicians when they correct ASR-generated input in the EHR. These corrections were not subtle, 

but they were often shouted across shared office spaces, accompanied by visible and vocal 

frustration, sometimes unaware of my presence. These emotional expressions of breakdown were 

not only ethnographic data points but also indicators of friction points in the system and reflected 

continuums (see table 2). 

 

 

Table 2 – Example of continuums observed by thematic coding  

 

Thematic codes were developed iteratively, capturing how organizational constraints, workflow 

interruptions, professional boundaries, and distributed forms of accountability shaped everyday 

clinical documentation. One expansive theme was reactions to ASR transparency and trust, which 

eventually included over 20 codes, such as uncertainty, explainability, correction, testing, 

Documentation work   Auditing Work 

AI Capabilities   Altering Work 

Clinical Accountability   Articulation Work 
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calibration, avoidance, tinkering, and workarounds. This coding happened alongside interviews, 

many of which were conducted “on the run” to ensure my interpretations were not merely gut 

feelings but could be compared against the participants’ own accounts and cross-validating 

emerging codes (Crabtree et al., 2012; Emerson et al., 2011). I do not claim to have reached 

saturation in the traditional sense but instead acknowledge that the themes identified during the first 

field phase provided analytical coherence and grounded direction for further inquiry. This approach 

aligns with common practice in CSCW and HCI research, where saturation is not always seen as a 

meaningful benchmark, and inter-rater reliability is used in only a small fraction of qualitative 

studies (McDonald et al., 2019b). 

 

After first phase, I spent several months away from the field. During this phase, I revisited and re-

coded my data in light of the analytical directions that had emerged, particularly focused on ideas 

about data work and infrastructure studies. Although more focused now, my data still contained a 

wide range of references to professional tensions, interface interactions, and organizational policies. 

These revisits surfaced new questions, which in turn led to a second round of fieldwork. Re-

entering the field with this analytic history behind me, I was now better equipped to focus on 

discussions in CSCW around themes such as seamlessness, flexibility, and the realities of 

streamlining documentation workflows. I also returned with a clearer sense of the technical 

visibility of ASR, and specifically revisited the field through the lens of repair; treating breakdown 

not only as an entry point but also as a sustained theme (Cohn, 2016; Jackson et al., 2012). 

 

From this stage, the themes became increasingly theoretically grounded, particularly around 

concepts of articulation and repair work, as well as configurations of HITL systems and human–AI 

collaboration, aligning the analysis more closely with an HCI-oriented perspective. Together, these 

phases formed the foundation for the empirical articles developed in this thesis. Each piece draws 

from both inductively generated codes and theoretically guided analysis, grounded in long-term 

engagement with the field, its infrastructure, and the collaborative practices that make 

documentation work possible in the context of healthcare.  

Conceptual Development Across Articles 

After returning from the field, my analytical process was shaped by a recursive and interpretive 

engagement with the empirical material, guided by abductive logics. The empirical material 

consistently “said more” than I could fully articulate at any given time, revealing new dimensions 

each time I revisited it, whether through re-coding, theoretical reframing, or collaborative writing 

with my co-authors. Such an approach shaped by pre-understandings evolved through a back-and-

forth movement between parts of the data and emerging conceptual wholes. This interpretive stance 

allowed me to remain open to what the material disclosed over time, rather than making 

assumptions about meaning too early. 

 

At the same time, my approach reflected an abductive mode of analysis (Timmermans & Tavory, 

2012), in which surprising or generative empirical moments prompted the development of new 

research questions and theoretical linkages. Each theoretical engagement—whether with practice 
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theory, socio-material design, or STS—offered new conceptual tools that allowed me to reinterpret 

the same material in different ways. However, as I explored these overlapping but distinct 

traditions, I found myself increasingly overextended. The broad conceptual terrain I had taken on 

began to dilute the analytical focus of the work. I was intellectually stimulated but also somewhat 

lost in the expanding landscape of possibilities. 

 

The empirical richness of the material—touching on infrastructures, collaboration, professional 

practice, breakdown, and repair—invited multiple lines of inquiry, but without a coherent 

framework, I risked analytical dispersion. It became necessary to recalibrate. To regain clarity and 

depth, I reoriented my work by aligning more closely with colleagues in CSCW and HCI, whose 

approaches provided both conceptual grounding and a shared language for thinking through socio-

technical complexity. This narrowing of scope is reflected in the evolution of the thesis articles. One 

article based on early empirical coding eventually became three separate papers (articles 1, 2, and 

4), each engaging a different but related theme grounded in the same underlying data. For instance, 

what initially appeared to be mundane transcription correction practices revealed, upon deeper 

analysis, how professionals informally maintained and repaired fragile systems. These small acts of 

care became analytically legible through the frameworks and sensibilities offered by CSCW and 

HCI. 

 

Across the five articles, I developed a conceptual arc that mirrors my analytical journey: from open 

empirical immersion to a more grounded theoretical articulation within CSCW and HCI. Each 

article revisits overlapping empirical sites (especially the use of ASR in clinical documentation) yet 

foregrounds different conceptual logics, such as augmentation work, repair, and data work. This 

recursive, abductive engagement has allowed me to build a coherent yet multi-perspectival 

contribution to understanding AI in healthcare through the lens of collaborative work and 

infrastructure studies. 

 

An example is Article 3, where I introduced the concept of faux data work as activities that 

appeared productive and repair-oriented but ultimately failed to impact system performance due to a 

data lifecycle breakdown. The empirical observation that clinicians continued to adapt their work to 

a system effectively “on hold” pointed me toward temporal dimensions of repair, leading to Article 

4. There, I reframed repair as not only a response to breakdowns but also a sustained practice 

occurring in the meantime, during periods when systems are known to be decaying but are still used 

due to infrastructural constraints. These linked insights reflect the abductive nature of my analysis: 

a moment of empirical ambiguity sparked a conceptual shift that rippled across multiple articles, 

deepening my understanding of human–AI collaboration as an infrastructural and temporal 

phenomenon. 

 

Reflexivity 

Through the fieldwork, I was often positioned by participants as someone who could understand or 

“translate” frustrations to outsiders. This role highlights how the CSCW researcher often becomes 

entangled in the politics of the field (Bjørn & Østerlund, 2014), as participants frequently framed 
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their experiences in ways that emphasized burden and accountability, perhaps in part because I was 

seen as someone who could voice concerns beyond the clinic, in organizational or academic arenas. 

My own technical background likely influenced how I interpreted these encounters, shaping what 

was noticed and foregrounded, yet I must underline that I did not meet a single user of ASR who 

appreciated the system. 

 

Early in the research process, it became apparent that hospital management was interested not in 

evaluation metrics or formal reporting but in gaining qualitative insight into how ASR was used in 

practice. Unlike formal audits or implementation studies, there were no requirements for measuring 

performance or identifying adoption barriers at the individual level. Rather, hospital management 

was interested in how ASR shaped workflows in everyday clinical activity. This openness created a 

valuable space for a more inductive approach to unfold. As Chalmers (2004) argues, systems such 

as ASR cannot be understood solely through their formal specifications; their meaning and function 

emerge through use, context, and ongoing interpretation. My own role as a researcher evolved 

alongside this process, shaped by the temporality of the field and the relational dynamics with 

participants.  

 

As an example, I was given an ID card, on which the department chose to label me as an “IT 

intern,” reflecting the good humor and lightheartedness of the department where I conducted my 

research. This label, while playful, also subtly positioned me within the hospital’s IT hierarchy, 

possibly coloring how professionals perceived me—perhaps more as a technical evaluator than as a 

neutral ethnographer. From the beginning, it was clear that the clinicians were curious to know 

whether I represented the company or the IT department promoting the use of speech recognition. 

When they realized I was a third party without any political interest in arguing for or against ASR or 

their clinical work in general, the conversation became more relaxed. However, this initial suspicion 

and later trust inevitably shaped the kind of narratives I was granted access to, possibly emphasizing 

frustrations or defenses depending on how they interpreted my role. 

 

To ensure patients would not feel disturbed by the presence of an additional person in the 

consultation room beyond the clinician, we agreed within the department that I, as the researcher, 

should wear the same uniform as the clinicians, as shown in Image 3. This turned out to be an 

effective decision. Most patients only noticed me at the beginning of the consultation, offered a 

polite greeting, and quickly assumed my presence was entirely ordinary. From an ethnographic 

perspective in CSCW, this decision was more than a practical consideration; it was a situated and 

strategic intervention, as ethnographic fieldwork requires careful attention to how presence and 

participation shape the field (Blomberg & Karasti, 2013). By blending in visually and socially with 

the clinical team, I could minimize disruption to everyday workflows, allowing practices to unfold 

with as much authenticity as possible. 
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Image 3: Me visiting the field wearing a clinician’s uniform 

 

This practice also supported deeper access to informal interactions with staff. In CSCW, many 

crucial insights arise not only during formal procedures but also in the in-between moments: during 

hallway conversations, shared breaks, or while clinicians troubleshoot or reflect on their 

documentation tools (Suchman, 1995). Appearing as a member of the team allowed me to access 

these social spaces more fluidly, gaining a fuller understanding of the invisible work that underpins 

clinical documentation and coordination. I maintained reflexive awareness of the limitations of 

descriptions, particularly the influence of my positionality as a researcher (Hammersley, 2008). 

However, as Dourish (2004) detected, “observations are always theory-laden, and any encounter 

between ethnographer and field involves a whole host of analytic positions” (p. 548). I 

acknowledged the interplay between empirical findings and theoretical commitments. I, therefore, 

reduced “fixed categories” (Gherardi et al., 2019) and continued creating detailed, contextual 

accounts of observed behaviors and meaning-making processes.  

 

This focus reflects how my methodological approach drew inspiration from grounded theory, where 

theory is generated through systematic data collection and analysis within the research process. In 

this approach, data collection, analysis, and theoretical development are deeply interconnected, 

ensuring that emergent theories are rooted in empirical findings rather than preconceived notions or 

speculative frameworks (Strauss & Corbin, 1998). This aligns closely with ethnographic traditions 

in CSCW (e.g., Fiesler et al., 2019), where critiques regarding the overemphasis on methodological 

rigor risk prioritizing formality over genuinely understanding participants’ activities, potentially 

detaching the analysis from their lived experiences (Randall et al., 2021). 

 

However, this method imposes significant demands on the researcher. As a participant and observer, 

I actively shaped the data from the outset by determining where to focus my attention. My presence 

in the field inevitably influenced the outcomes, highlighting the reflexive nature of ethnographic 

research. This realization underscores the importance of acknowledging that I, as the researcher, am 
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not a neutral or invisible entity but an active participant in shaping the data and subsequent analysis. 

To address these concerns, I adopted strategies aimed at mitigating bias and ensuring a participant-

centered understanding. I took an “unmotivated” approach (Gherardi et al., 2019) by focusing on 

observing participants’ activities and their reasons for those actions without imposing preconceived 

notions. I engaged in iterative validation, discussing my interpretations with participants to ensure 

they aligned with their lived experiences. Additionally, my triangulation of data helped me confirm 

patterns and reduce reliance on single interpretations.  

 

These reflexive and methodological precautions were complemented by careful attention to the 

ethical dimensions of conducting research in a clinical setting. Given the sensitivity of patient-

related data and the professional environments involved, maintaining confidentiality and 

institutional trust was essential. Accordingly, several measures were implemented to ensure data 

protection and uphold ethical integrity throughout the fieldwork elaborated below. 

 

Ethical Considerations 

To ensure confidentiality and comply with data protection regulations, I was allocated a workspace 

within the hospital’s research department. This arrangement allowed me to conduct fieldwork 

without removing any sensitive personal information from the premises. All interviews, 

observations, and related notes were transcribed and anonymized on site, unless specific agreements 

allowed the use of selected materials outside the hospital. 

 

I received formal institutional approval prior to fieldwork data collection at the hospital. All 

interviews were conducted with participants’ informed consent, and all data were anonymized to 

protect participant identities. During my fieldwork, I was officially registered as an authorized 

member of the observed department, facilitated by a contract between the hospital and the 

University of Copenhagen. This agreement allowed me to secure an office in the hospital’s research 

department, ensuring that all collected data were anonymized on site before being stored on my 

digital devices. This arrangement also granted me authorized access to the department and required 

the use of hospital wardrobes to adhere to hygiene protocols. While patient interactions were not the 

primary focus of the study, wearing hospital attire helped me integrate into the environment and 

ensured that I did not appear out of place. Many interviews with suppliers and developers were 

conducted virtually, and verbal consent was obtained prior to each interview.  

 

To meet the University of Copenhagen’s research policy standards of academic freedom, honesty, 

integrity, and scientific rigor, I developed a comprehensive data management plan for my 

ethnographic work. This plan detailed the creation, origin, type, storage, and duration of the 

collected data, ensuring compliance with ethical guidelines and the General Data Protection 

Regulation (GDPR). The plan was formally approved by the Faculty of Humanities. 

The data management plan was designed to safeguard sensitive information, prevent data loss, and 

distinguish critical data for future use. By leveraging the University of Copenhagen’s infrastructure, 

the plan ensured adherence to ethical considerations and supported the long-term preservation of 

valuable research data. 
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Overview of the Articles  
Table 3 gives a summary of each article, including its specific focus, how it connects to the larger 

research question, the methods and theories used, the key findings, and how it contributes to the 

overall argument of the dissertation. The full articles are included in Section II, right after this 

framing introduction. Three of the articles were co-written with others, and I’ve included a 

statement about each author's contribution in the Appendix, as required by the University of 

Copenhagen.  
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Table 3 – Outline of articles 
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Contributions and Discussion 
This dissertation examines how automation unfolds in practice through the integration of AI-

supported documentation systems in healthcare, particularly ASR. Across five interrelated 

discussions—Faux Data Work, Collaborative Augmentation Work, Temporalities of Human–AI 

Collaboration, Traditional Human–AI Collaboration, and Automation Distributing Task—the 

dissertation advances an empirical and conceptual understanding of human–AI collaboration as a 

sociotechnical process sustained by ongoing human labor, organizational negotiation, and 

infrastructural fragility. 

 

I start with the subsection on Faux Data Work and introduce a critical perspective on how 

clinicians’ everyday auditing of AI outputs may appear to contribute to system improvement but 

often lack genuine feedback loops. Building on the concept highlights the opacity and futility that 

can accompany human–AI collaboration when users’ efforts are disconnected from the system’s 

learning processes, raising questions of accountability and transparency. Building on this, 

Collaborative Augmentation Work reframes human–AI collaboration not as seamless assistance but 

as an ongoing, distributed form of articulation and auditing that keeps AI systems functional. By 

extending the “human-in-the-loop” framework, it demonstrates how clinicians’ continuous 

oversight and repair work constitute a form of augmentation that redistributes, rather than reduces, 

human responsibility within clinical documentation. The third contribution, Temporalities of 

Human–AI Collaboration, explores how collaboration evolves over time as systems age and 

institutional priorities shift. It reveals how clinicians’ maintenance practices persist through 

changing expectations—from hopeful contributions to system learning toward a more anticipatory 

stance of waiting for replacement—showing that repair and upkeep are deeply temporal and 

expectation-driven dimensions of collaboration. The fourth contribution, Traditional Human–AI 

Collaboration, challenges the assumption that AI represents a radical technological departure. By 

situating ASR within the long history of digital documentation systems, it demonstrates continuity 

in the forms of invisible labor that sustain automation. Finally, Automation Distributing Task 

examines how AI-supported documentation reconfigures professional boundaries and redistributes 

existing hierarchies of labor. Rather than displacing work, automation shifts invisible coordination 

and auditing tasks onto clinicians while maintaining the devaluation of documentation work. 

Together, these five contributions advance a sociotechnical and temporally sensitive account of 

human–AI collaboration.  

 

Faux Data Work 

In Articles 1–3,  I used the concept data work (Bossen et al., 2019) to trace the situated human 

activities involved in producing, maintaining, and interpreting data—activities that remained 

obscure beneath narratives of automation and efficiency expectations at the hospital (Article 2). 

Empirically, data work provided a means of locating the dispersed and often fragmented practices 

through which professionals engage with data. From here, I used the concept to orient my attention 

toward the social and organizational contexts in which data become meaningful and actionable and 

to “zoom” between close-up ethnographic observation and broader conceptual analysis of how 
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human–AI collaboration is sustained in practice through data work conducted by professionals on 

the ground. 

 

Applying data work empirically, I followed healthcare professionals in their documentation 

routines, observing how their interactions with ASR and EHR systems involved continuous cycles 

of oversight, correction, and verification. This auditing work—although framed as peripheral to 

clinical decision-making—were essential to ensuring that the documentation remained accurate and 

usable. In Article 3, for example, I shadowing physicians as they dictated and corrected notes in 

EHR to measure and focus on recognition rates. Their everyday data work, at times, directed not 

toward patient care, but toward maintaining the functionality of the AI system itself. Yet, as these 

clinicians questioned whether their repeated corrections actually contributed to improving ASR 

performance, a central tension emerged: their data work appeared both necessary and futile. This 

paradox raised tensions caused by lack of transparency and often led to frustration and questions of 

transparency: did their data work even matter? While Hoeyer and Wadmann describe “meaningless 

data work” in contexts where the purpose of data generation is questioned, the case of AI-supported 

documentation shifts attention to the backend and how it circulates and (fails to) feed back into 

system learning. Thus, rather than focusing solely on tensions in the need to perform data work, my 

empirical use of the concept highlights the need to examine whether and how human–AI 

collaboration actually enables the system to evolve based on users’ situated contributions. 

Consequently, I foreground data work within human–AI collaboration is the continuous, often 

invisible human labor required to make AI systems function effectively in practice. It involves the 

dual tasks of documenting for clinical purposes and simultaneously producing, correcting, and 

auditing data that feed back into the AI system—what Article 1 calls dual-purpose data work. 

 

Dual-purpose data work considers clinicins’ everyday auditing serve both clinical documentation 

and AI training. Without transparency about how their inputs are used, clinicians face blurred 

accountabilities and limited understanding of their impact on system performance. Transparent 

feedback loops, either technical showing how human edits improve accuracy or sites of 

collaboration (Lin & Jackson, 2023) would make this work “meaningful” (Article 3).  

 

Without clear institutional strategies to inform and engage clinical users in system development, 

organizations risk severing the essential link between users and the ongoing maintenance of the AI 

systems they are expected to support. This disconnect is not merely a matter of inadequate support 

or training; it signals a breakdown in the reciprocal relationship that should exist between auditing 

and system improvement. Medical secretaries, for example, often serve as non-formal 

intermediaries, helping ensure that clinicians continue the necessary work of annotating and 

correcting ASR-generated output. However, despite playing a critical role in sustaining these 

systems, they are excluded from evidence about how their labor contributes to system refinement. 

Their contributions, although essential, remain invisible and unrecognized within the broader data 

lifecycle. 
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This lack of transparency exemplifies what I term faux data work (Article 3): situations where the 

labor of annotating, validating, or correcting data gives the impression of meaningful contribution, 

but in reality has little or no impact on the AI system. In such cases, workers are led to believe they 

are part of a feedback loop in the AI lifecycle, when in fact, their efforts are disconnected from the 

processes that would allow that labor to influence future outcomes. Occurrences of faux data work 

enhances whether AI support in clinical workflows genuinely relieves clinicians of administrative 

burdens or introduces new forms of oversight (Bossen & Bertelsen, 2023; Pedersen & Bossen, 

2024).  

 

Foregrounding a need to keep the AI lifecycle in “an organizational loop” as a critical area of 

inquiry, leads to the following subsection illustrating that despite more than a decade of ASR use 

and its ongoing expansion across hospitals and departments, the system remains highly visible 

through its limitations persistently foregrounded in clinical practice. While prior literature in HCI 

and CSCW has described how workplace technologies become domesticated over time and 

integrated into everyday routines (e.g., Berker et al., 2005; Y. Wang et al., 2024), this study 

highlights a contrasting case by collaborative augmentation work in clinical documentation 

practices.  

 

Collaborative Augmentation Work 

The persistent visibility of ASR underscores that integration does not necessarily entail stabilization 

or simply “automate” human–AI collaboration. Rather than fading into the background as an 

invisible infrastructure, the system continually resurfaces in clinical routines through its 

breakdowns, which require auditing and workarounds from the professionals who rely on it for 

clinical documentation. It is within these everyday negotiations that the entanglements of human–

AI collaboration become most visible. Building on this observation, this dissertation empirically 

contributes by showing how auditing is negotiated in practice as a continuous and distributed form 

of data work embedded within everyday clinical routines. It further demonstrates that articulation 

work (Strauss, 1988; Suchman, 1996) becomes a crucial yet often unrecognized component of 

clinicians’ responsibilities—essential for maintaining system functionality, yet excluded from 

formal organizational recognition. 

 

Together, these findings form the analytical foundation for theorizing human–AI collaboration as 

collaborative augmentation work, a concept that foregrounds how auditing and articulation 

intertwine as ongoing, situated practices that sustain AI systems in use. The notion of collaborative 

augmentation work introduced in Article 1 shows that augmentation inherently involves auditing in 

clinical documentation as a key human activity that sustains and improves AI systems in practice. 

While prior literature frames augmentation as configuring how humans and algorithms work 

together rather than replacing one another (Bossen & Pine, 2023; D. Wang et al., 2021), this 

dissertation argues that augmentation is not merely about assisting or benefiting from AI, but about 

the ongoing human engagement required to audit, correct, and adapt AI outputs (Grønsund & 

Aanestad, 2020). In this sense, auditing emerges as an “always-on” form of work that increasingly 

shifts responsibility to humans throughout their clinical routines. 
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Consequently, clinicians find themselves in a position where AI support becomes embedded within 

the real-time flow of formal clinical tasks such as documentation. In this dual-use context, clinicians 

act as both care providers and data auditors, shaping the performance and evolution of the very AI 

systems they rely on. Such obligatory auditing work expands the HITL framework to encompass the 

epistemic and organizational dimensions of human participation in human–AI collaboration, 

extending it beyond technical supervision to include the knowledge practices and organizational 

routines that shape clinical documentation. 

 

Building on this expansion of the HITL framework, the redistribution of documentation 

responsibilities reveals how collaborative augmentation work is not confined to individual 

interactions with AI but is enacted across professional roles and organizational layers. As 

documentation responsibilities shift from medical secretaries to clinicians, so too does the burden of 

interpreting and managing EHR inputs. In this reconfiguration, clinicians are tasked not only with 

dictating and auditing ASR outputs but also with ensuring the quality and long-term usability of 

EHR data. For example, when a clinician oversees and corrects ASR-generated documentation, 

auditing does not end at that point. Medical secretaries then validate or further structure these 

outputs, continuing the auditing process and catching errors that might otherwise go unaddressed. 

At the departmental level, this collaborative augmentation work scales: multiple professionals 

contribute corrections and validations that, collectively, calibrate and audit data to inform vendor-

side adjustments of the language model. 

 

However, this redistribution is shaped and constrained by the broader political and commercial 

infrastructures in which AI systems are developed and deployed. while promised as an iterative and 

evolving process, human–AI collaboration in clinical documentation is not a neutral, bottom-up 

process of collaborative augmentation but rather a top-down configuration shaped by political and 

commercial decisions. The Danish National Strategy for AI positions society as needing to adapt to 

technological “demands,” while private vendors retain ownership of critical linguistic resources 

(Article 5). This arrangement limits public-sector influence over ASR development and places the 

practical burden of repair on end users—healthcare professionals—who must continuously correct 

and adapt to systems trained on majority-language norms. In this way, the ongoing need for auditing 

work that keeps humans in the loop becomes a political act, wherein local professionals sustain the 

functionality of globally developed systems that reflect external linguistic priorities. Empirically, 

fostering inclusive and equitable human–AI collaboration requires structural policy changes and 

greater vendor accountability to redistribute responsibility for language maintenance and system 

usability away from end users and toward those shaping AI infrastructures. 

 

These findings collectively motivate a theoretical re-examination of what “collaboration” entails in 

human–AI collaboration, highlighting the need to conceptualize it not as a site of seamless 

partnership but as a sociotechnical arrangement structured by power, accountability, and 

institutional design. This body of work therefore prompts a cautious approach to the term human–AI 

collaboration. I argue that the concept requires a theoretical shift—from viewing augmentation as 
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an interface-level user activity to understanding it as a distributed sociotechnical process. This 

involves examining how collaboration is mediated by routine clinical workflows, institutional 

hierarchies, and sociopolitical forces such as regulation and procurement. Rather than confining 

collaboration to the point of use, where accountability for system breakdowns is placed on end 

users, I draw on Star and Strauss’s reminder that systems are “not from nowhere.” Articles 1 and 5 

thus reposition collaboration as involving both users and the humans representing the system—

developers, policymakers, and vendors—whose design and governance decisions shape how 

augmentation unfolds in practice. 

 

Building on this theoretical repositioning, the dissertation contributes to broader debates on human–

AI collaboration by arguing that accountability must be understood as a distributed and 

infrastructural property of sociotechnical systems, not as a corrective task delegated to end users. 

This sociotechnical reframing contributes to ongoing discussions of HITL systems by calling for a 

redistribution of accountability in human–AI collaboration—from user adaptation toward 

institutional responsibility. Designing for collaborative augmentation therefore entails building 

infrastructures of shared accountability that recognize AI systems as embedded within, and co-

constituted by, broader sociotechnical ecologies. While prior work has emphasized new roles, 

routines, and infrastructures to sustain collaboration (Benbya et al., 2021; Sun et al., 2023), these 

studies also expose the fragility of such arrangements. As Andersen et al. (2023) note, innovation in 

healthcare depends less on advancing technical capability than on how systems are contextualized 

and adapted to the contingencies of practice. Echoing Schmidt and Bannon’s (1992) call for 

adaptability over automation, this paper underscores that sustaining human–AI collaboration 

requires institutional and design attention to the invisible, ongoing human labor that keeps these 

systems functional and legitimate. Building on this argument, the following section turns to the 

temporalities of repair work as a concrete manifestation of this ongoing human labor. 

 

Temporalities of Human–AI Collaboration 

This dissertation sees human–AI collaboration as temporal, where professionals engage in making 

do with aging or incomplete systems in ways that remain meaningful within their local contexts. In 

domains such as clinical documentation, where technologies often age faster than institutional 

processes or policies, repair work becomes visible through small breakdowns or mismatches. These 

moments are not only disruptive but also generative, providing opportunities to reassess 

assumptions embedded in system design (Article 4; Jackson et al., 2012; Lin & Jackson, 2023). 

 

Empirically, I identify two consistent modes of maintenance that clinicians engage in to keep ASR 

systems operational. The first involves ongoing auditing, correcting errors, and applying 

workarounds during documentation; the second consists of hardware-level experimentation, such as 

switching microphones, using headsets, or adjusting speaking techniques to improve transcription 

quality. These practices represent enduring forms of user-led upkeep and do not fundamentally 

change over time. What does change, however, are the motivations underlying this maintenance. 
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Earlier in the system’s lifecycle, maintenance was primarily driven by the expectation that user 

corrections would directly improve the system—that each act of auditing would contribute to 

gradual refinement of the underlying model. These expectations were shaped by implementation 

narratives and professional commitments that framed clinicians as contributors to system learning 

(Articles 2–3). Over time, however, and particularly as institutional support began to wane, these 

expectations gave way to a new form of future-oriented hope (as shown in Article 4): that a 

replacement system or model is imminent and that any minor improvement in performance might 

signal its quiet arrival. 

 

Thus, while the forms of maintenance remain stable, the rationale for engaging in them shifts. 

Maintenance becomes less about participating in system improvement and more about holding out 

for a “better model.” In this way, anticipatory expectation in replacement displaces expectation in 

improvement, transforming repair work from a contributory act into a symbolic and hopeful 

practice. This shift illustrates how human–AI collaboration is temporal, shaped by clinicians’ 

navigation of anticipated futures. 

 

Due to these anticipated futures, users can continue to operate the ASR system even after 

institutional support has waned, shouldering a growing workload to keep it functional. Expectations 

serve not only as abstract narratives but also as practical forces that shape how systems persist in 

use—even as they decay. Such “repair worlds,” the social and material assemblages that coalesce 

around the activity of keeping things working (Jackson et al., 2012), constitute a way of knowing 

and engaging with systems from the bottom up, woven into the lived experience of infrastructural 

decay. 

 

Following this “holding on to what was while hoping for better futures,” infrastructural decay 

should not be understood solely as a technical malfunction or the outcome of institutional 

withdrawal. Rather, it is also shaped by expectations—anticipatory beliefs and assumptions held by 

various actors about a system’s future. These expectations “materialize cultural imaginaries, just as 

imaginaries narrate the significance of technical artefacts” (Suchman, 2012, p. 48). Operating across 

multiple layers of the data lifecycle—from managerial and vendor decision-making to frontline user 

practices—expectations play a decisive role in determining whether a system is maintained or 

abandoned. 

 

Building on this, the persistence of AI systems such as ASR is not merely the result of habit or 

inertia. Continued use is often propped up by residual expectations from earlier moments of 

technological promise. Clinicians and staff adapt their practices to keep these systems functional 

(Articles 2–3). This adaptation is driven in part by anticipatory expectations—the belief that 

improvements may still arrive or that current efforts will eventually be acknowledged. These 

expectations are reinforced through prior commitments, informal professional norms, and collective 

imaginaries of technological progress. As such, AI maintenance becomes more than technical 

upkeep; it is a socio-technical process sustained through ongoing human labor, situated hopes, and 

the inertia of institutional pathways. 
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While others have observed similar phenomena in buildings and hardware infrastructures—such as 

“phantom infrastructures” that remain visibly present but functionally hollow (Velkova, 2019)—

software-based data infrastructures are harder for healthcare professionals to see and locate. 

Clinicians have limited visibility into how their auditing work translates into AI model updates. 

Despite new systems being years away from deployment, their looming presence reshapes present 

practices, as professionals begin to frame existing systems as temporary and unworthy of long-term 

investment or adaptation. 

 

Empirically, Article 4 shows how policy-driven transformations and technological hype can push 

systems toward a state of being what I conceptualize as beyond repair: not only technically broken 

but also institutionally and socially deprioritized. When both vendors and IT management defer 

upgrades, withhold investments in fixing recurring glitches, or postpone language model updates, 

systems become functionally stagnant. Yet they remain “under repair” through clinicians’ ongoing 

auditing and tinkering. This contributes to tensions in organizational focus on AI as a support for 

documentation, rather than questioning and improving documentation itself, risks locking 

professionals into maintaining decaying infrastructures. Human–AI collaboration, under such 

conditions, is not a stable arrangement but a temporary compromise—one that ages faster than 

clinical documentation needs and places increasing strain on those tasked with keeping it 

productive. 

 

Traditional Human-AI Collaboration 

Building on arguments in the previous section, the persistence of traditional AI systems such as 

ASR offers not only a lens on infrastructural decay but also a resource for reimagining design in 

contemporary settings. These systems make visible the enduring human work that sustains 

automation—how clinicians negotiate, adapt to, and even repurpose technologies beyond their 

intended design. Attending to these lived collaborations provides valuable insights for current AI 

design and policy, suggesting that future systems should not only seek to automate but also to better 

accommodate and support the situated practices through which they are maintained. 

 

A key empirical contribution of this dissertation lies in challenging the common assumption that AI 

systems represent a clean break from earlier digital technologies in healthcare. Rather than 

overcoming long-standing challenges in clinical documentation, AI systems often reproduce and 

even reinforce the socio-technical patterns established by previous waves of digitization. By 

uncovering these continuities, the dissertation moves from describing empirical patterns to 

considering their broader consequences—how the persistence of past dynamics shapes current 

approaches to automation and the futures imagined for AI in healthcare. 

 

These insights also carry implications for policy and implementation practices. As automation 

continues to be promoted as a solution to documentation challenges, there is a pressing need to 

recognize the ongoing human labor required to maintain, adapt, and stabilize these systems. This 

dissertation argues for a more grounded, historically aware understanding of AI integration, one that 



 74 

accounts not only for what AI does but also for how clinicians continually make it “livable” (Article 

2). By doing so, this dissertation offers a methodological contribution to the study of human–AI 

collaboration by demonstrating how seemingly mundane technologies such as ASR can serve as 

rich empirical entry points into the socio-technical dynamics of AI integration. 

 

Although ASR is rarely recognized as “AI” in everyday discourse (Narayanan & Kapoor, 2024) due 

to its normalization in consumer tools such as smartphone dictation, this very ordinariness makes it 

analytically significant. As Dourish et al. (2010) reminds us, ordinary technologies should not be 

dismissed, for their mundane presence can powerfully shape everyday practices. By examining ASR 

as a socio-technical artifact rather than a neutral tool, this study highlights how it is deeply 

embedded within the infrastructures, routines, and professional roles of clinical documentation. 

Across Articles 1–4, the dissertation shows that ASR’s implementation in Danish hospital wards 

and outpatient clinics is far from seamless. Its functioning depends on continuous human labor—

technical setup, monitoring, correction, and adaptation—revealing ASR as a dynamic site of 

human–AI interaction. Viewing ASR through a socio-technical lens illuminates collaboration not 

merely as interaction at the interface, but as an ongoing process of negotiation, calibration, and 

redistribution of accountability across professional, technical, and institutional boundaries. 

 

Building on this empirical insight, the dissertation extends its contribution by situating ASR within 

a broader analytical and methodological agenda—one that challenges where and how AI in 

healthcare is typically studied. Rather than focusing solely on novel or high-profile applications, 

this dissertation underscores the importance of investigating how AI becomes workable in 

practice—through which infrastructures, by whom, and with what kinds of often invisible labor. In 

doing so, it calls for a shift from studying AI as a bounded technical system to understanding it as 

part of a broader socio-technical assemblage shaped by organizational histories, institutional norms, 

and human improvisation. By foregrounding ASR as an ordinary yet consequential technology, the 

dissertation demonstrates how methodological attention to the mundane can reveal the deeply 

collaborative and negotiated nature of human–AI relations. This approach opens new pathways for 

empirically grounded and critical inquiry into the lived realities of AI in healthcare—where 

automation is never complete, and collaboration remains continuously in flux. 

 

While ASR is included within the broader category of “AI,” its architecture and operational logic 

differ substantially from adaptive deep learning systems. Acknowledging this distinction is essential 

to avoid a form of technological determinism or to be captivated by system capabilities while 

neglecting the extensive data work required to make such technologies function in practice. The 

expanding deployment of AI across domains—from diagnostic imaging to automated 

documentation—has reinvigorated scholarly and policy interest in human–AI collaboration. Yet, as 

Wang et al. (2021) emphasize, these systems do not emerge autonomously from advances in AI 

alone. Rather, they are socio-technically constituted: designed, configured, and sustained by human 

actors who understand both the capacities and constraints of AI and who actively negotiate its 

integration within complex clinical workflows. 
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Automation Distributing Task 

This dissertation contributes to CSCW and sociotechnical studies of automation by revealing how 

AI-supported documentation systems, such as ASR, reconfigure existing divisions of labor without 

necessarily transforming the hierarchies that underpin them. Across Articles 1–4, the analysis 

demonstrates that AI integration in clinical documentation is not a process of seamless automation 

but one that depends on substantial and ongoing human labor to make these systems function in 

practice. 

 

Articles 2 and 4 illustrate how existing technical support infrastructures—such as assigning 

dedicated IT staff to manage ASR-related issues—often fall short when confronted with the 

system’s unpredictable behavior or with problems that depend on tacit, historically embedded 

knowledge held by clerical staff. These challenges are difficult to formalize, leaving clinicians to 

troubleshoot issues without adequate support. Thus, effective AI support in practice requires more 

than organizational restructuring; it demands attention to the adaptive, often invisible practices 

through which users make technologies workable in everyday routines. 

 

Clinicians are not simply correcting errors but engaging in what Strauss (1988) terms articulation 

work: the coordination required to sustain formal workflows under real-world conditions. Articles 1 

and 2 further show that the introduction of AI creates augmentation work—tasks that arise from 

supervising, maintaining, and integrating algorithmic systems into clinical routines. For instance, 

while parts of documentation are delegated to ASR, clinicians have taken on unintended 

responsibilities such as reserving rooms or coordinating follow-up steps previously managed by 

medical secretaries. These forms of articulation and augmentation work demonstrate how 

automation redistributes, rather than eliminates, the labor needed to sustain clinical documentation. 

 

Building on these empirical insights, this dissertation contributes to CSCW debates on automation 

and invisible labor by revisiting the role of medical secretaries in AI-supported documentation 

practices. By foregrounding this often-overlooked expertise, it shows how secretarial labor 

continues to stabilize fragile AI systems while remaining institutionally unacknowledged. 

 

Despite automation shifting documentation responsibilities to clinicians, the longstanding 

devaluation of secretarial work (Bossen et al., 2012; Møller & Vikkelsø, 2012) persists. The 

marginalization of this labor follows the task itself: clinical documentation remains undervalued 

regardless of who performs it. Automation, therefore, does not eliminate work—it redistributes it 

while sustaining the invisibility of the labor that holds clinical systems together. 

 

As Article 3 demonstrates, medical secretaries are formally tasked with setting up clinicians’ 

profiles and guiding their use of ASR systems, despite not using the systems themselves. This 

arrangement is less about optimizing their own workflow than about stabilizing and calibrating 

(Bossen et al., 2014) ASR-supported EHR practices across professions. Far from being a neutral 

delegation of responsibility, this structure has significant implications. When human labor supports 

AI systems without institutional recognition or feedback mechanisms, it risks becoming what this 



 76 

dissertation terms faux data work: invisible yet essential contributions that shape and validate 

system performance without acknowledgment. 

 

This invisibility became evident when an ASR breakdown persisted for over a year, unnoticed 

because the secretaries—who had been silently validating outputs—lacked both the authority and 

the technical channels to report the issue. Such cases highlight how tacit, historically situated 

knowledge of documentation work, often concentrated within administrative roles, remains vital for 

sustaining digital infrastructures (Bossen et al., 2014; Møller & Vikkelsø, 2012). 

 

The implementation of ASR technologies thus reconfigures professional boundaries while leaving 

institutional hierarchies largely intact. Building on foundational CSCW work that highlights the 

invisibility of coordination, articulation, and infrastructural labor (Schmidt & Bannon, 1992; Star & 

Strauss, 1999), this dissertation demonstrates that automation reassigns these forms of labor onto 

new professional actors—often those already positioned at the margins of organizational power. 

 

While ASR automates transcription, it simultaneously repositions it—from an administrative, 

backstage activity to a visible, clinical task performed by frontline staff. Yet this shift does not 

transform how documentation is valued. Historically regarded as clerical and secondary (Knudsen 

& Bertelsen, 2021), documentation remains deprioritized even when performed by clinicians. 

Consequently, quality control may suffer, as clinicians reviewing ASR-generated notes under time 

pressure are less likely to detect errors (Article 1). What appears as technological efficiency thus 

conceals the ongoing fragility of documentation systems sustained by undervalued human effort. 

 

Moreover, this redistribution extends beyond transcription. Tasks such as contacting departments, 

booking tests, and maintaining EHR data quality increasingly fall within the clinician’s workload. 

Articles 3 and 4 show that breakdowns and recognition failures often reintroduce friction into 

workflows, leading departments to relocate dictation away from patient encounters into quieter, 

shared spaces. These spatial adjustments reveal how professional boundaries and hierarchies are 

negotiated and maintained through everyday encounters with technology. In some cases, the 

reluctance to perform what is perceived as “secretarial work” further reinforces existing power 

dynamics (Suchman, 1996). 

 

What emerges, then, is a choreography of frontstage and backstage work in which documentation is 

shaped not only by technological systems but also by historical and institutional contexts. While 

ASR shifts transcription into clinicians’ hands, it simultaneously displaces long-standing 

collaborative routines that once linked clinicians, secretaries, and other healthcare professionals 

(Fitzpatrick & Ellingsen, 2013). By reassigning this work, ASR risks obscuring the tacit 

coordination and interpretive expertise historically provided by secretaries—expertise that remains 

essential for sustaining the everyday realities of AI-supported documentation. 

 

In sum, this chapter has outlined how the study contributes to understanding the sociotechnical 

dynamics of AI integration in clinical documentation. These insights challenge dominant narratives 
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of automation as displacement, instead positioning AI as dependent on continuous human 

augmentation work and organizational adaptation. The contributions invite further research into 

how human–AI collaboration is institutionalized over time: how feedback loops can be designed to 

make data work meaningful; how vendor, policy, and organizational structures can share 

responsibility for repair; and how design practices might better accommodate the temporal realities 

of infrastructural decay and renewal. In short, sustaining AI in healthcare requires not only technical 

innovation but also institutional rethinking of collaboration as an organizational, and infrastructural 

commitment. The next chapter concludes the dissertation. 
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Conclusion 
This dissertation set out to examine how healthcare professionals engage with ASR systems in their 

clinical documentation work, and what these engagements reveal about emerging forms of human–

AI collaboration in organizational settings. Through an ethnographic study of ASR use in a Danish 

public hospital, I have shown that automation in clinical documentation is far from self-sustaining. 

Rather than replacing human labor, ASR systems depend on continuous, collaborative work to 

remain functional, legitimate, and meaningful in practice. 

 

By tracing how clinicians, secretaries, IT staff, managers, and vendors sustain ASR-supported 

documentation, the dissertation contributes to the growing body of CSCW and HCI research that 

conceptualizes data work, augmentation work, and repair work as indispensable to the operation of 

digital infrastructures. Through these lenses, I have demonstrated that human–AI collaboration is 

not a stable or singular event but a temporal, distributed, and negotiated process—one characterized 

by fragility, improvisation, and ongoing maintenance. 

 

Across the five articles comprising this dissertation, I have advanced an understanding of human–

AI collaboration as collaborative augmentation work: the distributed, often invisible labor through 

which healthcare professionals audit, adapt, and sustain AI systems in everyday practice. This 

conceptualization shifts attention from the interface to the infrastructure—from moments of 

interaction to the broader sociotechnical arrangements that enable AI to “work” at all. In doing so, it 

challenges dominant narratives of automation as frictionless or emancipatory, instead foregrounding 

the persistent and reconfigured forms of human oversight, responsibility, and care that underpin AI 

integration. 

 

The analyses of faux data work revealed how clinicians’ efforts to correct and verify ASR output 

often appear contributory but lack meaningful feedback loops, leaving them caught between the 

promise of improvement and the opacity of system learning. Collaborative augmentation work 

illuminated how this auditing is not an individual activity but a distributed coordination process 

across professional roles. The exploration of temporalities of collaboration showed that 

maintenance is sustained as much by expectation and hope as by institutional support, with 

professionals keeping systems functional even as they decay. Traditional human–AI collaboration 

traced continuities between contemporary AI and earlier forms of digital documentation, 

highlighting how “old” systems continue to shape new imaginaries. Finally, automation distributing 

task demonstrated how AI reorganizes professional boundaries without redressing the enduring 

hierarchies that render documentation labor undervalued. 

 

Together, these contributions articulate a socio-technical and temporally sensitive account of how 

automation unfolds in practice—one that recognizes AI not as a discrete technology but as an 

evolving infrastructure continually remade through human work. A central argument emerging from 

this work is that automation in clinical documentation redistributes rather than reduces labor. The 

move of transcription from back-office secretarial work to clinicians’ frontstage routines 
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reconfigures visibility and accountability but not necessarily value. Documentation remains 

essential yet undervalued, even as it becomes more tightly integrated into clinical responsibility. In 

this sense, “Shifting the Script” captures both a literal and symbolic reordering: what was once 

backstage clerical work now constitutes a visible and performative element of clinical care, 

sustained through continuous negotiation across professional boundaries. 

 

This reframing has implications for how organizations, policymakers, and designers conceptualize 

accountability in human–AI collaboration. The dissertation argues for a shift from individual user 

responsibility toward distributed institutional accountability—acknowledging that the upkeep of AI 

systems is an infrastructural and organizational concern, not merely a user-level task. Designing for 

collaborative augmentation work therefore means building feedback loops, communication 

channels, and governance structures that recognize and support the invisible human labor sustaining 

these systems. 

 

Methodologically, this dissertation demonstrates the value of ethnographic and infrastructural 

approaches for studying AI in situ. By focusing on a “mundane” technology such as ASR, it 

advances an agenda for examining AI through the ordinary and the ongoing—attending to the forms 

of work, adaptation, and repair that render automation livable in practice. Theoretically, it 

contributes to CSCW and HCI by extending frameworks of data work, articulation work, and 

human–AI collaboration into a more temporally and politically attuned account of socio-technical 

maintenance. 

 

Ultimately, this dissertation shows that automation does not eliminate human effort; it reorganizes 

it. ASR-supported clinical documentation reveals a broader lesson about AI in practice: every 

promise of efficiency depends on a substrate of ongoing human care, maintenance, and 

coordination. Recognizing this is not to deny the potential of AI but to situate it within the lived 

realities of work. By bringing the labor of documentation—and the workers who sustain it—to the 

frontstage, this study underscores that the future of AI in healthcare will not hinge solely on 

advances in technology, but on how institutions value, support, and design for the human 

collaborations that keep automation alive. 
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Documentation Work 
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Abstract 

Data work is becoming increasingly essential in healthcare as more digital systems rely on the 

collection, reuse, and interpretation of health data. With the growing implementation of artificial 

intelligence (AI) to support clinical tasks, domain experts are now expected to audit AI-generated 

outputs to ensure their accuracy. System altering depends on feedback from auditing work and 

constitutes augmentation work, where AI performance relies on human-in-the-loop methods. 

However, less attention has been paid to how this work unfolds in real-world clinical settings once 

AI systems are in use. In this paper, we present findings from an in-depth ethnographic field study 

of an automatic speech recognition system at a Danish hospital. We examine tensions that emerge as 

automatic speech recognition reshapes clinical documentation by embedding auditing into the daily 

workflows. These tensions arise from opaque backend processes and the need to reconcile clinical 

responsibilities with the demands of auditing. Our findings show that sustaining AI systems through 

human-in-the-loop methods depends on distributed, ongoing human efforts that span professional 

roles. This study reveals that sustaining AI in clinical contexts involves continuous, collective 

human labor. It introduces the concept of collaborative augmentation work and calls for how human 

contributions in AI-supported healthcare workflows can be supported. 

 

Introduction 

The development of artificial intelligence (AI) and machine learning systems in clinical settings 

relies heavily on large volumes of high-quality, annotated data to enable tasks such as pattern 

recognition, prediction, and speech or image processing (Albahri et al., 2023; Bestek & Grönvall, 

2023; Oala et al., 2021). As AI systems are adopted in complex, high stakes domains such as 

healthcare, ensuring their continued accuracy and relevance requires not only initial data input but 

also ongoing annotation of system outputs to reflect shifting clinical practices and knowledge 

(Gerke, 2023; Muller et al., 2021; Rong et al., 2024). To address this requirement, human-in-the-

loop (HITL) methods embed human expertise directly into the operational lifecycle of AI systems. 

HITL refers to a design approach in which humans are not only involved in developing AI models 

but continue to play an active role in monitoring, correcting, and refining system outputs during 

real-world use. These methods rely on domain professionals, such as physicians, to routinely 

review, correct, and annotate AI-generated outputs to ensure accuracy, safety, and contextual 

appropriateness (Griffen & Owens, 2024; Zheng et al., 2021). 

 

HITL approaches are particularly valuable in high-stakes environments like healthcare, where AI 

predictions and outputs must be continually aligned with evolving clinical standards, legal 
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accountability, and patient-specific judgment. While much of the human-in-the-loop literature has 

concentrated on the early phases of AI development—such as training data preparation, model 

evaluation, and iterative refinement (e.g., Chen et al., 2022; Fischer et al., 2021; Fügener et al., 

2021)—there has been less attention to how these systems are maintained, adjusted, or repaired in 

everyday clinical workflows once deployed. This thesis contributes to filling that gap by examining 

how HITL practices unfold after implementation, particularly in the case of ASR-supported 

documentation. Even systems that appear minimally interactive can introduce new forms of 

responsibilities for human oversight and annotation onto often burdened clinical staff (Desolda et 

al., 2024; Fischer et al., 2021). When these human demands are overlooked, there is a risk of what 

Verma et al. (2023) call an AI adoption gap, where user engagement falters and the long-term 

sustainability of AI integration is threatened. The sustainability of AI in use, therefore, hinges not 

only on its technical performance but also on the cognitive and behavioral adaptation of 

professionals needed for data quality. 

 

The need for domain experts in relation to data has been acknowledged by a growing body of 

research within the computer-supported cooperative work (CSCW) community and has introduced 

the concept of data work to capture the human labor that underpins digital infrastructures. In 

healthcare, this work involves various human efforts related to data, such as creating, collecting, 

and managing them (Bossen et al., 2019) and has been increasingly recognized as central to how 

professionals produce, manage, and reuse data (K. Pine et al., 2022). While health data has long 

been central to clinical practice, data work has emerged as a consequence of digitalization, where 

professionals are required to transform health data into structured digital formats (Bossen et al., 

2014; Møller et al., 2020; K. H. Pine et al., 2016). As a result, data work has become an integral part 

of existing professional roles, with many workers now performing tasks that closely resemble those 

of data specialists or computer scientists (Møller et al., 2020; Ulloa et al., 2022). Despite the 

significance of this labor, it is often performed in non-formal capacities and lacks formal 

recognition, yet its impact is evident across the healthcare workforce—it has reshaped the 

responsibilities of nurses (Grisot et al., 2019), physicians (Cabitza & Locoro, 2020), and front-line 

staff such as clerks (Møller et al., 2020; Y. Sun et al., 2023). Whether performed by clinical or 

clerical professionals, data work centers on meeting the sociotechnical demands of healthcare 

systems to ensure that data are accurate, well-structured, and usable within increasingly automated 

environments.  

 

While the CSCW community has long recognized the importance of data work in healthcare 

(Bossen et al., 2014; K. H. Pine et al., 2016), recent advances in AI have begun to reshape this work 

in fundamental ways. The competencies required for effective data work are expanding (Bossen & 

Bertelsen, 2023), particularly as annotation, once considered a foundational task for machine 

learning, becomes embedded within everyday clinical workflows (Bailey et al., 2020; Cabitza & 

Locoro, 2020; Verma et al., 2023). Through human-in-the-loop methods, professionals are no longer 

only providers of input data but active participants in the continuous refinement of AI outputs. This 

shift blurs the boundaries between clinical work, data work, and system maintenance as 

professionals must now interpret, annotate, and consequently audit data, often without formal 
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recognition or support. These practices are deeply situated, shaped by institutional structures and 

professional roles, and carry significant implications for accountability and care quality in clinical 

settings. However, despite the growing relevance of human-in-the-loop approaches in healthcare, 

research has paid limited attention to how auditing work is integrated into routine clinical practice 

as well as how it produces tensions as professionals navigate these evolving responsibilities.  

 

This study contributes to human-in-the-loop research in healthcare by examining the augmentation 

work required to sustain an automatic speech recognition (ASR) system at a Danish hospital. 

Focused on ASR’s role in medical documentation, the study explores how it supports physicians 

operating in highly regulated environments while documenting electronic health records (EHRs). 

Integrated with EHR systems, ASR enables real-time dictation, offering faster input than typing and 

reducing screen time (Adedeji et al., 2024; Falcetta et al., 2023).   

 

Empirical studies on ASR in healthcare mainly focus on technological challenges such as accuracy 

of data output (Adedeji et al., 2024; Vase, 2025; Wiepert et al., 2023) and the systems’ ability to 

distinguish clinically relevant information from irrelevant data (Falcetta et al., 2023). However, 

studies involving social dimensions of ASR have been called for (Turri & Dzombak, 2023), along 

with strategies for mitigating AI-related harms within the broader societal use of ASR (Ngueajio & 

Washington, 2022; Prinos et al., 2024). Furthermore, EHRs are known to impose rigid frameworks 

for recording patient information, requiring physicians to balance their clinical responsibilities with 

organizational demands tied to digital systems (Berg, 1999; Heath & Luff, 1996; K. H. Pine & 

Bossen, 2020). The introduction of ASR as applications to EHRs represents yet another layer of 

formalization in recordkeeping. Although ASR has been in use for over a decade in public Danish 

hospitals (Alapetite et al., 2009), there is a notable scarcity of research addressing implemented 

ASR systems designed for “smaller languages,” such as Danish in public organizations (Vase, 2021; 

Vase & Berget, 2023). 

 

This paper first outlines related work on data work and human-in-the-loop methods, then presents 

the study’s methods and data. The analysis focuses on two key areas: the consequences of 

augmentation work in clinical documentation and the tensions emerging from AI auditing in clinical 

settings, followed by a discussion and conclusion. 

 

Related Work 

In healthcare, the formalization of domain experts’ roles related to complex machine learning 

systems is often neglected, with such responsibilities frequently emerging as informal 

accountabilities distributed across various professionals (Bertelsen et al., 2024; Bossen & Bertelsen, 

2023). Within the field of CSCW, a growing body of research has highlighted how sociotechnical 

practices inadvertently generate new data-related responsibilities (e.g., Bonde et al., 2019; Cerna et 

al., 2020; Marcu et al., 2021). Notably, data often lack structure or immediate usability, requiring 

additional human effort to render them functional, and research increasingly emphasizes the critical 

role of healthcare professionals in shaping data quality, which is crucial for the performance of AI 

systems. Poor-quality data can significantly undermine the effectiveness of these technologies, 
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further underscoring the need for robust data integrity in healthcare (K. Pine et al., 2022). 

Consequently, data do not come in a perfectly structured or readily usable form and require 

additional effort to be made functional. Specifically in healthcare, Bossen et al. (2019) describe 

efforts of “data work” as encompassing any human activity related to creating, collecting, 

managing, curating, analyzing, interpreting, and communicating data (p. 466).   

 

The critical importance of data work grows as large-scale information infrastructures expand, 

driving the use of health data for purposes such as data-driven management, accountability, and 

resource performance management (Hoeyer, 2023; Hoeyer & Wadmann, 2020; Langstrup, 2019). 

However, redistributing clinical tasks into data work can make these tasks feel disconnected from 

clinical realities and “meaningless” to clinicians, particularly when the work does not clearly 

improve patient care (Hoeyer & Wadmann, 2020). Still, professionals such as physicians, nurses, 

medical secretaries, and administrative clerks take on substantial data work, contributing to both 

clinical and non-clinical workflows.   

 

Although data work has expanded significantly with digitalization and the rise of large-scale 

datasets, it originally formed a key part of clerical and administrative roles (Bossen et al., 2012; 

Møller et al., 2017, 2020). Medical secretaries and administrative clerks were traditionally 

responsible for tasks such as recording, managing, and curating data in healthcare and other sectors. 

With the digitization of these workflows, the role of medical secretaries has received increased 

attention in CSCW literature for their critical contributions to data work (Bossen et al., 2012, 2014; 

Møller & Vikkelsø, 2012). However, despite their essential role in maintaining data integrity, 

secretaries’ contributions are often undervalued by organizations (Møller & Vikkelsø, 2012; K. H. 

Pine et al., 2016). This undervaluation persists even as their work remains central to ensuring data 

quality (Møller et al., 2020; K. Pine et al., 2022). In studies on ASR technologies used in hospitals, 

secretaries are frequently overlooked, often depicted as “physicians and their secretaries” (Johnson 

et al., 2014) or described as “fading away” with ASR implementation (Alapetite et al., 2009).   

 

Despite the significant human effort invested in data work, which is often critical for ensuring data 

accuracy and functionality (K. Pine et al., 2022; Ulloa et al., 2022), machine learning systems 

remain prone to errors (Abraham et al., 2020). The growing reliance on AI has further expanded the 

scope of data work, creating additional labor burdens for healthcare professionals (e.g., Verma et al., 

2023). Tasks now require advanced skills and involve a broader range of professionals to ensure AI 

systems function effectively (Bailey et al., 2020; Bestek & Grönvall, 2023; Griffen & Owens, 

2024), as while AI technologies are often expected to take over repetitive workflows, contextual 

understanding and judgment provided by human expertise is ongoing (Suchman, 2007).  

Non-Formal Roles in Augmentation Work 

The roles of humans and AI are continuously negotiated and reconfigured over time, challenging 

static views of task allocation that design research emphasizes by centering the importance of 

sociotechnical interplay (e.g., Suchman, 2007), offering foundational insights into how real-world 

configurations emerge and evolve in practice (Fitzpatrick & Ellingsen, 2013). In their empirical 
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study of algorithmic integration, Grønsund and Aanestad (2020) identify three interrelated 

transformations that materialize through the implementation of algorithmic systems. These 

transformations are centered around new roles, emergent work practices, and reconfigurations of 

organizational structures and define the contours of augmentation work in contemporary digital 

organizations. This concept differs from automation (where systems replace human labor) and use 

human-in-the-loop methods, particularly through human auditing and altering tasks. Auditing refers 

to the systematic evaluation of data outputs by comparing them against a trusted reference (usually 

human generated), identifying discrepancies, and providing input on errors or anomalies. Altering 

involves the modification of a system, data pipelines, or infrastructure in response to insights gained 

during auditing.  

  

AI systems, in turn, process large-scale data, produce classifications, and adapt through feedback 

from human auditing. Their study highlights the complex interplay between human actors and 

technical infrastructures, showing that it is not just a redistribution of tasks but an emergent form of 

collaboration among diverse professionals. However, the contributions of these humans, who are 

essential to making systems “work” in practice, often go unrecognized once the systems are 

operational, putting the sustainability of augmentation work at risk (Griffen & Owens, 2024; 

Herrmann & Pfeiffer, 2023). This means that while AI systems are built to process data and improve 

through feedback, their success depends heavily on humans who audit and alter them. These 

contributions often become invisible over time, leading to a fragility in augmentation work. Without 

institutional recognition and support for these human roles, the long-term effectiveness and 

adaptability of AI systems may be compromised.  

 

A foundational requirement for machine learning systems is the availability of annotated datasets, 

wherein human-labeled examples serve as the basis for machine learning to infer patterns and 

optimize predictive performance (Grønsund & Aanestad, 2020). Without them, the development of 

reliable, context-sensitive AI systems is fundamentally compromised. Prior research shows that 

much of this work is non-formal and can involve crowd-sourced microtasks (e.g., Amagyei et al., 

2022; Ticona & Mateescu, 2018). For example, in healthcare-related AI development, non-clinical 

humans may be tasked with annotation work such as segmenting images while they do not hold 

formal responsibilities within health institutions even though clinical AI applications depend 

directly on the quality of the labeled data these workers generate (Calota et al., 2024; Miceli & 

Posada, 2022). Similarly, clinical workers can be tasked with annotating content used to alter AI 

systems for later use in medical contexts but are often excluded from the institutional recognition 

frameworks that define clinical professional accountability or from authorship lists, rendering their 

work invisible despite its systemic importance (Bailey et al., 2020; Choroszewicz, 2024; Park et al., 

2024; Vase, 2025).   

 

Augmentation work also requires auditing wherein human actors intervene to oversee, interpret, and 

then possibly annotate the outcomes of machine learning classification. Auditing is an iterative 

process encompassing multiple stages of the AI lifecycle, including technical validation, clinical 

evaluation, and regulatory assessment (Oala et al., 2021). These processes aim to identify and 
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mitigate risks such as biases and robustness challenges, thereby enhancing the quality and reliability 

of AI systems. Auditing work has evolved over time as AI systems grow in complexity and formal 

roles, such as AI Ethics Officer, AI Auditor, and AI Risk Manager. These roles are increasingly 

becoming recognized along the value of domain expertise (Andrews et al., 2022; Bossen & 

Bertelsen, 2023; Dixit et al., 2021). Auditing in human–AI interaction has been examined in 

industrial contexts, where Deng et al. (2023) demonstrate that users often play a critical role in 

identifying algorithmic biases and systemic failures. Their findings suggest that AI is increasingly 

automating complex, judgment-based human tasks while frequently falling short in doing so 

effectively. Deng et al. argue that auditing must involve the active engagement of diverse 

stakeholders in iterative feedback cycles, particularly through user-led audit tools, to ensure that AI 

systems remain responsive and align to the evolving needs of their specific domains. Likewise, 

Grønsund and Aanestad (2020) argue that despite lacking formal training in data science or 

computational fields, domain experts provide essential contextual knowledge for data auditing and 

play a critical role in altering AI systems within specific operational settings. Furthermore, Oala et 

al., (2021) suggest a multidisciplinary approach to auditing in healthcare. They underscore the 

importance of cross-stakeholder communication, ensuring developers, clinicians, and potentially 

even patients can understand and act on audit findings. Overall, human audit work (such as 

overseeing and annotating data) provides ground truths, identifies system errors, and sustains 

feedback loops necessary for continuous algorithmic alignment to better fit operational realities 

(Deng et al., 2023; Oala et al., 2021).  

Human-in-the-Loop  

As AI systems are introduced into real-world environments, they frequently modify existing work 

practices and task configurations (H. Chen et al., 2024; Holstein et al., 2023; S. Zhang et al., 2024). 

Consequently, implementing these systems often necessitates organizational changes, such as the 

creation of new roles, routines, and infrastructures to support sustained human–AI collaboration 

(Benbya et al., 2021; T. S. Sun et al., 2023). Despite this, there remains a lack of empirical research 

documenting how augmentation work and the ongoing human labor required to support and adapt 

AI systems develops over time and across institutional boundaries.   

 

When focusing on AI system development based on expert human auditing, many studies focus on 

early stages, where users are consulted to annotate data or verify outputs before system deployment 

(Hauptman et al., 2022; R. Zhang et al., 2021). This approach can help designers address 

unpredictable failures that arise from relying on static assumptions during early design (Benbya et 

al., 2021). Furthermore, it allows them to locate and improve technology behavior unexpected by 

users, to mitigate mistrust of data outputs (Fokkens & Vossen, 2022; Sittig & Singh, 2017). Human-

in-the-loop methods are increasingly recognized not only as technical strategies for improving 

model performance but also as organizational frameworks for managing augmentation work. 

Human-in-the-loop serves to organize auditing work, which involves the evaluation and annotation 

of AI outputs that together support the iterative alteration of AI systems as part of an ongoing 

feedback loop (Grønsund & Aanestad, 2020; Oala et al., 2021).   

 



 102 

Recent studies further highlight the importance of human-in-the-loop as a mechanism for adapting 

AI systems to evolving organizational workflows (Wiethof & Bittner, 2021). However, as these 

systems are embedded in dynamic contexts, transparency over who does what, and when, becomes 

difficult to sustain (Benbya et al., 2021; Bhatt et al., 2020; Fokkens & Vossen, 2022; Tubaro et al., 

2020). Human-in-the-loop methods are used for detecting hidden failures in machine learning 

systems and altering AI to better align with human needs (Hauptman et al., 2022; R. Zhang et al., 

2021), enhancing user understanding of how the model operates and why it makes certain decisions 

(Albahri et al., 2023). Others have considered how involving users too early can overwhelm the 

process, while limited involvement risks creating a product that does not meet user needs (Jeung & 

Huang, 2023). Consequently, defining parameters for expert input can be complex, yet crucial for 

obtaining meaningful insights without disrupting the development process (Jin et al., 2021).  

 

Following this, a study of Rezwana and Maher (2023) has raised concerns about who or what 

should be held accountable for data contributed through human-in-the-loop methods, especially 

when it generates or assists workflows. The researchers raise concerns regarding users’ discomfort 

with the opacity of AI systems, which creates uncertainty about how data are used and complicates 

the explanation of collaborations involving AI. As AI tools have been developed to tailor design to 

different user groups and to translate user feedback into practical improvements for developers 

(Vincenzi et al., 2024), the goal for data contributed through human-in-the-loop can become 

unclear. Iterative processes help detect machine learning failures, but these issues may only surface 

after multiple human-in-the-loop iterations in organizations (Q. Z. Chen et al., 2022; Workman & 

Dancy, 2023), yet iterative processes are crucial for aligning AI with user needs (Fazelpour & De-

Arteaga, 2022; Lee, 2024). These iterative processes underscore the importance of sustaining 

human-in-the-loop methods to enable augmentation work throughout the post-deployment phase of 

AI.  

 

In theory, human-in-the-loop approaches prioritize iterative refinement through continuous 

feedback from both users and developers, fostering user-centric design while addressing challenges 

stemming from static assumptions (Q. Z. Chen et al., 2022; Tonekaboni et al., 2022). Thus, by 

emphasizing active human auditing, human-in-the-loop principles help identify and mitigate 

empirical gaps in systems in use, which is also seen in AI applications such as ASR (Falcetta et al., 

2023; Turri & Dzombak, 2023). Within CSCW and human–computer interaction (HCI), auditing 

has led to growing interest in integrating human-in-the-loop into collaborative infrastructures that 

can support long-term human–AI interaction (T. S. Sun et al., 2023; Zheng et al., 2021), such as 

healthcare organizations (Fischer et al., 2021; Griffen & Owens, 2024; Lebeña et al., 2022).   

 

Nonetheless, fewer studies have examined how human-in-the-loop methods unfold in use—that is, 

how organizations sustain human involvement as systems evolve in expert environments. 

Sustaining human involvement is important, as even after AI systems are in use, humans continue to 

play essential roles in tasks such as data auditing (Herrmann & Pfeiffer, 2023; Rong et al., 2024; 

Wu et al., 2022). Consequently, trust has emerged as a foundational dimension of augmentation 

work, grounded not in abstract notions of explainability but in users’ situated interactions and 
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accumulated experience with AI systems (Baldassarre et al., 2024; Duan et al., 2024; Verma et al., 

2023). Augmentation work reframes the design imperative: from making systems explainable to 

ensuring they are auditable—ensuring that systems are equipped to expose and address errors as 

they emerge during use to enable humans to develop a working understanding of machine learning 

(Sushir & Bhutada, 2025). Future work should, therefore, emphasis human-in-the-loop methods to 

account for the ongoing, reciprocal adaptation between humans and AI in real-world contexts (Shen 

et al., 2024). However, empirical access to real-world cases remains limited (e.g., Bossen & Pine, 

2023), and relatively few AI systems have successfully transitioned into long-term operational use 

(Andersen et al., 2021). Overall, human-in-the-loop methods have proven effective in early 

development stages, their real-world implementation and maintenance remains underexplored. 

Thus, we position this paper within the literature by making a distinct contribution to human-in-the-

loop AI methods examining a system that has been implemented for several years, rather than 

reiterating the conventional point that “human oversight is needed.” Specifically, we shift attention 

to the continuous, institutionally collaborative work required to augment AI systems in healthcare as 

an organization for sustaining both auditing and alteration work.  

 

Methods  

To explore human–AI interactions in a clinical context, we conducted a collaborative, interpretive 

re-analysis of previously collected ethnographic fieldwork from 2020-2022. Our findings are 

grounded in a fieldwork conducted at a regional hospital in Denmark where ASR has been in use 

for more than a decade. During our research, SpeechMagic 8 provided by Omilon was implemented 

with a Danish language model from Microsoft (formerly Nuance). The system was subject to 

continuous AI altering to enhance its performance. We observed a specialized department where 18 

physicians (16 male, two female) were required in non-formal ways to use ASR for transcription. 

Clinical ASR systems often leverage language models pretrained on large historical EHR data 

corpuses (e.g., Vogel et al., 2015), characterized by sparse data points per patient and concentrated 

within specific medical domains, which has led to unique models of clinical terminology seldom 

encountered outside healthcare contexts (Adedeji et al., 2024). The ASR system was built on a 

Hidden Markov Model, which translates spoken words by predicting probable terms based on prior 

text in a note where the clinical language model serve as the foundational knowledge for the 

machine learning (e.g., Lewis, 2016). In other words, it relied on rule-based machine learning 

approaches that follow expert-defined guidelines, or “rules of thumb,” as opposed to more complex 

deep learning or natural language processing methods. This rule-based approach enabled the system 

to predict likely word choices, supporting standardization in spelling and language use and thus 

enhancing documentation accuracy. However, while rule-based approaches offer control through 

explicit logic but lack adaptability (e.g., Esposito et al., 2025), the model implemented used human-

in-the-loop methods where users annotate data output without needing to program rules.  

 

Due to stringent data privacy regulations, data from the ASR system were stored on a local server 

within the hospital, which imposes constraints on storage capacity and underscores the necessity for 

data annotation (e.g., Chiang, 2023; Li et al., 2023). To mitigate obstacles, such as memory 
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exhaustion, continuous annotation can be vital for altering the clinical language models, improving 

the system’s recognition accuracy (Lybarger et al., 2018; Ragni & Gales, 2018). 

Data Collection  

Our empirical material consisted of transcribed semi-structured interviews, in-situ interviews, and 

field notes from observations and participant shadowing. The observational material was developed 

into thick descriptions (Baarts, 2015), providing detailed contextual insight into clinical 

documentation practices and the sociomaterial arrangements shaping them. Additionally, short 

audio recordings and photographs were collected during earlier stages of ethnographic engagement 

to further support and contextualize the analysis. The research was conducted in an orthopedic 

surgery department of a public regional hospital, involving a range of stakeholders, including 

physicians, medical secretaries, medical department managers, IT managers and external ASR 

system developers representing suppliers. 

 

The ethnographic data reflected a study that took place in two rounds, each lasting three months. 

During this period, three physicians were shadowed throughout their entire daytime shifts 

(Czarniawska, 2018), starting from their morning meetings at 7 a.m. and continuing until the end of 

their workday, typically concluding around 6 or 7 p.m.. This shadowing occurred approximately 

three times a week and allowed close observation of the physicians’ use of ASR technology for 

completing EHRs both in outpatient clinics and hospital wards. Over 220 patient consultations were 

observed, and approximately 300 instances of EHR documentation were recorded during these 

consultations. Observations, following ethnographic methods as described by Bernard et al. (1986), 

were conducted across a variety of settings, including patient wards, hallways, shared offices, and 

during daily interactions between physicians and medical secretaries. These observations were 

complemented by in-situ interviews conducted during fieldwork, in line with Jordan’s (1996) 

approach, which provided real-time insights into human–AI interactions involving ASR technology 

in clinical documentation. Additionally, shadowed physicians participated in a focus group 

interview (Gawlik, 2018), providing further insight into their experiences with ASR technology. 

Qualitative interviews (Gudkova, 2018) varying from 20 min to 2 h were conducted with physicians 

(n = 14) at the observed department, medical secretaries (n = 4) supporting ASR, IT managers (n = 

4) and IT staff (n = 3) who maintain everyday issues related to hardware issues or software glitches, 

and external ASR system developers (n = 4) representing the ASR suppliers who are responsible for 

altering the AI model. Quotes are labeled according to their source: interviews (“I”) and in situ 

question-asking and observations (“O”).  

Data Analysis 

As part of this study, we conducted an interpretive re-analysis of previously collected ethnographic 

data. This approach enabled us to closely examine how human-in-the-loop methods unfold in 

practice, with particular attention to ASR-augmented clinical documentation and the associated 

work arrangements within the observed hospital department. While the empirical material has been 

used in earlier analyses (e.g., Vase, 2025), the analytical focus in this study is distinct, offering new 

insights into the situated dynamics of human–AI collaboration. Our analytical approach was guided 
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by abductive reasoning (Timmermans & Tavory, 2012), enabling an iterative movement between 

empirical material and conceptual frameworks. Rather than applying a single theoretical lens, we 

adopted a dual, adaptive strategy that allowed us to surface multiple dimensions of AI-augmented 

clinical documentation. The analysis began with collaborative thematic coding of interviews, 

observations, and field notes, which were revisited repeatedly to refine emerging insights. 

Recurring patterns in the data were not only inductively identified but also interpreted through 

established CSCW perspectives. However, to guide our interpretive analysis, we engaged the 

concept of augmentation work as defined by Grønsund and Aanestad to locate ongoing human labor 

required to sustain AI-supported work within clinical practice. Rather than treating AI 

implementation as a discrete technological event, we foregrounded how clinicians remain actively 

involved in shaping system performance through auditing work. This framing enabled us to locate 

human-in-the-loop methods as these unfold into clinical documentation. 

 

In analyzing this work, we drew on the CSCW concept of articulation work (Schmidt & Bannon, 

1992; Strauss, 1988), which refers to the invisible but essential coordination activities that ensure 

distributed tasks, roles, and technologies align in practice. Articulation work captured the 

continuous efforts clinicians make to “hold things together”—especially in complex environments 

such as healthcare, where uncertainty, breakdowns, and interdependence are widespread 

(Fitzpatrick & Ellingsen, 2013). In this study, we used this lens to examine how augmentation work 

around an ASR system functions as articulation: work that enables the integration of partially 

automated processes into the ongoing flow of clinical documentation.  

 

By combining these conceptual perspectives with abductive reasoning (Timmermans & Tavory, 

2012), we iteratively linked emergent patterns in our data with theoretical insights from CSCW. 

This enabled us to identify how clinicians’ interactions with ASR technology involved not only 

system correction but also the sociotechnical negotiation of accountability and reliability in AI-

augmented documentation workflows. 

 

AI Augmentation Work in Clinical Documentation 

Before the introduction of ASR systems, clinical documentation followed a process where 

physicians would dictate notes for the EHR, which medical secretaries then transcribed. Physicians 

would then sign off the data input (see Figure 1). These dictated messages were not limited to 

clinical narratives; they frequently included administrative instructions, such as referrals, scheduling 

diagnostic tests, or discharge summaries. Thus, medical secretaries played a pivotal role in both 

transcription and administrative coordination. However, due to physicians’ varying schedules, 

dictation devices were often handed over after secretaries’ work hours or on weekends, delaying 

transcription and hindering real-time documentation. 

 

 

Figure 1 
Documentation Work Before Implementing ASR at the Clinical Department 
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Note. Physicians recorded dictated notes on handheld devices, which were then physically 
delivered to medical secretaries. Using keyboards, secretaries manually transcribed the 
recordings into the EHR. Physicians would later review and sign off on these transcriptions.  
 

Following the implementation of ASR, physicians are now expected to dictate directly into the 

EHR. Institutional policy mandates that physicians over the age of 40 utilize ASR for clinical 

documentation, whereas younger physicians (less accustomed to dictation practices) are required to 

enter documentation manually via keyboard input: “That is probably the thing about young doctors 

not even knowing how to dictate. They don’t. They are used to writing everything themselves, so 

they think it’s a huge help if they can make it work” (Medical secretary - I). 

 

The speech-to-text system automates real-time transcription and disregards the need for secretarial 

transcription. However, ASR has introduced new tasks. In addition to documenting EHRs, 

physicians are now responsible for dictating, reviewing, and correcting ASR-transcribed content. 

Alongside IT professionals who maintain the system infrastructure, both physicians and medical 

secretaries contribute to ASR maintenance by auditing its outputs: First, when ASR mistranslates a 

word, physicians highlight it to trigger a dropdown menu with suggested corrections. Selecting a 

suggestion annotates the data; if the correct word is missing, it must be entered manually using the 

keyboard, which also annotates the ASR-generated data output. Second, medical secretaries, 

designated as super users, play a key role in validating physician annotations. These include not 

only clinical terms but also everyday words, spelling errors, or nonsensical strings (e.g., 

“lksfue%/g”). Super users review and clean these data before they are forwarded to external 

developers, who use the audited data by altering the clinical language model underlying the ASR 

system (see Figure 2). This embedded auditing and altering of the work forms part of the 

distributed, collaborative augmentation work involving physicians, super users, and external ASR 

developers, which gives rise to tensions that we elaborate on in the following chapter. 
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Figure 2 
loop of auditing data 

  
Note. The figure illustrates various professionals in the loop of auditing data output and altering the 

ASR language model. These collaborative tasks enable the AI augmentation needed to sustain how 

the system supports documentation work.  

 

Tensions Rising from Collaborative Augmentation in Clinical Settings  

This chapter illustrates collaborative augmentation work on the ground by exemplifying tensions 

situated in clinical contexts.   

Tensions Between Documentation Work and Auditing Work  

Efforts to integrate ASR into clinical documentation have led to the imposition of auditing 

responsibilities onto physicians. This section explores how tensions between documentation work 

and auditing work create a series of contradictions between physicians’ expectations of their clinical 

roles and the technical implications of maintaining the AI-supported system. These tensions 

manifest in physicians’ experiences of overhead work, where the ongoing need to review and 

correct ASR outputs is seen as time consuming and misaligned with their core professional tasks. 

These tensions also surface through role confusion, as boundaries blur between clinical 

responsibilities and what is perceived as clerical or administrative labor. Moreover, physicians 

report a reduction in clinical capacity, as the time spent on auditing and documentation interrupts 

the pace of patient care while serving less quality than human transcription.  

 

Physicians Perceive Responsibility for ASR Auditing as Misplaced   

Physicians experience being overburdened with auditing work as an add on to documentation work: 

“There is an extreme amount of registration work [auditing work] here at the hospital compared to 

other hospitals—all regarding training this [ASR] and registration and secretary work” (Physician - 

I).   
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Documentation is already a time-consuming part of clinical practice, and the addition of auditing 

introduces further workload. Physicians must review and correct AI-generated entries in the EHR 

before signing off—for example, ensuring that a phrase such as “abdominal pain radiating to the 

back” is not mistranscribed as “abdominal pain raiding too back.” Physicians find that auditing 

work defers from their responsibilities and is comparable to secretarial tasks, suggesting that such 

responsibilities fall outside the traditional scope of a physician’s professional role. Moreover, the 

mention of variation across hospitals implies an awareness that this added burden is not nationally 

applied. To sum up, physicians feel overburdened by auditing tasks, which they perceive as outside 

their clinical responsibilities and more appropriate for secretarial roles.  

Physicians Avoid Documentation Work at Night Due to ASR Differing in Quality  

The following account reveals how auditing work requires a level of attention and recalls that it is 

incompatible with certain documentation work:  

 

It [ASR] senses that you’re tired. Then you wait until the next day to fill out your 

journal, but then you forget what happened in the meantime about what needs to be 

written. If you’ve been at work all night, you’re also extra tired, and then you can’t 

remember it [what needs to be documented] at all. I hate speech recognition at night. 

Sometimes I say: fuck it! I don’t want to bother with it anymore, and then you get 

called into surgery, and then you don’t have time to fill out the journal. (Physician - O) 

 

The quality of ASR input relies heavily on clear speech. However, when the system cannot 

accommodate deferred documentation without penalty, physicians are either forced to spend 

additional time auditing and correcting incomplete or inaccurate transcriptions of their voices, or to 

abandon ASR entirely during irregular working hours. In this context of night shifts, the following 

extract illustrates that requirements for physicians to complete documentation within the same shift 

conflicts with the realities of clinical workflow, where urgent and unpredictable demands often 

override routine administrative tasks:  

 

Several physicians express frustration with the requirement to complete patient 

records during the same shift, even when working night duty. They describe this as an 

unrealistic expectation, particularly given the frequency of urgent tasks that interrupt 

their workflow throughout the night. Physician ‘Karl’ notes that after performing 

surgeries all night, he often cannot think clearly or remember patient details when 

sitting down to complete records in the morning. (Physicians - O)  

 

This expectation of real-time documentation fails to account for cognitive fatigue and undermines 

established temporal rhythms of clinical documentation forming a misalignment between ASR 

system expectations and the situated, interruptible nature of clinical work, particularly during night 

shifts.   
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Overall, physicians express that ASR auditing requires a level of speech clarity and attention. 

Furthermore, recalling what must be documented is incompatible with night-shift documentation 

work, as physicians experience cognitive fatigue. The transcription shift from secretaries to ASR 

introduces real-time auditing, which conflicts with urgent and unpredictable clinical tasks.  

Non-Clinical Words Need Manual Typing to Maintain Accuracy in Documentation Work  

Another concern expressed regarding physicians’ documentation work augmented by ASR regarded 

the system’s difficulty in transcribing non-clinical or everyday language, particularly in discharge 

letters where informal, patient-facing phrasing is required:  

 

Letters are the most annoying thing when using speech recognition. That’s because 

you have to use ordinary spoken language here. And it doesn’t bother to figure out 

how to write that. I still use it, and then I just have to correct it. (Physician - O)  

 

Physicians expressed that ASR routinely mistranslates common expressions, requiring repeated 

correction and annotation. This results in a form of focused auditing work for sentence structure, 

endings, and everyday phrases. One physician describes this as follows: “I always write proper 

nouns on keyboards. I just know it can’t do that” (Physician - O), while another confirms: “Certain 

words never work. You should intentionally avoid them” (Physician - I). 

 

In sum, these accounts reflect a tension between linguistic variability in documentation work and 

the technical constraints of ASR auditing, where physicians must correct and adapt to produce 

coherent and appropriate records. As ASR systems fail to accommodate non-clinical language 

required for patient communication, physicians develop informal strategies to cope with these 

known limitations, such as avoiding certain words, manually typing proper nouns. 

Maintaining Accurate Documentation Requires Ongoing Human Intervention by Super Users 
and Managers  

A central concern is the potential for misinterpretation in the EHR due to ASR mistranslations, 

raising serious questions about data quality and clinical decision making. In response, the 

department has implemented ad hoc quality control measures. Medical secretaries and department 

management manually sample and review printed medical records to assess accuracy:  

 

Sometimes, I manually test the quality. Then, I asked the secretaries to print out 10 

medical records made by each of their physicians, just random samples. And I have 

done this 3–4 times. Then, I simply sit and read all the samples and mark mistakes in 

categories where I think it was a small mistake, a slightly serious mistake, or a 

genuinely grave mistake. (Medical Secretary - I)  

 

This manual quality review underscores the lack of systemic mechanisms for evaluating ASR 

performance and highlights how error correction remains a time-intensive, human task. Moreover, 

physicians often forget how to annotate properly, leading to recurring inconsistencies. These 

conflicts results in reliance on secretarial staff to provide guidance or retraining—a task that is 
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rarely feasible due to limited time and staffing capacity: “Well, I have tried to make an ASR 

meetup, and I try to reach physicians by email to set up meetings to educate them once a year. But 

they do not have time” (IT manager - I).  

 

Overall, concerns over data quality have led to manual quality checks due to frequent ASR 

transcription mistakes. However, support for physicians in properly annotating and correcting ASR 

outputs is limited due to the absence of allocated time for training.  

Tension Between Auditing Work and Altering Work  

Tensions between auditing work and altering work emerged from the analysis as a growing sense of 

frustration among physicians who see little evidence that their corrections lead to improved 

recognition or altering the technology over time. The findings suggest that developers maintain that 

successful altering relies on access to large volumes of high-quality, annotated data. However, this 

process remains opaque to users who contribute to system auditing without access to feedback 

mechanisms. Moreover, altering becomes decentralized and dependent on local auditing work, yet 

disconnected from clear technical or institutional pathways for altering.   

Physicians Experience a Disconnect Between Ongoing Auditing and Visible Altering  

Developers promote the ASR with the assumption that users will audit data output in ways that 

contribute to machine learning. As one developer states: “Technically, I can deliver systems that 

recognize speech really well. However, it requires that they [physicians] speak clearly and correct 

their mistakes” (Developer - I). Such views surfaced mainly in relation to non-formal 

accountabilities whereby physicians are expected to take on auditing tasks during documentation 

work to contribute to a collective altering of the speech model through consistent corrections.   

However, this expectation does not align with physicians’ experience of the system’s performance 

over time. One physician, reflecting on years of interaction with the ASR system, expressed 

frustration about the need for auditing: “I have done this in the past nine years without it having 

changed a bit” (Physician - I). While physicians are led to believe their auditing has long-term value 

(altering), they see no evidence of system adaptation:  

 

I cannot teach it anything. […]. They [IT professionals and secretaries] proclaim that 

physicians can change and train it and to change ‘inspection’s throat specialist’ to 

‘inspection by ear, nose, and throat physician,’ as an example. Then, I had to mark the 

text and write it again where it is important not to write or spell it in the wrong way, 

and then it should know what I mean when I have approved the text” (Physician - I).  

 

The findings suggest that physicians experience a compounding of responsibilities, as they are 

required to perform auditing tasks without perceiving any meaningful impact on system 

performance or improvement. This lack of feedback contributes to a sense that their efforts are 

wasted. 
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Users Express Uncertainty Over Whether ASR Auditing Contributes to Collective System 
Learning 

Tensions were expressed in relation to personalized ASR performance. There were some 

suggestions that system altering is not a collaborative but an individual technical process: 

 

What I’m really most tired of is that the system just doesn’t recognize some people 

well enough. And honestly, I think it’s personal. Over the years, I’ve come to accept 

that this is just how it is: some people get recognized well by the system, and some 

don’t. I truly believe it has something to do with how careful and patient you are from 

the beginning—whether you’ve learned to correct the system properly and whether 

you save things the right way, so that it can continuously update its model and 

improve recognition. (Medical Secretary - I)  

 

While auditing and altering work becomes questioned as individualized, similar concerns emerged 

in our analysis where informants expressed that the system’s altering mechanisms were opaque. 

Discussing this issue, two physicians expressed the following: “You have to put a word into the 

dictionary yourself, and it should learn a little bit from it. I try to see if it gets better, but I am not 

sure.” The other replied, “They [medical secretaries] say it [ASR] is personalized. However, if you 

do not train it, it displays that your profile has a good recognition percentage. This does not really 

mean that it’s good; it means that you do not correct the words or that you do not use it at all” 

(Physicians - I).   

Overall, the opaque altering processes intensify tensions, as physicians are expected to contribute to 

the altering and, thus, improvement of the ASR machine learning through auditing, yet they lack 

mechanisms for seeing the effects of their contributions.  

Physicians’ Contributions Through Auditing Enable Altering They Cannot Access 

Developers acknowledge that meaningful altering depends on access to large volumes of high-

quality clinical text, yet such access is limited. As one developer explains,   

 

You can build a dictionary, sure. But only if you have access to a large volume of 

notes. That means you need to collect a lot of journal material to create a reliable 

training base. So it’s a bit of a chicken-and-egg situation: to get clients, you need a 

good speech recognition dictionary, but to build that dictionary, you need clients who 

generate the data in the first place. […] That’s one of the biggest challenges. Training 

the speech recognition effectively requires large, high-quality datasets. (Developer - I) 

 

This quote highlights the supplier’s perspective, where local auditing work is understood as both 

necessary and potentially extractive.   

 

Moreover, developers express altering as separated from the sites of auditing: “While we actually 

hold valuable data—the ‘gold,’ so to speak […]—it’s taken us years to develop these dictionaries 

through close collaboration, and there’s a reluctance to give that work away after so much 
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investment” (Developer - I). The quote acknowledges that ASR improvement relies on collaborative 

data auditing to alter ASR systems, but it also highlights institutional reluctance to share and 

centralize altering work.  

 

In summary, developers emphasize that altering work relies on access to large volumes of high-

quality data. This is enabled by auditing and subsequent decentralized altering as data access to a 

large volume of historical clinical text is constrained.  

Tension Between Clinical Work Organization and Collaborative Augmentation 
Work Organization    

The integration of ASR technology into clinical documentation has led to collaborative 

augmentation work, in which physicians are expected to perform both documentation and auditing 

work simultaneously. This dual responsibility is not formally mandated but emerges through non-

formal expectations set by management and developers, positioning physicians as continuous 

contributors to the system’s calibration and altering. From our analysis, tensions emerge as auditing 

is embedded into routine documentation practices, producing an “always-on” form of accountability 

that reshapes how clinical work is organized. The requirements of engaging in collaborative 

augmentation work reveal a mismatch between the expectation of consistent, user-driven auditing 

and the absence of institutional support to sustain it. Furthermore, poor tools for articulating 

augmentation work fail to reflect the actual extent or quality of engagement while ASR-augmented 

documentation slows clinical workflows. 

Physicians Perform Auditing Work as Part of a Broader Collaborative Augmentation  

A key concern reflects a sense of collaborative augmentation, where physicians are not only users of 

the ASR system but also continuous auditors to enable altering and system improvement. Imposed 

by management and suppliers, collaborative augmentation embeds system maintenance into 

everyday documentation, reshaping the organization of clinical work: “Failure to correct errors 

effectively communicates to the system that the recognized words are accurate, even when this is 

not the case” (IT manager - I).  

 

The statement illustrates how the system interprets non-action (i.e., not correcting mistranslated 

speech) as a form of annotation. Furthermore, the ASR interface does not offer ways for physicians 

to opt out (or opt in) of auditing responsibilities. Rather, just by using the system, physicians are 

assumed to be actively annotating data and thereby auditing work, which creates an “always on” 

accountability embedded in collaborative augmentation work.  

 

Overall, a form of collaborative augmentation, where physicians are expected to simultaneously 

perform documentation work and auditing work is shaped by non-formal expectations from 

management and developers positioning physicians as continuous contributors to altering work. 

Auditing is embedded into everyday documentation through an “always-on” accountability.  
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Physicians’ Lack of Understanding About ASR Annotation Leads to Ineffective Auditing Work 

Collaborative augmentation work requires auditing performed in parallel with documentation work, 

and it allows opportunities for physicians to enable ASR calibration to their accent: 

 

You can go back and train the system by repeating the word several times. This 

function is useful for a person who is hard to understand [for the ASR system]. Like if 

a person has an accent. Then he can practice the words for his profile. (IT manager - I) 

 

This quote highlights a key tension in our study: the unspoken expectation that physicians will 

continuously audit ASR output as part of their routine documentation work, thereby contributing to 

the long-term improvement of the system through collaborative augmentation efforts. As one super 

user explains, auditing is an ongoing part of using the system, implying that performance 

improvements are seen as the responsibility of individual users.: 

 

When I tell them, ‘If you have speech that is recognized wrongly, mark the word with 

the cursor, and then type it on the keyboard. That is the best way for it to learn.’ […] 

and if they don’t have that understanding of the functionality and the technical aspects 

involved, then they mess around in their profiles and their sounds. (Medical Secretary 

- I) 

 

Furthermore, developers see auditing responsibility as lacking support in clinical work routines 

while the burden falls unevenly on physicians who are left to interpret how best to audit: “I see that 

some physicians correct [annotate] an enormous amount. Furthermore, you can then fear speech 

recognition works poorly, but I do not think so. [...] physicians forget how to use the system” 

(Developer - I). 

 

In sum, collaborative augmentation work requires physicians’ ongoing effort to improve system 

calibration. Developers and super users frame this improvement process as a matter of individual 

responsibility, yet physicians receive limited support or guidance. As a result, the burden of auditing 

work is often unrecognized within formal clinical workflows.  

Poor Tools to Support the Articulation of Augmentation Work  

Recognition rates refer to a metric used to evaluate the performance of an ASR system. In clinical 

settings, it presents a percentage score that reflects how accurately the system has transcribed 

spoken input into written text. Medical secretaries, IT managers, and developers use recognition 

rates to get an overview of physicians’ engagement in auditing work. While recognition rates may 

be high, they often reflect a lack of corrections rather than system accuracy: “It may as well be 

97%, but it is an expression of a physician who does not correct [annotate data] much” (Medical 

Secretary - I). 

 

The human labor that sustains the system through real-time correction and annotation is not 

captured by existing metrics. Auditing is assumed to be distributed across users, yet the primary tool 
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used to measure it obscures the very work that keeps the system functioning. As a result, the 

invisible labor that makes the system work goes unrecognized, undermining accountability and 

meaningful support for human-in-the-loop practices.  

 

In sum, recognition rates are commonly used to assess ASR performance by showing the percentage 

of correctly transcribed speech. However, high recognition rates often indicate a lack of corrections 

rather than true system accuracy. This makes them a poor proxy for measuring the real-time human 

effort.  

ASR Enables “Older” Physicians to Conduct Real-Time Documentation Work Which 
Diminishes Clinical Pace  

The following excerpt illustrates that rather than streamlining work, physicians experience ASR as 

slowing down documentation work, ultimately compromising their clinical efficiency and 

professional performance:  

 

Before speech recognition, you spent an hour maximum on patients, and at the 

outpatient clinic I used to see 22 patients in a day. The list I have now is like when I 

was a new graduate; it’s a baby list. Before speech recognition, experienced doctors 

could see 25 to 30 patients a day, where now you can only see 12 patients. You can 

spend a whole hour on patients, and the rest is such bother. (Physician - O) 

 

The physician’s account highlights a perceived regression in expertise and workflow capacity that 

reflects frustration: ASR, despite being a tool intended to augment documentation work, impacts 

physicians’ sense of progress. Moreover, older physicians are required to use ASR and experience 

this obligation as a loss of competence or a levelling down of their skills to that of junior 

colleagues. To conclude, physicians report that documentation work involving ASR slows down 

both ward and outpatient clinical workflows. For experienced physicians, this slowdown is 

experienced as a regression to the capacity of a novice. 

 

The tensions arising from collaborative augmentation work in clinical settings highlight that it 

involves more than just the operational use of ASR systems. It also requires the coordination of 

interdependent human and technical tasks that support clinical documentation. This coordination 

gives rise to articulation work: the ongoing efforts to align responsibilities and manage workflows 

across auditing and altering activities. As shown in Table 1, documentation, auditing, altering and 

articulation work, thus, constitute the core of collaborative augmentation work. 

 

 

 

 

 

Table 1  
Distributed, Collaborative Augmentation Work 
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Actor Documentation/Auditing Work Altering 

Work 

Articulation Work 

 

Medical 

Department 

Manager 

IT Manager 

 Monitors recognition error 

rates 

 

Maintains local 

software/hardware 

Physician Oversees own EHR to quality assure data 

(for purposes of documentation) 

Annotates data output when correcting 

mistranslated words 

Continuously learns to use 

ASR 

Medical 

Secretary/ Super 

User 

Acts on EHR documentation notes 

(for purposes of patient trajectory) 

Validates annotated data 

Oversees EHR samples to quality assure data 

Manages calibration and 

profile setup 

Monitors recognition error 

rates 

Teaches physicians how to 

use ASR and how to 

annotate 

ASR System 

Developer 

Adjusts clinical language model to validated 

data 

Maintains external 

software 

  

Discussion  

This study investigated the consequences of integrating an AI-based ASR system into clinical 

documentation workflows in a Danish hospital. We show how collaborative augmentation work 

(i.e., the distributed, ongoing work of AI auditing and altering) reshapes clinical documentation 

practices. In the following sections, we discuss the consequences of dual-purpose data work, the 

ways in which human-in-the-loop forms the augmentation work, and the implications of the concept 

of distributed, collaborative augmentation work on HCI. 

Dual-Purpose Data Work   

Following prior research on data work that explores the human effort required to create, manage, 

and render data functional within complex infrastructures (Bossen et al., 2019; K. Pine et al., 2022), 

our study contributes to this literature by identifying a form of dual-purpose data work. While data 

work has involved the structured entry and management of health data, new forms have emerged 

with the adoption of AI systems, particularly those using human-in-the-loop methods. These include 

tasks that often exist outside the official roles of clinical or clerical duties yet remain essential to the 

functioning of AI systems such as ASR. Unlike conventional EHR documentation work, which 

serves clinical, legal, or managerial purposes (Berg, 1999), this study shows that physicians’ 

documentation work involving ASR has a dual function. It interprets data and completes EHRs 

while also producing a dataset for AI altering. As part of documentation work, physicians engage in 

real-time correction, which also serves as annotation of ASR-generated data for secondary AI 
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auditing purposes. AI auditing is a distinct form of data work, which mostly is secondary to the 

focus of the physician, yet at times it becomes the primary focus. This dual purpose gives rise to 

several consequences, including the management of dual accountabilities, institutional ambiguities, 

and a lack of transparency that collectively undermine auditing work. In the following section, we 

elaborate on these dynamics to examine one of the initial objectives of this study of how ongoing 

auditing is negotiated as part of collaborative, sociotechnical work in clinical contexts.  

Managing Dual Accountabilities 

Critical perspectives have raised concerns about the increasing datafication of healthcare, warning 

that it may shift clinicians’ focus from patient-centered care to meeting algorithmic demands 

(Bossen et al., 2019), as AI-assisted workflows, while framed as tools for efficiency, may erode 

collaborative and context-sensitive practices that underpin sound clinical judgment (Procter et al., 

2023). A key concern is the added burden of documentation: translating complex, context-rich 

clinical encounters into structured data often requires simplifications and omissions, reinforcing a 

logic of audit over one of care.  

 

Our findings show how ASR systems introduce non-formal forms of accountability by treating 

uncorrected errors as accurate inputs, effectively turning inaction into tacit annotation. This 

“always-on” logic collapses the boundary between documentation and system training. For 

example, during night shifts or emergencies, clinicians may lack the capacity to review and correct 

ASR outputs, leading to misalignments between system expectations and clinical priorities.  

As Heath and Luff (1996) show, clinical documentation is already shaped by multiple overlapping 

accountabilities: it must serve the immediate needs of the patient, support future clinical decisions, 

and fulfill institutional requirements. The integration of ASR systems adds yet another layer in 

which clinicians are expected to correct and annotate transcriptions in ways that contribute to 

system altering. This requires them to anticipate how their edits will be interpreted not only by 

colleagues but also by machine learning and external developers with whom they have no direct 

relationship.   

Institutionally Ambiguous Digitalization 

While digitization is often framed as a means to enhance transparency and consistency in 

healthcare, our findings suggest that it simultaneously produces new forms of institutionally 

ambiguous labor. As shown in prior work on emergent data work (Møller et al., 2021; K. H. Pine & 

Bossen, 2020), documentation may be “improved” but often only in specific, partial ways that 

reflect the demands of the systems in which they are embedded. In the case of ASR, this takes the 

form of clinicians non-formal auditing an activity critical to system performance yet misaligned 

with clinical priorities.  

 

This labor is further complicated by its reach beyond the hospital. Physicians and medical 

secretaries contribute data that is routed into commercial ASR development pipelines, shaping 

algorithmic models without receiving visibility into how their work is used. Such dynamics reflect 

broader concerns about how AI-supported infrastructures redistribute accountability while rendering 

human contributions invisible (Bergey et al., 2019; Ulloa et al., 2022). Importantly, these patterns 
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are not accidental but reflect how data work is structurally organized without clear attribution 

(Miceli & Posada, 2022). Consequently, clinicians are left to navigate increasingly complex 

accountabilities while often forced to reconcile care-centered values with altering demands due to 

AI-supported clinical documentation.   

Lack of Transparency Undermines Auditing Work  

On a technical level, ASR auditing contributes directly to the enhancement of AI system 

performance by providing data that can inform system altering. In this respect, it aligns with what 

Hoeyer and Wadmann (2020) characterize as “meaningful” data work that supports systemic 

improvement and serves broader institutional goals of documentation efficiency. However, the 

perceived value of auditing ASR output is often diminished by a lack of transparency and feedback 

mechanisms. This disconnect reduces physicians’ sense of efficacy and reveals that the 

meaningfulness of their contributions to AI-supported documentation is not solely determined by 

the data they produce. Rather, as empirical studies of human–AI interaction have shown (Deng et 

al., 2023; Holstein et al., 2023), meaningful contribution depends on interface and system design 

features that support contextual awareness and actively inform users about what the AI fails to 

capture—showing how their input complements and improves system performance. Without 

recognition of their contribution, auditors may come to perceive their tasks as ineffective, thus 

aligning their experiences with the domain of “meaningless work” described by clinical 

professionals in healthcare (Hoeyer & Wadmann, 2020). Consequently, ASR auditing illustrates 

how the boundary between meaningful and meaningless data work is not static but socially 

constructed and continuously negotiated.  

Human-In-The-Loop Forming Augmentation Work   

In this paper, we contribute to ongoing debates on human-in-the-loop AI by offering a 

reinterpretation of augmentation work, not as a reciprocal process of co-evolution between humans 

and AI as conceptualized by Grønsund and Aanestad (2020) but as situated collaborations among 

domain professionals sustaining AI systems in practice. Grønsund and Aanestad’s study examines 

augmentation work during the initial implementation of AI in organizational settings—a perspective 

that reflects the dominant focus in human-in-the-loop design research, which often centers on 

system development prior to or during implementation (Gross et al., 2019; Sharifi Noorian et al., 

2022). In contrast, our empirical focus shifts to augmentation work as it unfolds over time, 

emerging as a consequence of human-in-the-loop methods once AI systems are in use in 

organizations. 

 

Grønsund and Aanestad’s (2020) study demonstrated how AI implementation is not only about task 

redistribution but also about the emergence of new collaborative formations seen particularly 

through cycles of human auditing and altering. Their work illuminated the division of labor among 

formal roles, such as domain experts, data scientists, and data analysts, each participating in 

recursive loops to ensure AI alignment. However, as their model implies, the AI system learns 

through feedback loops from structured human audits, suggesting an infrastructure in which humans 

are visible, formal agents within human-in-the-loop AI.  
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Our study affirms the importance of expert auditing but reveals a decentralized configuration of 

human-in-the-loop in clinical contexts by three main findings exemplified below. Augmentation 

work emerges as inherently collaborative, sustained through distributed, real-time auditing 

embedded in clinical documentation work, what we define as collaborative augmentation work.  

Ongoing Necessity of AI Auditing in Human-in-the-Loop Systems 

Particularly in sensitive domains such as healthcare, a central tenet of human-in-the-loop literature 

is the need for human oversight to ensure safety, accountability, and system alignment with user 

needs (Rong et al., 2024; Wu et al., 2022). Human-in-the-loop methods are increasingly recognized 

for their role in fostering collaborative system refinement through iterative human feedback. These 

approaches are commonly employed in tasks such as data curation, annotation, and algorithm 

tuning, where human input enhances both the accuracy and adaptability of AI systems (Q. Z. Chen 

et al., 2022; Fischer et al., 2021; T. S. Sun et al., 2023). By incorporating real-time human oversight, 

human-in-the-loop methods address key limitations of offline testing environments, enabling early 

identification of system failures and improving alignment with user needs and expectations. Despite 

their promise, however, the application of human-in-the-loop techniques remains largely confined 

to the design and testing phases of system development. 

 

In contrast, our findings show that human oversight and continuation of AI auditing work remains 

necessary even after AI systems mature. The notion that AI systems will eventually “get better” and 

become self-sufficient ignores the reality that what counts as “good” output shifts over time. In 

clinical contexts, where medical language evolves, new terms emerge, and professionals speak with 

diverse accents and idiosyncrasies, AI must continuously adapt. This adaptation requires sustained 

human input—not as error correction alone but as collaborative calibration rooted in everyday use. 

Thus, even high-performing AI systems require continuous human participation to stay relevant and 

effective. 

 

Design alone is insufficient to ensure effective human-in-the-loop AI once systems such as ASR are 

deployed in clinical contexts. Long-term effectiveness depends on clinicians developing a deeper 

understanding of how human–AI interaction functions within the loop. In practice, many clinical 

professionals lack technical insight into how ASR systems operate and adapt, even as these tools 

remain “always on” in the background of their documentation work. This constant presence turns 

ASR from a discrete tool into an embedded infrastructure, making it critical for users to understand 

the system’s capabilities.   

 

Empirically, the study identifies how physicians adapt to ASR by trusting perceived strengths, such 

as accurately spelling medical terms. Thus, humans go with “gut feelings” or recognizable technical 

data output. This black boxing suggests that trust in AI systems is not static but evolves through 

interactions that generalize to specific processes over time. This is why explaining the underlying 

model of systems (such as rule-based grammars and probabilistic models) is essential to enable 

clinical professionals to contextualize how and why human input remains necessary.   
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Toward Collaborative AI Augmentation Work  

As detailed in this paper, looping physicians into AI auditing is anything but mundane. It requires 

setting up and maintaining an additional cooperative work arrangement (Schmidt & Bannon, 1992) 

characterized by a series of interdependent tasks and emergent roles, which wrestle with the 

ongoing documentation work at the hospital. Augmentation work is thus distributed across multiple 

human actors, including physicians, medical secretaries acting as super users, IT professionals, and 

external ASR developers. Engaging physicians in auditing for ASR development purposes thereby 

depends on distributed cooperative work, which in turn demands a range of additional coordinative 

activities. The emergence of physicians’ auditing roles is comparable to that of data analysts, 

although it lacks the formal title or technical background traditionally associated with such roles 

(Dixit et al., 2021; Turner et al., 2021). Medical secretaries take on additional work, such as setting 

up physicians’ user profiles and overseeing and ensuring annotation data quality using metrics such 

as “recognition rates,” as proxies for auditing engagement and supporting coordination across 

institutions. Secretaries undertake coaching and teach physicians about auditing work as well as 

batching annotated data for export to the external IT vendor. Their work extends beyond clerical 

support, encompassing responsibilities that are essential to the maintenance and altering of the ASR 

system. Moreover, IT managers take part by distributing headsets and microphones and ensuring 

that local servers are running so they can capture corrections. Hospital department managers are 

watching recognition dashboards for quality purposes and appointing training when auditing 

engagements drop. 

 

These contributions form a largely non-formal collaborative work arrangement that requires on-

going interrelating with the hospital’s formal organization and extends outwards to the external IT 

vendor. As shown, it comes with a long range of unsettled tensions, such as accountability 

asymmetries and experience of doing undervalued work, which is not considered part of 

professional responsibilities.   

 

Viewing these activities through the CSCW-lens of distributed collaborative work reveals several 

implications for HCI, relevant for advancing the integration of human-in-the-loop approaches into 

clinical practice. First, it emphasizes the practical need for designing IT support for collaborative 

augmentation work. This entails a shift from focusing on designing user interfaces for clinical 

documentation work (such as the ASR user interface) toward designing user interfaces that 

effectively and efficiently integrate auditing work for secondary purposes. It involves pertaining not 

only to features that make auditing more seamless but also to features that provide transparency for 

end-users about the status across collaborative activities of auditing and altering and simplifies the 

individual as well as organizational management of dual accountabilities. Second, supporting the 

buildup of better workflows and an organizational capacity for engaging in augmentation work 

requires designing new metrics and mechanisms that are useful for reducing the overhead work of 

articulating the distributed set of auditing-altering activities. Third, for HCI, the turn toward 

designing for collaborative augmentation work implies an extension of the scope of the “interface.” 

Current guidelines for human–AI engagement focus on optimal interaction principles between the 
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human end-user and the AI (Feinberg, 2017). The findings in this paper suggest that principles for 

designing optimal user interfaces must be extended with principles for interfaces that support 

designing the data (Feinberg, 2017; Grudin, 1990).   

 

Conclusion  

This study demonstrates that sustaining AI systems in healthcare requires far more than accurate 

algorithms or seamless user interfaces, as it depends on ongoing, distributed human labor embedded 

within clinical workflows. Through an ethnographic investigation of ASR use in a Danish hospital, 

we show how human-in-the-loop methods enroll professionals in collaborative augmentation work 

that blurs boundaries between documentation, data annotation, and system maintenance. This work 

is often informal, institutionally ambiguous, and undervalued, yet it is critical for the long-term 

viability and adaptability of AI systems. By tracing how ASR auditing is enacted and negotiated 

across multiple roles—physicians, secretaries, IT staff, and external vendors—this study expands 

the scope of human-in-the-loop research beyond initial implementation to highlight the realities of 

post-deployment system maintenance. It contributes to CSCW and HCI by conceptualizing 

collaborative augmentation work and calling for a shift in system design: from focusing on end-user 

interfaces alone to supporting the invisible labor that makes AI systems usable, adaptable, and 

accountable in practice. To advance AI integration in clinical settings, we must design for 

coordination, transparency, and organizational support, recognizing that effective AI performance is 

inseparable from the human infrastructure sustaining it. 
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Abstract 

Purpose: This paper examines how Automated Speech Recognition (ASR) reshapes clinical 

documentation work in a Danish hospital. It investigates the gap between managerial imaginaries of 

a “ready-to-operate” AI and clinicians’ lived experiences. It asks how articulation work, 

accountability, and tacit knowledge are mobilized, redistributed, and obscured when ASR is 

integrated into everyday practice. 

Design/methodology/approach: We conducted an ethnographic case study in orthopedic surgery, 

combining shadowing of three frequent ASR users with observations of ~220 ASR-generated notes. 

Semi-structured interviews with users and non-users complemented field observations. Data were 

analyzed abductively using thematic analysis to surface patterns of failed expectations, shifts in 

accountability, and re-presentations of AI. 

Findings: ASR did not reduce administrative burden; it relocated articulation work from secretaries 

to clinicians. Opaque system behavior undermined motivation to “train” the system. Clinicians 

developed situated interpretability via humor and workarounds, making AI “livable” while 

intensifying invisible cognitive and emotional labor. 

Practical Implications: Organizations should resource and recognize the ongoing articulation work 

that sustains AI. Governance should realign accountability so that risks and repair obligations are 

shared across humans, technologies, and organizational structures. 

Originality: The study show that “organizational intelligence” emerges from reciprocal adaptation 

rather than from adaptive algorithms alone. It theorizes the collective sensemaking that 

compensates for algorithmic opacity as a crucial yet overlooked asset. It advances workplace 

studies by demonstrating how automation brings articulation work to the task being automated.  

 

Introduction 

Across both public and private sectors, artificial intelligence (AI) is reshaping the texture of 

everyday work. From manufacturing to healthcare, AI systems are increasingly promoted as tools to 

enhance productivity and streamline organizational processes. Particularly in administrative and 

clerical domains, technologies operating under the umbrella of AI are targeting the automation of 

tasks perceived as ‘repetitive’ or ‘standardizable’ – such as those traditionally performed by medical 

secretaries and scribes (Carboni et al., 2025; Watson & Wozniak-O’Connor, 2025). While these 

developments are often framed as efforts to improve efficiency or reduce costs (Haberle et al., 2024; 



 131 

Saadat et al., 2025; Shah et al., 2018), they also reconfigure professional boundaries, redistribute 

responsibilities, and alter everyday workflows. 

 

Although dominant narratives around AI in the workplace emphasize automation, quality 

improvement, and efficiency, typically with an assumption of relatively predictable outcomes, 

actual implementations tend to be far more uncertain (Andersen et al., 2021; Li et al., 2021). This 

raises a host of critical questions about the lived experience and practical realities of AI at work. For 

instance: How is work reorganized when AI is introduced? To what extent does AI rely on human 

intelligence and sensemaking to function effectively? How is change experienced by those expected 

to integrate AI into their routines? These questions point to the complex, situated nature of AI 

adoption and highlight the need for closer attention to the human labor and organizational dynamics 

that sustain it. 

 

In this paper, we aim to contribute to this discussion by presenting a case study of clinicians' use of 

Automated Speech Recognition (ASR) at a Danish hospital. We are particularly interested in 

exploring the tensions between official imaginaries of AI, which set certain expectations, and the 

lived experience of using AI in practice. Specifically, we examine the invisible work that emerges 

from the mismatch between managerial understandings and the realities of making work “work”; 

how accountabilities are being reconfigured in such articulation work (Strauss, 1988); and how 

clinicians give accounts of (or re-present) the system, especially when it breaks down, as part of 

ongoing acts of repair and sensemaking by asking: How do clinicians engage in articulation work to 

sustain ASR systems, and what forms of tacit knowledge become mobilized or obscured in this 

process? The purpose of raising this question is to, hopefully, contribute to a realistic view of the 

employment of AI at the workplace specifically in a clinical setting.  

 

A sociotechnical approach to data work in clinical docmentation  

While much recent discussion of AI in healthcare emphasizes cutting-edge, data-driven systems, 

technologies such as ASR remind us that innovation often unfolds through tools that have settled 

into everyday practice and become part of the background of work (Dourish, 2017). Yet ASR in 

clinical documentation remains in a transitional state, increasingly embedded in workflow but still 

visible through its ongoing breakdowns, errors, and needs for maintenance (Vase, 2025). These 

moments of visibility expose the continuous work of adjustment and repair that sustains 

administrative practices, offering valuable entry points for studying the collaborative and 

interpretive work that holds digital infrastructures together (Rosner & Ames, 2014; Star & Strauss, 

1999). 

 

Building on the sociotechnical perspective on data work (Bossen et al., 2019), we focus on how 

documentation technologies evolve and become entangled with clinical routines. By examining 

systems that have incrementally shaped documentation workflows rather than concentrating solely 

on contemporary developments in natural language processing, we foreground the mundane tasks of 

maintenance, calibration, and contextual interpretation as central to the functioning of healthcare 

AI. These practices make visible the human labor required to keep digital infrastructures aligned 



 132 

with clinical needs and show how technical systems are continuously learned, adapted, and 

repurposed through use. 

 

This perspective resonates with workplace learning research in studies of cooperative work. Heath 

and Luff (1996) showed how professional expertise develops through situated participation, 

coordination, and mutual adjustment in everyday practice rather than through formal instruction. 

Further, the use of AI promises to leverage complementary human and machine strengths (Zhang et 

al., 2024), but in practice it often generates uncertainty. In response, designers have emphasized 

explainability seen by way of technical descriptions of how AI systems perform (Calota et al., 2024) 

and suggesting onsite education of workers using AI (Lin and Jackson, 2023; Vase, 2025) for users 

to align needs to technical capabilities. From this view, clinicians’ engagement with AI systems 

such as ASR can be understood as a form of situated learning, where adaptation and problem 

solving are integral to ongoing work needed organizational support along the way. 

These insights on present use of AI are particularly relevant as emerging AI systems for clinical 

documentation, such as ambient scribes, build directly on ASR technologies (Li et al., 2021; Saadat 

et al., 2025).  

 

Examining ASR at its current, still-visible stage highlights how the integration of such technologies 

depends on continuous adaptation, maintenance, and interpretation. This ongoing engagement 

underscores data work as both an instance of invisible labor and a locus of workplace learning, 

where evolving digital infrastructures and clinical practice mutually shape one another. 

Understanding data work sheds light on how AI becomes embedded in clinical documentation, 

where its effective use depends on ongoing maintenance, alignment, and contextual interpretation. 

This perspective connects to broader critiques showing that AI implementation often overlooks the 

continuous labor of repair required to keep systems accurate and relevant (Boonprakong et al., 

2023; C. Chen & Sundar, 2023; Zhang et al., 2024). These activities are forms of invisible yet 

essential labor that make systems supporting documentation workable in practice. They also 

intersect with structural hierarchies that assign interpretive authority to frontpersonel (e.g., 

clinicians) while delegating coordination and articulation work (Schmidt & Bannon, 1992; 

Suchman, 1996) to clerical staff, reinforcing professional divisions of labor (Suchman, 1995).  

 

Several studies have challenged this division, showing that documentation is tightly linked to 

medical reasoning and care coordination and demonstrate that documentation is central to 

healthcare delivery (Bossen et al., 2014; Møller & Vikkelsø, 2012), while Møller et al. (2021) show 

that even routine tasks involve cognitive and interpretive effort. These insights underscore that AI 

support is not only about automation but about enabling complex, interdependent practices. 

Following Kaplan and Haenlein’s (2019) definition of AI as systems that interpret data, learn from 

it, and act on that learning, we view (traditional) AI support as an ongoing, collaborative relation 

between humans and evolving systems.  
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Automatic Speech Recognition in Clinical Documentation 

As a case of AI supporting work unfolding in real-world clinical settings, we focus on ASR 

technologies in Danish hospitals. While ASR is often categorized as a "traditional AI" and a rule-

based system primarily used for transcription, its long-term integration across clinical departments 

in Denmark provides a compelling site for illustrating earlier-generation AI systems continues to 

participate in the augmentation paradigm through iterative system learning and human interaction. 

ASR has been routinely deployed for over a decade within specialties such as radiology and 

orthopedic surgery (Alapetite et al., 2009; Vase, 2021). Initially introduced to replace manual 

transcription by secretarial staff, ASR quickly became embedded in clinicians' workflows. Notably, 

policy framings at the time of implementation already emphasized ASR’s capacity as a “trainable 

AI” system, capable of improving through exposure to clinician feedback (Ministry of Finance, 

2019). In practice, clinicians routinely correct ASR-generated text, and these real-time edits serve as 

learning inputs, incrementally refining system accuracy (Adedeji et al., 2024; Vase, 2025).  

 

The case is particularly instructive in the Danish context as a low-resource language setting where 

the availability of transcription data is both limited and potentially biased (Jahan et al., 2025; 

Khorram et al., 2025). In this setting, clinicians’ corrections are not merely incidental but 

foundational to system viability. Their labeling and feedback work sustains ASR performance over 

time and supports its adaptation to domain-specific vocabulary and phrasing. As such, clinicians are 

not passive recipients of automation but are actively involved in shaping the system's learning 

trajectory (Vase & Berget, 2023). Clinicians also adapt their own documentation practices in 

response to ASR’s presence. For some, the system has become indispensable to daily work—

expressed by one user as: “I would not be left without it.”  

 

Beyond transcription automation, ASR enables more standardized and legible entries into electronic 

health records (EHRs) by leveraging linguistic patterns found in large training corpora, thereby 

facilitating both clinical continuity, revealing that augmentation is not solely the domain of the most 

advanced technologies. As Wang et al. (2021) demonstrate, augmentation in clinical AI is defined 

less by algorithmic depth than by the system’s embeddedness in clinical workflows, trust dynamics, 

and mutual adaptation; qualities equally found in long-established ASR systems in Danish hospitals. 

 

Methods 

This study was conducted as ethnographic fieldwork, allowing for an in-depth examination of how 

clinicians use ASR in their clinical documentation practices. Fieldwork was conducted in an 

orthopedic surgery department in a Danish public hospital, encompassing both wards and outpatient 

clinics between 2020 and 2022 by one of the authors. The researcher used shadowing (Czarniawska, 

2018) to observe three clinicians who regularly used ASR to document EHRs, yielding 

observational insight into over 220 ASR-generated clinical notes (approximately 70 per clinician). 

This provided a rich corpus of real-time documentation practices and the learning processes 

surrounding AI-supported work. Further, semi-structured interviews were conducted (Gudkova, 

2018) with the shadowed clinicians. To include a diverse perspective, we also interviewed one 

female clinician who opted out of using ASR and a younger clinician who was not required to use 
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it. It is important to remark that for this paper we only use select parts of the original study that are 

relevant for our developed thematics as we took on an abductive approach (Tavory & Timmermans, 

2014). We quote a combination of interview statements and observations and quotes are labeled 

according to their source: interviews ("I") and observations ("O")4.  

 

The ASR system in use was Nuance SpeechMagic 8 and built upon a Hidden Markov Model 

(HMM) architecture. It employed large language models trained on historical EHR data and 

included a “Danish language package” incorporating a specialized medical lexicon. The system 

worked by predicting probable clinical terms based on contextual cues within notes and was 

embedded directly into the EHR infrastructure. All data were transcribed prior to analysis.  

 

The analysis was conducted collaboratively by both authors using thematic analysis (Braun & 

Clarke, 2006) and provided a framework for identifying and interpreting patterns across the dataset. 

This approach enabled us to explore how clinicians construct meaning around AI-supported 

documentation as part of their everyday clinical routines while we reviewed segments of the data 

that contained content relevant to locate how clinicians attempt to domesticate the technology. Our 

analysis was informed by an attentiveness to how AI systems were responded to and negotiated in 

the clinical setting. We acknowledge that thematic analysis is not a fixed set of techniques, but a 

process shaped by the researchers' critical engagement and positionality (Bowman et al., 2023). 

Rather than listing identity characteristics, we reflected on how our disciplinary backgrounds and 

proximity to clinical practice influenced what we noticed and questioned during analysis. This 

involved attention not only to what informants said, but how, when, and in what context statements 

were made, as well as what remained unspoken. Ultimately, thematic analysis allowed us to 

illuminate how clinicians learn to live with AI; not merely by acquiring new skills, but by engaging 

in interpretive and adaptive work that redefines both the technology and their own roles within 

clinical institutions. 

 

Analytical Themes 

This analysis identifies three core analytical themes that highlight the tension between the promise 

and practice of ASR in clinical settings. First, Failed Expectations reflects the disconnect between 

ASR’s technical matureness and clinicians’ lived experiences. Second, Shifts in Accountability 

captures how ASR redistributed documentation responsibilities from secretaries to clinicians 

without formal recognition. Third, Re-presentations shows how clinicians coped with system 

opacity by developing informal strategies to manage breakdowns.  

 

 
4 A comprehensive data management plan was developed, outlining the creation, source, type, storage, and retention 

period of the collected data. The plan ensured compliance with ethical standards and the General Data Protection 

Regulation (GDPR), and received formal approval from the participating hospital. Its purpose was to safeguard 

sensitive information, prevent data loss, and identify critical data for future use. 
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Failed expectations: a mismatch between top-down expectations and actual 
practice 

The implementation of ASR at the hospital in our empirical setting was underpinned by a strong 

institutional belief in the maturity, reliability, and cost-efficiency of the technology. These 

managerial expectations, shaped by national digital health strategies (The Danish Government et al., 

2011) and supported by commercial technology readiness assessments (e.g., Gartner’s Hype Cycle, 

2014), positioned ASR as a "ready-to-operate" solution for real-time clinical documentation. At the 

organizational level, management considered the system largely ready for deployment yet requiring 

augmentation work. They expected that through everyday use, clinicians would contribute to the 

system’s refinement by correcting its errors in recognizing speech, enabling ASR to learn and 

improve over time. As one IT project manager put it: “Speech recognition has a high degree of 

maturity and is considered to be a ready-to-operate technology” (IT project manager – I). 

 

From this perspective, clinicians were positioned as beneficiaries in augmentation work sustaining 

ASR’s development. Their corrections and usage patterns were not only framed as part of ensuring 

meaningful clinical documentation, but also as valuable inputs for model improvement. 

Augmentation work was central to the implementation narrative, but was not translated into a 

practice that supported learning on either side and made conditions for this process fragile. Many 

clinicians reported that, even after years of correcting recognition errors, the system had not adapted 

to their voices or linguistic routines and clinicians described repeatedly correcting the same errors, 

leading to frustration and disengagement: “It has a long learning curve; the system does not learn 

words, even after repetition” (Clinician – O). 

 

This perception of stagnation undermined the core promise of adaptive AI through augmentation 

work and led to growing skepticism among users. Clinicians found it difficult to learn from the 

system, as they were repeatedly correcting the same errors without any visible improvement. The 

opacity of the system and the lack of feedback regarding its development over years of use left them 

uncertain about whether their efforts had any impact. As one clinician put it when reflecting on the 

idea of machine learning through user augmentation: “They [management] claim that clinicians can 

change and train it […] Then I had to mark the text and write it again where it is important not to 

write or spell it in the wrong way, and then it should know what I mean when I have approved the 

text” (Clinician - I). 

 

Rather than feeling like contributors to training the system, clinicians found themselves performing 

repetitive corrections without any tangible signs of progress. This undermined their trust in both the 

system and its underlying logic of improvement. These corrections, though critical to model 

improvement, were treated as part of ordinary clinical documentation work rather than recognized 

as new, technical tasks introduced by AI integration. One developer described this expectation: 

“Technically, I can deliver systems that recognize speech really well. However, it requires that they 

[physicians] speak clearly and correct their mistakes” (Developer - I). 
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In practice, clinicians received no visible feedback to support the supposed learning. This 

disconnect led some to disengage from ASR use entirely and typing on keyboards when entering 

EHR notes, choosing instead to prioritize clinical tasks over the unrecognized labor of training a 

system that did not recognize them: “I do not have the time for it. And it is not because I am super-

fast at typing. But this shit doesn’t work and it would take up too much time” (Observation – O). In 

these cases, ASR did not serve to augment the clinician’s work but instead added friction. Rather 

than realizing a vision of mutual augmentation, where both human and machine capacities evolve 

through interaction, ASR became a site of asymmetrical burden in which only the system stood to 

benefit yet under ambiguous conditions. 

 

Shifts in accountability and responsibility: failing to participate in articulation 
work 

The system’s opacity blurred the boundary between user error and technical failure, making it 

difficult for clinicians to build confidence in the system while ASR significantly altered the 

everyday responsibilities involved in clinical documentation. Tasks that were previously handled by 

medical secretaries were now absorbed into the physician's workflow, often without formal 

recognition or support. These encompassed not only transcription which was distributed to ASR, 

but also correcting linguistic errors, and processing follow-up instructions such as booking tests or 

updating patient flows (see image 1). Consequently, physicians became responsible for not only 

dictating patient notes but also for monitoring the accuracy of the ASR system’s output, correcting 

errors, and handling administrative steps that were previously communicated verbally to secretaries.  

 

 

Image 1: Physician access administrative planning systems to schedule appointments after 

documenting EHR notes 

 

While ASR was introduced as a tool to make documentation more efficient and completed in real-

time, clinicians described how this shift increased the amount of time spent managing text, fixing 

errors, and navigating between systems to ensure patient trajectories. These shifts in responsibility 

from secretaries to clinicians and ASR also had emotional and reputational consequences. Several 

clinicians described embarrassment when ASR errors occurred in front of patients or colleagues, 

particularly when the output was nonsensical: “It’s too unprofessional and has too many errors. I 
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think it’s embarrassing for a great organization like this hospital not to be able to spell correctly.” 

(Clinician – I). Some examples were even amusing and appeared as moments that were shared 

jokingly “I had to say ‘cymophane oxide’, and it came out as ‘adult condom’. I don’t think it’s 

gotten better” (Clinician – I).  

 

Similarly, the system’s reliance on outdated secretarial abbreviations conflicted with clinicians’ 

expectations and current documentation norms: “It’s mostly secretarial abbreviations it’s learned. It 

makes no sense to shorten ‘conference’ to ‘conf.’ I pronounce the whole word and it still makes the 

abbreviation. […] But now that patients are reading these notes, it doesn’t work” (Clinician – I). 

These examples point to the persistence of legacy design assumptions, like abbreviation 

optimization for fast typists, that are no longer suited to patient-centered, clinician-authored 

documentation.  

 

Yet other examples carried professional risk. Clinicians feared that visible ASR failures could make 

them appear careless or incompetent, and several mentioned that poor recognition of speech could 

cause confusion in patient records and with potentially serious consequences: “You can go to jail if 

you prescribe something this wrong. If I don’t read it and fix it, it makes no sense” (Physician – O). 

In response to these issues, and although ASR was introduced as a tool to reduce administrative 

burden and streamline clinical documentation, clinicians often found themselves overwhelmed by 

opaque system behavior leading to increased clinical documentation tasks.  

Re-presentations: Making AI Livable in Clinical Practice 

Despite being positioned as intelligent and self-improving, the ASR system in everyday clinical life 

failed to provide meaningful cues that would support human learning. Many clinicians expressed 

difficulty understanding how to adapt to ASR – or how the system itself might adapt to them. As 

one clinician put it bluntly: “Why am I the one who has to figure out how it works?” (Clinician – I). 

Unlike co-learning systems where AI models evolve alongside human feedback, clinicians were 

offered little opportunity to understand the logic of model behavior or how to interact productively 

with it. This breakdown in mutual learning meant that the clinicians’ role in augmenting AI 

remained ambiguous. They were told that corrections would lead to adaptation, yet after nearly a 

decade of use, many reported seeing no improvement: “They say it learns if we correct it. But I’ve 

been correcting the same words for years. It doesn’t get better” (Clinician – I).  

 

When errors did occur, clinicians were often unable to identify the cause. Was it the microphone? 

The quality of their voice that day? The background noise? Or something in the system itself? This 

ambiguity made it difficult for users to develop meaningful expertise with ASR over time: “When 

you think it [ASR] is teasing, is it then the dictionary, is it a person, or what the hell is it?” 

(Clinician – O). Clinicians turned to discursive strategies and narrative practices to cope with this 

opacity including humor and metaphors. For example, some anthropomorphized ASR, ascribing 

emotion or intent to its unpredictable behaviors. One example was a clinician who entered a note 

late in his shift: “It senses that you're tired” (Clinician – O). Others rationalized failure by 

constructing causal explanations when no technical feedback was available: “I am a bit snotty at the 
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moment, so it has a problem understanding my words. It doesn’t seem to bother correcting. And I 

am not in the mood to correct it. It says he fell on a shoulder, but it should have said scooter” 

(Clinician – O). 

 

Clinicians warned each other about known misrecognitions (e.g., “25” being heard as “15”), built 

expectations about when ASR would likely fail, and developed habits for when to switch to typing. 

One example shaping collaborative sensemaking was when less clinical language was needed which 

could be discharging patients which included a letter for the patient: “Letters [when discharging 

patients] are the most annoying thing when using speech recognition. That's because you have to 

use ordinary spoken language here. And it doesn't bother to figure out how to write that” (Clinicians 

– O). These discursive practices served as a substitute for actual system transparency. Yet they also 

reflect a fundamental displacement of learning work: instead of learning with the system, clinicians 

learned to work around it.  

 

This displacement of learning effort was mirrored by shifts in material practice. While ASR was 

intended to streamline documentation, in reality, it introduced new forms of repetitive and 

redundant labor. For example, one clinician described a case where he had to deliver a message to 

another hospital. Despite dictating it into EHR, he re-recorded it for a secretary, and also wrote it 

down by hand to remember:“That’s the thing with a system that doesn’t work. You end up doing 

everything several times […] We’re simply too busy, and people forget what they’re supposed to 

do. You have to take a belt and suspenders approach” (Clinician – O). 

 

In this single task, three parallel documentation processes occurred, highlighting a lack of trust in 

ASR’s reliability. The clinician’s learning, rather than deepening engagement with ASR, reinforced 

manual redundancy as a safety net. Clinicians also had a hard time explaining when the system 

broke down, which also reinforced manually notetaking: “When you think it [ASR] is teasing, is it 

then the dictionary, is it a person, or what the hell is it?” (Clinician – O). 

 

Discussion 

The case of ASR demonstrates the gap between managerial expectations of technical maturity and 

the situated realities of clinical work. Management viewed ASR as a “ready-to-operate” solution, 

relying on clinicians’ routine corrections as part of a self-learning feedback loop. However, this 

assumption obscured the labor required to sustain such learning and the absence of visible 

organizational mechanisms for translating user engagement into system improvement. This finding 

challenges the notion that AI systems bring intelligence into organizations simply by being 

adaptive. As Heath and Luff (2000) remind us, technologies acquire meaning only through their 

incorporation into work routines. In our case, the absence of visible learning, either by the system or 

by the organization, eroded clinicians’ motivation to engage in the feedback processes upon which 

ASR’s improvement supposedly depended. The result was a stagnation of both technical and 

organizational learning, illustrating that “intelligence” cannot be outsourced to algorithms without 

corresponding organizational adaptation. 
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While officially introduced as a time-saving tool, ASR redistributed administrative tasks to 

clinicians, expanding their cognitive and emotional workload. The system’s opacity blurred the 

distinction between user and machine error, leaving clinicians to manage not only recognition 

accuracy but also the professional risks of visible mistakes in patient records. The clinicians’ 

corrections, re-typings, and cross-checks represented a form of organizational intelligence that 

remained unacknowledged and unsupported. As Chen et al. (H. Chen et al., 2024) argue, the 

introduction of AI in knowledge work often amplifies rather than replaces human interpretive work. 

Our findings extend this argument by showing how such interpretive work becomes invisible 

precisely because it is framed as technical assistance rather than as new knowledge labor requiring 

institutional recognition.  

 

The case illustrates the limits of what can be considered organizational intelligence in the age of AI. 

Intelligence here is not the property of either humans or machines but the outcome of sustained 

interaction between them. In the official descriptions of ASR at the hospital it was portrayed as an 

artificial intelligence system, but perhaps a more realistic assessment is that it is an artificially 

intelligent system. When we look at the kind of trouble the system introduced organizationally and 

the work the clinicians must put into making sense of the system, to re-present it in more intelligible 

ways, the system appears more as artifice than intelligence and, quite ironically, requires human 

intelligence and accountability for it to become tolerable in the clinical context.  

Shifts in Accountability  

While clinicians remained institutionally accountable for the accuracy and legibility of patient 

records, the ASR itself was not treated as an accountable actor. Building on Heath and Luff’s (1996) 

observation that accountability in workplace settings is achieved through human interaction rather 

than embedded in technologies, our findings extend this insight to the domain of AI-mediated 

documentation. In our case, the ASR system actively shaped how accountability was distributed but 

remained exempt from it in practice. Errors or breakdowns were routinely framed as user mistakes 

or artifacts of poor dictation, rather than as technical deficiencies or organizational repair issues. 

This dynamic reveals a persistent asymmetry between human and technological accountability—

one that is amplified when AI systems operate with opaque logics.  

 

Before ASR’s introduction, much of this articulation work—checking dictations, formatting, 

correcting errors, and managing follow-up actions—was performed by medical secretaries. These 

tasks, though administratively classified as clerical, were crucial for aligning clinical reasoning with 

organizational documentation norms ad patient trajectories. With ASR, these same activities were 

redistributed to clinicians, who now had to detect, correct, and verify ASR output while 

simultaneously conducting patient care. Yet clinicians also took on work tacit to secretaries such as 

arranging and booking further actions to ensure patient trajectories. This articulation work followed 

formally administrative work as transcription had been distributed yet remained invisible: it was 

neither formally recognized as part of clinical labor nor supported by adequate training or system 

designintensified the asymmetry between human and technological accountability. 
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As clinical documentation is tightly linked to medical reasoning and care coordination (Bossen et 

al., 2014; Møller & Vikkelsø, 2012), this study shows how this is also linked to the very technology 

taking over tasks in clinical documentation such as ASR automating transcription. insights 

underscore that AI support is not only about automation but about enabling complex, interdependent 

practices. In this sense, ASR does not eliminate articulation work through automation but 

redistributes and conceals it transforming tacit coordination and repair from a collective, visible 

clerical practice into individualized, invisible cognitive labor performed by clinicians. As such, 

systems meant to reduce administrative burden can, paradoxically, produce new, often invisible 

forms of administrative burdens. 

Living With an Inscrutable AI  

Design research has largely conceptualized explainability as a technical property like how 

algorithms describe or visualize their decision-making (Calota et al., 2024), or as a matter of user 

education through onsite training and awareness programs (Lin & Jackson, 2023; Vase, 2025). Our 

findings point to the absence, yet simultaneous necessity, of such formal supports in the clinical 

context. In their place, clinicians enacted what they called “belt-and-suspenders” practices, 

combining manual redundancy with social storytelling to ensure reliability. These adaptive 

behaviors reveal a paradox: while clinicians displayed remarkable flexibility and resilience, their 

learning remained local and embodied in everyday routines rather than institutionalized into design 

revisions, training programs, or policy adjustments. The organization, in other words, failed to learn 

from the distributed intelligence emerging in clinical practice. 

 

When confronted with ASR’s opacity and unpredictability, clinicians engaged in re-presenting the 

system through narrative and metaphor. They attributed moods or intentions to ASR (“it senses 

you’re tired,” “it doesn’t bother to correct today”) to make sense of its erratic behavior. Such 

anthropomorphic depictions served pragmatic functions: they enabled clinicians to explain 

unpredictable performance, coordinate expectations, and transform frustration into shared humor. In 

our case, clinicians’ narratives oscillated between portraying ASR as a helpful assistant and as an 

obstinate subordinate, sometimes even a “bully,” that embarrassed them in front of patients or 

produced nonsensical text. This tension reveals the unstable moral position of AI in the workplace: 

simultaneously positioned as intelligent automation and experienced as an unreliable novice.  

 

We argue that these coping strategies are not trivial or merely expressive. Clinicians’ humor, 

storytelling, and anthropomorphic framing constitute organizational resources for sustaining work 

under conditions of algorithmic opacity. They collectively generate what can be understood as 

making AI “livable” as a form of sensemaking that compensates for technical inscrutability.  

 

Concluding Remarks 

This study has shown that the introduction of ASR in clinical documentation reconfigures, rather 

than reduces, the human labor that sustains digital infrastructures. What was officially presented as 

a mature, self-learning AI system instead relied on continuous, unacknowledged articulation work 

performed by clinicians. Their correction activities made the system usable but also rendered its 
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“intelligence” dependent on human effort. In this light, automation did not displace expertise—it 

redistributed it, shifting coordination and interpretive labor from clerical to clinical domains. By 

tracing how clinicians learned to make ASR “livable”, the study foregrounds the limits of 

organizational intelligence in the age of AI. Intelligence here is not an inherent property of 

machines but an emergent accomplishment arising from ongoing human–machine interaction. The 

opacity of ASR, and the absence of organizational structures for capturing clinicians’ situated 

learning, produced a paradox of stagnation: local intelligence thrived in practice but failed to 

translate into institutional or technical improvement. Ultimately, automated tasks in clinical 

documentation bring the enduring articulation work to the front: the ongoing, collaborative labor 

through which professionals repair, interpret, and domesticate technology so that care (and the 

organization itself) can continue. 
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Article 3: The Lack of Explainability in Automatic 

Speech Recognition Can Cause Faux Data Work  
Presented at the conference Intelligent Human Systems Integration and published in conference 

proceedings 2025 

 

Abstract 

Automatic Speech Recognition (ASR) is increasingly used in healthcare to reduce documentation 

workloads by transcribing spoken words into Electronic Health Records (EHRs). However, these 

systems, based on machine learning, require ongoing data annotation and validation by healthcare 

professionals to ensure accuracy. This paper, based on fieldwork at a public Danish hospital, 

investigates the challenges healthcare professionals face in detecting and addressing technical 

issues, such as glitches, within ASR systems. Using mixed methods, the study reveals that 

healthcare professionals spend significant time annotating and training the machine learning 

algorithms—time that could otherwise be dedicated to patient care. Without access to clear metrics, 

like recognition rates, healthcare professionals are unable to effectively evaluate their data 

annotating efforts, leading to "faux data work," where data tasks seem productive but fail to 

improve system performance. The paper proposes two strategies to mitigate this issue; 1) providing 

transparent system metrics to enhance user engagement; and 2) creating structured sites of 

collaboration between healthcare professionals and IT professionals for better reporting of technical 

issues. These solutions aim to reduce inefficiencies and improve ASR accuracy in clinical settings. 

 

Introduction 

Amid increasing efforts to alleviate workloads and streamline documentation processes in 

healthcare, Automatic Speech Recognition (ASR) has become a prominent tool in hospitals 

(Adedeji et al., 2024). ASR technology transcribes spoken words into written text for integration 

into Electronic Healthcare Records (EHRs), assisting healthcare professionals (HCPs), such as 

physicians, in enhancing the efficiency and speed of clinical documentation (Kumar, 2024). Recent 

advancements in ASR technology have focused on improving recognition accuracy, with English 

ASR models demonstrating recognition rates exceeding 95% (Aldarmaki et al., 2022; Baevski et al., 

2022; Chen et al., 2022), aligning with the commercial minimum acceptance threshold (Lewis, 

2016). This level of accuracy corresponds to fewer than 5 transcription errors per 100 words. 

However, real-world applications often reveal higher error rates, particularly in non-English 

contexts or when assisting diverse linguistic groups (Ngueajio & Washington, 2022; Terriza et al., 

2022; Vase & Berget, 2023). Maintaining high recognition accuracy requires ongoing machine 

learning (ML) training as the system encounters novel inputs during operational use (Hacking et al., 

2023; Kumar, 2024). Critical to this training process is the ability of users to manage technical 

challenges, including system glitches and bugs (Kaswan et al., 2021; Lee & Kolodge, 2020). A 

growing body of research underscores the need for real-world usability studies to address these 

issues, particularly in the context of ASR systems deployed in clinical environments (Palivela et al., 

2023; Turri & Dzombak, 2023). These emphasize the importance of incorporating diverse linguistic 
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data into language models that underpin ML processes (Hacking et al., 2023; Meripo & Konam, 

2022). They also highlight the necessity for organizations to empower users to identify and resolve 

system failures autonomously, ensuring sustained system reliability (Lin and Jackson, 2023). 

Despite the recognized importance of diversity in ASR systems—particularly in public domains 

where they must accommodate varied user voices (Vase & Berget, 2023)—this remains a largely 

underexplored area (Palivela et al., 2023). Given this gab, and the inevitability of operational issues 

of such complex technologies in practice (Raji et al., 2022) this research asks: How do healthcare 

professionals detect technical issues in ASR systems, and what impact do these issues have on 

reducing workload of documentation workflows? This paper aims to address this research question 

by mixed methods examining the use of ASR in a Danish public hospital where it has been utilized 

for over a decade (Alapetite et al., 2009; Vase, 2021). 

 

Background  

ASR is increasingly being implemented in hospitals worldwide, promising faster and more seamless 

documentation (Adedeji et al., 2024). ASR systems rely on ML techniques to convert spoken 

language into text by predicting sequences of words based on prior context ML (Lewis, 2016; 

Pascual et al., 2024). Central to these systems is the language model, which serves as a foundational 

database of linguistic knowledge, determining the probability of word combinations based on 

training data (Lewis, 2016; Meripo & Konam, 2022). For example, when a physician says, "the 

patient exhibits symptoms of...," the model predicts subsequent words like "fatigue" or "infection" 

based on its prior training. While ASR systems perform well in general applications, their efficacy 

in specialized domains such as healthcare is often limited (Hacking et al., 2023; Ngueajio & 

Washington, 2022; Terriza et al., 2022). Language models are typically pre-trained on generic 

datasets, which fail to capture the specialized vocabulary, evolving terminology, and diverse accents 

prevalent in clinical environments (Adedeji et al., 2024; Pascual et al., 2024). Consequently, HCPs 

frequently encounter transcription errors, particularly when using everyday terms like "plane" or 

"plant" or speaking with dialects or pitches underrepresented in the training data. In documenting 

EHRs, HCPs annotate data when correcting transcription errors and providing feedback to improve 

the ML algorithms underlying ASR systems (Adedeji et al., 2024). This process enables developers 

to refine language models and enhance their inclusivity. However, it also reflects an increasing 

reliance on HCPs to perform "data work," a term denoting the sociotechnical tasks that bridge 

human expertise and computational systems (Bossen et al., 2019). This shift expands the scope of 

HCPs’ responsibilities, incorporating technical oversight into their roles (Bertelsen et al., 2024; 

Bossen & Bertelsen, 2023). Yet, research on ASR users identifying glitches is limited and discussed 

by non-formal roles such as "transcription reviewers" encircling diverse professionals examining 

potential ASR inaccuracies (Adedeji et al., 2024). This limitation is particularly pronounced in 

smaller language settings (Palivela et al., 2023; Vase & Berget, 2023), such as Denmark.  

Hard-to-Explain Technical Issues 

ML systems often receive extensive attention during the initial phases of development, particularly 

in addressing bugs and glitches. However, once these systems are deployed in real-world 

environments, this level of scrutiny diminishes significantly, leading to risks of poor data practices 
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(Lin & Jackson, 2023; Raji et al., 2022). The real-world deployment phase introduces unforeseen 

challenges as systems interact with diverse and complex datasets, often resulting in glitches and 

other technical issues (Lin and Jackson, 2023). These are not always evident during controlled 

testing and can lead to misclassifications and inaccurate outputs (Herrmann & Pfeiffer, 2023). This 

issue is exacerbated by the expectation that users interact effectively with these technologies, often 

without adequate training or institutional support (Yao et al., 2024). To address these challenges, 

ongoing refinement of ML systems is necessary, drawing heavily on the perspectives and 

experiences of end-users who interact with the system in practice (Bi & Huang, 2023; Haque & 

Rubya, 2022). User feedback becomes critical in identifying limitations and providing actionable 

insights to adapt and sustain these systems effectively. Rather than being static and objective, data is 

understood as a dynamic entity, constantly undergoing reconstitution, repair, and adaptation through 

interactions with users and systems. To this extent, Lin and Jackson (2023) point to "sites of 

collaboration" referring to locations or points in the workflow where different actors come together 

to address, negotiate, and resolve errors. This perspective shifts the focus from a reliance on static 

quantitative metrics to a more nuanced understanding of how data evolves in real-world settings—a 

limited approach in literature on ASR in healthcare (Hacking et al., 2023).    

 

Method And Case 

HCPs verbally dictate notes, which the ASR transcribes into text in real time using probabilistic 

calculations. HCPs then correct any mistranslations by labeling the errors, training the ASR system 

to improve future recognition. The labeled data is forwarded to medical secretaries for validation, 

who then send it to external suppliers to update the language model used by the ASR.  

This study employs a mixed-methods approach to analyze HCPs utilizing ASR. Confidence 

intervals were used to provide a range of values (Lott & Reiter, 2020) to illustrate recognition rates. 

These rates measure mistranslated words or sentences when an HCP corrects these and indicate the 

accuracy of the ASR in transcribing spoken language. This assessment allows to determine whether 

the ASR achieves the commercial minimum acceptance rate of 95% (Lewis, 2016). The Wilson 

confidence interval for the p-proportion in a binomial distribution, offers advantages for repeated 

sampling properties (Lott & Reiter, 2020). Intervals are illustrated by the proportion of the 

mistranslated words per medical record calculated by the confidence intervals for the probability 

parameter p as illustrated in Equation 1. A sample of more than 70 notes per HCP (n=220) was 

observed and collected to create a valid dataset to show the recognition rate per user. The 

recognition rates were determined through a probability measurement performed by counting the 

words in a coherent text (e.g., a note). Confidence intervals were utilized to measure the uncertainty 

around estimates (Dix, 2020) and facilitated the assessment of technical affordances that either 

support or interfere with documentation work. 

 

 

 

 

 

 



 148 

                 

Equation 1: Confidence interval for proportion p where n = the number of words, r = the number of 

recognition errors, and z corresponds to the confidence level. 

 

Samples were observed during ethnographic fieldwork that was conducted in 2022 for three 

months. Three HCPs using ASR were shadowed in outpatient clinics and wards at a Danish regional 

hospital. The study included patient consultations, while in situ interviews occurred (Czarniawska, 

2021; Gawlik, 2018). Empirical data were organized into detailed descriptions (Baarts, 2015) and 

further analyzed iteratively to identify recurring themes, allowing for a comprehensive 

understanding of data work and emerging technical issues. Quotes are translated from Danish. 

 

Analysis 

To improve recognition, HCPs train the ASR system by labeling mistranslated words during EHR 

documentation which serves as training data. HCPs often expressed uncertainty about the volume of 

labeling necessary to enhance recognition rates in the ASR system. They emphasized the need for 

ongoing training of the language model but were confused about why ”they were responsible for 

understanding the system's functionality” (Interview, HCP). Besides them not feeling properly 

educated in using ASR, the confusion was underlined by the inability to access metrics that 

illustrated their recognition rates. This access denial left them unaware of whether their 

performance was improving or worsening ML whenever they labelled the ASR-produced output. 

Consequently, the time they spent on documentation—time that was allocated to patient care—was 

essentially repurposed by external suppliers, who relied on HCP expertise to update the language 

model which ASR draws on. Time that was already under pressure.  

In contrast, medical secretaries and IT professionals had access to visualizations and metrics 

regarding HCP usage of ASR; however, these calculations were often overlooked. The metrics 

primarily illustrated unclear parameters of individual HCPs’ ASR usage. The default recognition 

rate started at 100% and decreased each time an HCP corrected mistranslated words. Medical 

secretaries and IT professionals could only retrieve basic data on the hours HCPs had utilized 

speech recognition and the number of notes produced, accompanied by a corresponding percentage: 

”It may as well be 97%, but it is an expression of a physician who does not correct [label] much” 

(Interview, medical secretary). While these metrics served as performance indicators for evaluating 

HCPs' correction activities and contributed to enhancing the language model, secretaries found the 

monitoring tools inadequate. 

Ignoring Glitches  

During the observations of HCPs, several incidents occurred in which HCPs attempted to utilize 

ASR while encountering technical issues that caused the system to freeze upon activation. The 

  

Lower Limit:     

Upper Limit:       
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nature of these glitches was unclear to the HCPs, leading them to attempt improvised solutions, 

such as unplugging all hardware components. Additionally, when software error pop-up messages 

stated that ASR was not functioning, HCPs often cancelled or minimized these messages or 

restarted the computer. HCPs lacked a clear understanding of the root causes of the errors and were 

unable to effectively communicate these issues to IT professionals when reporting them. They 

observed that delaying EHR documentation or using improvised methods sometimes enabled them 

to continue using ASR, even after encountering initial error messages. 

Medical secretaries play a crucial role in the validation and management of data in the ASR 

system. Their responsibilities include validating the training data labeled by HCPs to ensure its 

accuracy, and then relaying this validated data to suppliers for updating clinical language models. 

This process is essential for maintaining the accuracy and functionality of the ASR system in 

healthcare settings. However, the secretaries faced challenges in holding HCPs accountable for 

proper ASR usage due to the lack of detailed quantitative assessments of HCP performance. 

Additionally, limitations in accessing certain areas of the ASR interface further hindered their 

ability to effectively validate the data entries made by HCPs, disrupting the overall workflow of 

maintaining data quality in the ASR system. Consequently, they prioritized other urgent tasks, 

neglecting glitches that prevented data from being forwarded to suppliers, ultimately hindering the 

suppliers' ability to provide a conversant clinical language model. The lack of these updates could 

have rendered the system outdated and less effective, particularly as labeled data was deleted after a 

few weeks and not reused for updates. 

Interruptions  

HCPs lacked access to trace their labelling which led to uncertainty around recognition rates. Table 

1 shows the individual recognition rates of three HCPs who had trained the ASR system for over 

five years, highlighting the precision of the system in recognizing each HCP’s speech. The table 

details the total labeling as corrections, total of words inputted in EHR, alongside the interval range 

expressed as a percentage. Notably, only one HCP achieved the anticipated recognition rate of at 

least 95%, underscoring the challenges in meeting this commercial benchmark. 

 

HCP Total 

corrections 

Total 

words 

Interval 

start 

Interval 

end 

Interval Interval 

percent 

John 286 5326 0.04796011 0.0600809 [0.04796; 

0.06008] 

95.2%; 

94% 

Kasper 497 8625 0.05289938 0.0627408

7 

[0.05290; 

0.06274] 

94.71%; 

93.73% 

Peter 425 5663 0.06847083 0.082202 [0.06847; 

0.08220] 

93.15%; 

91.78% 

 

Table 1. Confidence Interval 

 

The interruptions caused by ASR usage impact HCPs’ workflow, while required to manage a high 

volume of patients during limited time. It is challenging for them to identify the amount of time 

using ASR and time spent to correct mistranslated words and labeling them. Consequently, 
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determining when documentation work begins and ends becomes a complex and fluid process. In 

this context, Table 2 visualizes the number of corrections made by HCPs when documenting EHRs. 

During their shifts, John and Kasper documented 73 EHRs, and Peter 74. The table indicates an 

estimated average of corrections during shifts over a month (n=10), revealing that documentation 

work were interrupted by an average of 602 corrections per month. This translates to over 40 

interruptions per HCP during observed shifts. 

 

HCP Total 

corrections 

Total words Observed 

Shifts 

Corrections in 

a month 

John 286 5326 6 477 

Kasper 497 8625 8 621 

Peter 425 5663 6 708 

 

Table 2. Corrections of mistranslated words 

 

Additionally, the official recognition rates calculated for Peter by the ASR system were inaccessible 

for over a year due to a glitch. He was not aware due to the missing accessibility. Secretaries and IT 

professionals do not overlook or do samples which could highlight such critical gap in system 

performance and support. Despite the system recognizing between 93.15% and 91.78% of Peter's 

spoken words, his profile was compromised, and unnoticed glitches persisted, revealing a limited 

awareness of individual ASR training development.  

Further, the developer-reported metrics for ASR recognition rates for the department observed 

was cited as over 95%. This rate can be misleading because they included data from users who do 

not actively use the system or make minimal corrections although more were needed. These non-

users or light users are effectively counted as having perfect (100%) recognition, as there is no 

opportunity for the system to misrecognize their input. This inflates the overall recognition rate, 

creating a discrepancy between the advertised performance and real-world results from active users.  

 

Discussion 

To improve recognition rates, HCPs train the ML system by annotating mistranslated words during 

EHR documentation. This continuous annotating process effectively turns HCPs into human 

annotators extending their responsibilities beyond traditional clinical duties. Consequently, HCPs 

must balance documentation work with technical tasks, complicating their professional roles. 

Labeling is accompanied by significant challenges, primarily due to the lack of explainability and 

insufficient training causing HCPs to feel overwhelmed by the expectation to ”understand” the 

system's data processing. To this extent, Bossen and colleagues (2019) emphasize the importance of 

HCPs having greater insights into data processing to not risking users to dodge these systems. Yet, 

despite hard-to-explain challenges, HCPs continued to use ASR and had done so for over five years. 

Further, they often struggle to identify and explain technical issues when communicating with IT 

professionals, making it difficult for them to effectively report problems. This lack of clarity in 

communication can lead to users perceive the systems as unhelpful or unreliable when malfunctions 

occur, ultimately reducing opportunities for collaborating training of ML algorithms. As Lin and 
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Jackson (2023) emphasize, effective collaboration requires structured channels for users to share 

and document the specific technical issues they encounter. However, the current form of 

collaboration—a simple phone call to the local IT department—presents several challenges that 

hinder effective communication and problem-solving. These challenges include a lack of visual 

context, limited real-time interaction, and communication barriers between HCPs and IT 

professionals. As a result, technical issues are often prolonged, frustration grows, and trust in the 

system diminishes, undermining both collaboration and system improvements. If users cannot 

identify or understand technical issues, it greatly reduces their ability to effectively interact with the 

system. A key issue for HCPs using ASR systems is their limited access to recognition accuracy 

data. Since they are not assigned official data work roles, such as "transcription reviewers," they 

become overlooked in this process and lack the necessary feedback on how well the system 

performs, making it difficult for HCPs to engage meaningfully with the ASR system. This lack of 

clarity around the impact of their annotation efforts relegates HCPs to the role of passive users, 

further complicating their responsibilities and increasing their accountability aligning with how 

Bossen and Bertelsen (2023) calling for more formal recognition of clinical data work.  

In the current empirical study, a technical issue prevented medical secretaries from accessing 

a critical tool for validating annotated data. This tool was essential for forwarding the data 

annotated by HCPs to system suppliers, and its absence disrupted the flow of data. This disruption 

ultimately affected language model updates and compromised the accuracy of the ASR system. 

Identifying and addressing technical glitches is vital to avoid what this paper terms “faux data 

work”—where seemingly productive efforts of data collection, management, analysis, and 

interpretation are rendered ineffective due to unresolved technical problems. For instance, 

documentation workflows were interrupted by hundreds of corrections each month, reflecting a 

burden of data work. Faux data work occurs when HCPs, lacking the necessary insights or metrics, 

cannot understand how their efforts, such as annotating or correcting data, impact a system. 

Consequently, a glitch in an ASR system is not just a minor issue but reflects deeper systemic 

problems. HCPs continue using these systems despite flaws, often for years, without access to key 

metrics like recognition accuracy. This prolonged use, without addressing technical issues, suggests 

a normalization of system faults. HCPs, experiencing frequent corrections and workflow 

disruptions, still rely on the system, which reduces the effectiveness of their work and risks entire 

departments relying on flawed a data lifecycle. 

Mitigate Faux Data Work 

To effectively address the issue of faux data work, two key strategies are proposed.  

First, it is essential to provide HCPs with transparent and actionable system metrics. Currently, 

HCPs often lack access to critical feedback mechanisms, such as recognition accuracy and the 

impact of their annotation efforts, which are necessary for them to assess the effectiveness of their 

contributions to the system. The provision of clear, real-time metrics, such as recognition rates and 

annotation progress, would enable HCPs to monitor their own and collaborative performance and 

make informed decisions regarding their engagement with the system. Transparency would help 

HCPs avoid inefficient tasks, thereby reducing the occurrence of faux data work. By empowering 
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HCPs with the ability to gauge the influence of their actions, this approach enhances their ability to 

contribute meaningfully to the system's functionality. 

Second, enhancing collaboration between HCPs and IT professionals through structured sites 

of collaboration is suggested. The current reliance on phone calls for troubleshooting technical 

issues can result in miscommunication or delays in issue resolution. Building on Lin and Jackson’s 

(2023) advice for platforms that facilitate real-time reporting of technical issues, utilizing visual 

aids such as screenshots or screen recordings could further improve the speed and accuracy of issue 

resolution. The introduction of guided troubleshooting templates and visual communication 

channels would assist technical problems to be addressed promptly (Yao et al., 2024), preventing 

the persistence of glitches and reducing the risk of faux data work within healthcare workflows. 

 

Conclusion 

Despite the critical role HCPs play in interacting with ASR, there remains limited knowledge about 

how they detect and address technical issues within these systems. If HCPs do not fully 

comprehend the data processing and system outputs, they risk inadvertently training ML incorrectly, 

leading to “faux data work,” where seemingly productive efforts fail to yield meaningful results. To 

prevent this waste of time and efforts, two critical improvements are necessary: providing clear, 

interpretable metrics that allow HCPs to track their labeling performance, and enhancing 

explainability to equip HCPs with the knowledge needed to navigate and troubleshoot ASR.  
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Abstract 

This paper examines the everyday maintenance and breakdown of a longstanding Automatic Speech 

Recognition (ASR) system in a Danish public hospital. Drawing on ethnographic fieldwork, it 

explores how clinical AI systems are sustained not through seamless integration but through 

continuous repair, data work, and institutional narratives of technological improvement. Despite 

being framed as a mature solution, the ASR system depended on distributed and often invisible 

work. Yet, when the system’s validation infrastructure silently failed, end-users continued under the 

assumption that their efforts contributed to learning. The study situates ASR as a configurational 

site where expectations of future upgrades legitimize present dysfunctions and deflect support for 

existing maintenance needs. These temporal logics shaped labor arrangements and contributed to a 

gradual infrastructural decay, wherein responsibilities were redistributed without formal 

recognition. Rather than prompting systemic repair, managerial and vendor narratives positioned 

problems as tolerable, reinforcing a form of “planned obsolescence” in human–AI collaboration. By 

bridging CSCW literatures on repair and technological expectation, this paper shows how 

infrastructural endurance is governed not only through materials and systems, but through 

narratives that defer responsibility and stabilize underperforming technologies. It calls for greater 

attention to the “meantime” and in-between periods where breakdown persists, and imagined 

futures structure present action. 

 

Introduction 

 

You and your little project are fine, but we already know there is trouble, and we have ordered a 

new system. So, in the coming years, we will use a new system that does not involve the challenges 

you pointed out.  

(IT Service Manager at a Danish hospital) 

 

This quote addresses issues considering an Automatic Speech Recognition (ASR) system used at a 

public hospital. It captures a common tension in contemporary healthcare settings, where local 

efforts to improve or critique technological systems are often superseded by top-down decisions to 

replace systems entirely. In recent years, healthcare organizations have increasingly integrated 

machine learning systems such as artificial intelligence (AI) into clinical workflows. However, 

these technologies are not standalone tools; they become embedded within infrastructures in 

organizations (Procter et al., 2023). Infrastructures are sociotechnical assemblages (e.g., Star & 

Ruhleder, 1996) and encompass not only software and algorithms, but also hardware, workflows, 

organizational routines, and data management. Consequently, decisions to replace AI tools such as 

an ASR system are rarely isolated; rather, they carry long-term implications for resource allocation 

and institutional transformation (Herrmann & Pfeiffer, 2023).  
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In public healthcare, implementation of machine learning systems is frequently shaped by 

governmental and top-down directives (Kim et al., 2023; Sholler, 2020). While these decisions 

rarely hinge on technical readiness (Gillner, 2024; Wang et al., 2023), they frequently overlook 

critical non-technical factors like workflow integration and clinician engagement (Kim et al., 2023). 

This can lead to faulty implementation causing all sorts of persistent issues such as additional data 

work, workarounds, or non-use (e.g., Hoeyer & Wadmann, 2020; Sholler, 2020). While this is 

usually framed as showing the failure of AI promises, it is worthwhile to look at how situations of 

disrepair persist and, crucially, how they are justified. 

 

The IT Service Manager’s response above reflects how decisions around AI implementation often 

prioritize strategic alignment and institutional planning over evaluations on-the-ground—a similar 

gap observed in design research on human-AI collaboration (Bossen & Pine, 2023). While the 

complications surrounding ASR are, in some sense, anticipated to be ‘resolved’ through the 

eventual adoption of a more mature replacement, the existing system remains deeply embedded in 

clinical documentation routines. Yet, as this study will show, healthcare professionals (HCPs), such 

as physicians, can express deep frustration with current systems while mandated to engage with 

these and awaiting a new system that is still years from implementation. In healthcare AI, 

promissory narratives such as improved clinical decision support (Bach et al., 2023; Badahman et 

al., 2024), cost savings (Lindvall et al., 2021), or enhanced workflow efficiency (Calisto et al., 

2023; Fogliato et al., 2022) serve to shape implementation decision-making amid uncertainty. These 

expectations, often deliberated by non-clinical actors (Breuer et al., 2023), not only inform design 

but legitimize strategic investments in digital infrastructure, even when clinical outcomes remain 

uncertain (Thieme et al., 2025).  

 

Expectations here are not passive beliefs, but active forces shaping general technological 

desirability and concrete implementation priorities (Suchman, 2012). As Borup et al. (2006) argue, 

discourse around technological innovation can project confidence and direction and disconnect past 

failures from emerging solutions. This is especially the case with the ongoing hype around AI and 

its potential applications in healthcare (Hoeyer, 2023; Stevens et al., 2022). As such, expectations 

can anchor futures that justify ongoing resource commitments despite unresolved dysfunctions (cf. 

Brown & Michael, 2003). Without rehearsing AI’s history of overpromise (e.g., Mitchell, 2021), it 

is crucial to interrogate the meantime temporalities of AI maintenance; when promised futures are 

not quite here yet but flawed systems persist. These in-between periods, where practitioners must 

sustain underperforming tools, are vital sites for critical and empirical inquiry. 

 

While existing research on AI infrastructures often focuses on earlier stages such as design, 

development, and deployment (Dhanorkar et al., 2021; Fazelpour & De-Arteaga, 2022) it pays less 

attention to downstream challenges involved in producing usable medical datasets for machine 

learning (Zając et al., 2023). Consequently, the later stages of the AI lifecycle, such as maintenance, 

repair, and potential obsolescence, receive comparatively less attention (Lin & Jackson, 2023; 

Weber & Krebs, 2021).  
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Just as physical infrastructures (such as roads or power grids) often become visible only through 

their failures (Velkova, 2019), the degradation of systems often becomes apparent only when 

breakdowns or mismatches emerge (Star & Bowker, 2006). Yet as Cohn (2016) empirically 

demonstrates, infrastructural decay is rarely abrupt as it unfolds through gradual neglect, leading to 

misalignments in collaborative work unless systems are continuously supported. This is particularly 

important in healthcare, where AI systems are not merely computational artifacts but depend on 

ongoing human expert data work and interpretation.  

 

The above underscores the need to expand empirical understanding of AI lifecycles in healthcare—

not only at the point of implementation, but also across phases of sustained use and eventual 

obsolescence. As Attard-Frost and Widder (2025) argue, AI lifecicles highlight the ethical and 

practical stakes of attending to the full life cycle of AI systems rather than narrowly focusing on 

moments of design or adoption. Building on this, I ask: How do near-future expectations of AI 

shape infrastructure maintenance in the present, and how are tensions between these time horizons 

mediated in practice? 

 

This paper contributes to the expanding body of literature on digital infrastructures in healthcare by 

examining the sociotechnical dynamics of an ASR system used in clinical documentation; a core 

aspect of healthcare delivery (Berg, 2004). The analysis foregrounds the entanglement of 

maintenance practices with future-oriented imaginaries, offering insight into how flawed systems 

are sustained over time. By exploring planned obsolescence forming human–AI collaboration, the 

study shows how imaginaries of a future "under repair" can stabilize a present "beyond repair." The 

paper begins with an overview of ASR and its role in clinical documentation, followed by related 

work and methods. The analysis is presented in two parts: first, I outline the ASR lifecycle; second, 

I examine empirical findings that illuminate the blurring of boundaries between use and 

maintenance, as well as the temporal dynamics of planned decay. These themes are further 

developed in the discussion, which elaborates on the conceptual implications of infrastructural 

endurance amid breakdown before concluding remarks. 

 

ASR in Clinical Documentation - The Danish Context 

In the Danish healthcare system, clinicians have traditionally relied on dictation devices to record 

patient information, which medical secretaries would later transcribe into electronic health records 

(EHRs). This process often led to significant delays and documentation backlogs. Today, as a means 

to streamline and conduct EHRs in real time, ASR has been deployed across Danish hospitals for 

more than a decade (Alapetite et al., 2009) where HCPs dictate directly into EHR systems using 

microphones. While recent advances in AI have markedly improved ASR performance (Adedeji et 

al., 2024; Dighe, 2023; Kheddar et al., 2024), the fundamental task of converting spoken language 

into written text remains central to its implementation in Danish clinical documentation. 

 

In Danish hospitals, ASR systems for clinical documentation often rely on more traditional and 

rule-based form of AI designed to follow expert-defined heuristics (Pascual et al., 2024). These 
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systems estimate the most probable word sequences using probabilistic models trained on historical 

medical records, factoring in word frequency and contextual co-occurrence (Griffiths, 2011). Like 

newer AI models, they depend on large volumes of domain-specific data and require continuous 

retraining to remain effective in dynamic clinical environments (Feng et al., 2022). Due to data 

privacy regulations, ASR systems are locally hosted on hospital servers, which limits storage and 

necessitates ongoing data labeling and refinement (Chiang, 2023; Li et al., 2023). Such continuous 

labeling is used to mitigate memory exhaustion and model drift, enabling systems to adapt to 

evolving clinical language and practice (Lybarger et al., 2018; Ragni & Gales, 2018). 

 

In Danish hospitals, the need for domain-specific data poses particular difficulties due to the limited 

availability of such large, annotated speech datasets in Danish (Vase & Berget, 2023). As a 

relatively underrepresented language in global AI development, smaller languages suffers from data 

scarcity, which negatively impacts ASR accuracy and adaptability across different contexts 

(Ngueajio & Washington, 2022). While ASR systems require regular updating through corrections 

made by everyday users (often HCPs) (Adedeji et al., 2024; Markl & McNulty, 2022) this process is 

further constrained when models are trained on narrow or biased datasets (Pascual et al., 2024), 

making localized adaptation an ongoing infrastructural challenge.  

 

Infrastructures as Matters of Expectation and Decay 

Scholars in Computer-Supported Cooperative Work (CSCW) have long studied infrastructure, 

breakdown, and the often-invisible work of repair that keeps systems running (Soden et al., 2021). 

This foundational focus has shaped current research into the everyday practices through which 

technologies are maintained, adapted, and sustained over time (Fahimi et al., 2024; Jackson, 2014; 

Lin & Jackson, 2023; Zhang et al., 2025). Extending this tradition, recent scholarship emphasizes 

that AI systems are not “set-and-forget” technologies—they require continual repair and adjustment 

to stay responsive to changing data inputs and dynamic social contexts (Venturini et al., 2024).  

 

Without institutional support for maintenance and repair work, systems are unable to adapt to 

shifting contexts or user needs. This brings infrastructure into focus not just as a technical concern, 

but as a site of organizational strategy and responsibility (Deshpande & Sharp, 2022). Infrastructure 

maintenance thus involves more than technical adjustments—it requires deliberate decisions about 

how long systems should be supported, when they should be replaced, and who is involved and 

responsible for these choices (Fox et al., 2023; Herrmann & Pfeiffer, 2023). At the core of this 

dynamic lies the organizational desire to regulate the lifespan of digital infrastructures. Recent work 

on AI lifecycles underscores that this regulation is not merely about timing or obsolescence, but 

about shaping the flows of material, financial, and human resources across the entire system 

lifecycle (Attard-Frost & Widder, 2025). Such top-down decision-making is often shaped by future-

oriented narratives of innovation, wherein infrastructures are framed not as enduring systems but as 

temporarily broken entities awaiting eventual replacement (Weber & Krebs, 2021). 

 

These narratives align with supply chain ontologies that privilege linear, one-way production logics 

and reinforce centralized control, obscuring the situated aspects of infrastructural value over time. 
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Within this logic, the postponement of repair is legitimized through aspirational projections of 

technological renewal, or assumptions that newer systems will naturally supersede existing ones. 

However, these strategic deferrals can undermine the cumulative value of incremental 

improvements embedded in established workflows (Houston et al., 2016; Jackson, 2014; Tsaknaki 

et al., 2016). AI lifecycle perspective instead reveals how ongoing maintenance and reuse can 

enable ethical, context-sensitive adaptation—highlighting infrastructure as a dynamic site of 

cocreation rather than a disposable stepping stone toward innovation. 

 

Against this backdrop, CSCW research has drawn attention to the work of HCPs on-the-ground, 

who are often deeply involved in sustaining AI systems. As Harper and Randall (2024) emphasize, 

machine learning systems function through “two sides of the same coin:” the technology and the 

practitioner’s engagement. What appears as system performance is often a reflection of institutional 

and human persistence; crucial to keeping systems functional and relevant over time (Houston et al., 

2016; Lin & Jackson, 2023). As such, practitioners are not only responsible for ongoing system 

maintenance but are also deeply invested in how they and their work are represented within those 

systems (Shen et al., 2024). This challenge is particularly acute in human–AI collaboration, where 

practitioners are not merely users but active auditors of AI output; a role that renders the interaction 

iterative, interpretive, and never fully complete. Each engagement with the system becomes a site of 

evaluation and correction, requiring sustained attention to clinical context (Feng et al., 2022). 

 

While tangled in maintaining AI technology, the burden of such data work—the human labor 

involved in generating, curating, managing, interpreting, and communicating data (Bossen et al. 

2019 p. 466) —often falls on HCPs, who must adapt to or work around outdated or malfunctioning 

technologies (Silva & Alahakoon, 2022). Conversely, systems may degrade or break down when 

human maintenance labor fails to keep pace with the evolving needs of machine learning models 

(Fahimi et al., 2024), even when such systems are pretrained or fitted to specific workflows (Harper 

& Randall, 2024). As a result, such systems may be actively resisted (Sholler, 2020) or become 

irrelevant to daily clinical practice (Hoeyer & Wadmann, 2020) 

 

Attention must therefore be paid to the everyday tasks and routines required to sustain systems, with 

a focus on the efforts that shape contingency and influence the trajectory of technological 

development. Cohn (2016) notably describes how systems sometimes shift "beyond repair"—not 

when they technically fail, but when the organizational will to sustain them dissipates. This moment 

signals more than technical breakdown; it reflects cultural, institutional, and symbolic 

disengagement, as the gradual movement from maintenance to abandonment transforms a system 

from vital infrastructure into an obsolete artifact (Cohn, 2016; Tsaknaki et al., 2016). 

Bridging Discourses of Innovation and Maintenance 

In this paper, I situate repair as both a material and anticipatory practice—one that not only restores 

systems but also reconfigures the expectations that sustain them. Following Jackson’s (2014) notion 

that “the fulcrum of these two worlds is repair,” I approach repair as the hinge between breakdown 

and renewal—an ongoing negotiation that invites new alignments of value, effort, and 
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responsibility. Rather than treating repair as a mere reaction to failure, this perspective understands 

it as a site where futures are continually reimagined: where actors recalibrate what counts as 

functionality, stability, and care. In this way, repair becomes a mode of managing not just 

technological continuity, but also the anticipatory logics through which infrastructures remain 

meaningful and alive. 

 

This framing links closely with scholarship on technological expectations—the imagined futures 

that shape how technologies are designed, deployed, and experienced. Repair practices are not 

isolated from these imaginaries; rather, they are deeply entangled with the negotiations through 

which technologies are envisioned, legitimated, and propelled forward. As van Lente (1993) notes, 

optimistic and hyped visions often give rise to new techno-scientific fields by securing political and 

financial capital. Expectations, then, function not only as top-down narratives but also as practical 

resources mobilized across different levels of action. For instance, national strategies promising 

wide-scale AI deployment in healthcare (Sholler, 2020) serve to align diverse stakeholders, while 

also shaping how healthcare professionals engage with AI systems in the contingencies of everyday 

work. 

 

Innovation is inherently future-oriented: technologies emerge not just through material development 

but through imagined scenarios of capability and impact (Borup et al., 2006). These expectations 

become embedded in technological roles, user scripts, and design assumptions (Suchman, 2012). 

Technologies “script” idealized users into their operation (Akrich & Latour, 1992), yet these scripts 

are frequently reinterpreted, negotiated, or resisted in practice—especially in high-stakes, deeply 

contextual domains such as healthcare. 

 

While there is substantial research on either the socio-technical practices of maintenance and repair 

or the discursive dynamics of technological hype, promise, and visions, there has been less attention 

to the dynamic interplay between these domains. In most accounts, the relationship between 

innovation and maintenance is framed as one of mutual ignorance: discourses of innovation tend to 

obscure or dismiss the labor of upkeep, while scholarship on maintenance often positions itself in 

critique of innovation, highlighting its neglect of infrastructural realities (e.g., Vinsel & Russell, The 

Innovation Delusion). Rarely do we see efforts to trace how promissory narratives and repair 

practices become entangled in the lived trajectories of technology over time. 

 

Recent work in the sociology of expectations (SoE) has begun to address this gap, offering 

conceptual tools to analyze how expectations are recalibrated, lowered, or deferred in innovation 

contexts (Lipp, 2024; Pickersgill, 2019; Watson & Wozniak-O’Connor, 2025). In parallel, emerging 

scholarship in innovation and management studies has introduced the notion of “exnovation:” the 

strategic abandonment, rollback, or quiet retirement of once-celebrated technologies, as a necessary 

counterweight to the narrative of linear progress (Hartley & Knell, 2022). These developments open 

space for thinking beyond binary oppositions between innovation and maintenance and invite us to 

explore the temporal frictions and negotiations that link them. 
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This lack of integrated analysis points to an opportunity within CSCW to bridge work on repair 

with work on expectations, through closer attention to how futures are operationalized within 

organizations and embedded in everyday workflows. I extend this line of thinking by showing how 

discursive expectations of technological improvement can, paradoxically, serve to stabilize the 

present. Rather than purely future-oriented visions, expectations may operate as mechanisms of 

deferral, legitimation, and even infrastructural inertia; particularly within institutional decision-

making. 

 

Drawing on Suchman’s (2012) theorization of configuration, I argue that expectations should not be 

viewed as abstract projections imposed from above, but rather as situated, materialized, and 

reconfigurable figures—emerging through the practices of those engaged in maintaining, adapting, 

and surviving with technology. Configuration enables us to trace how technologies and their 

imagined futures are co-produced through a series of contingent alignments across discursive, 

organizational, and material domains. In linking the technical and the social, expectations provide a 

shared horizon of possibility that not only animates innovation but also structures the allocation of 

labor, legitimacy, and care in the present. 

 

Methods 

In this article, I report findings from ethnographic fieldwork (2020–2022) at a regional public 

hospital in Denmark, where an ASR system (SpeechMagic 8, developed by Microsoft, formerly 

Nuance) had been integrated into clinical documentation for over a decade. My approach followed 

CSCW traditions of workplace ethnography (e.g., Jordan, 1996), emphasizing the situated, 

cooperative, and material aspects of system use. I focused on an orthopedic surgery department 

spanning wards and an outpatient clinic. Data were collected in two three-month rounds, combining 

observations and semi-structured interviews, supplemented by visual and textual materials to 

support triangulation of immediate behavior with broader narratives to build on open-ended inquiry 

(Bernard et al., 1986). Fieldwork was conducted in an observer-as-participant role. While some data 

have appeared in other contexts (e.g., Vase, 2025), my analytical focus here is distinct and take on 

an abductive approach to the gathered material (Timmermans & Tavory, 2012). 

 

Consistent with critiques of indirect methods and recall distortions (Bernard et al., 1986), my 

approach prioritized real-time documentation of ASR use to preserve ecological validity. I 

conducted ~300 observations of clinical examinations and EHR documentation across outpatient 

clinics, wards, hallways, and shared offices, each lasting 5–20 minutes. Shadowing (Czarniawska, 

2018) was a core observational technique: over 200 observations were collected while 

accompanying three mandated ASR users through full daytime shifts (7 AM–6/7 PM), purposively 

selected to capture variation in ways of interacting with the system and how these interactions 

related to clinical documentation practices in the complex daily life at the hospital. Audio notes and 

photographs supported immediate fieldnote expansion; although deleted onsite in accordance with 

hospital policy, they informed detailed elaboration of observed interactions. Further, in-situ 

interviews (Jordan, 1996) were conducted during observations, enabling real-time elicitation of 

HCP reflections. These spontaneous exchanges complemented observations of ASR-related 
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interactions along with semi-structured interviews with HCPs (n =14) including repeat interviews 

with three focal HCPs, medical secretaries (n=4), IT staff (n =3) hospital management (n =4), and 

external ASR developers (n =5), lasting 20 minutes to 2 hours. A focus group (Gawlik, 2018) with 

the three shadowed HCPs further elicited collective and longitudinal reflections on ASR integration. 

Interviews were transcribed and fieldnotes were expanded into thick descriptions (Baarts, 2015) and 

all thematically coded. 

Data Analysis  

Given the long-term use of ASR in the department, its infrastructural embeddedness in clinical 

routines, staff training, and clinical documentation workflows provided a critical backdrop for my 

inquiry. My analytical process followed an abductive approach moving iteratively between 

empirical material and conceptual frameworks (Timmermans & Tavory, 2012). I combined CSCW’s 

focus on repair with expectations to examine two interlinked registers of infrastructural decay as 

entry point: the routine, often invisible labor required to sustain systems, and the future-oriented 

imaginaries that frame those systems as improvable despite persistent flaws.  

 

First, thematic coding of interviews, observations, and fieldnotes highlighted everyday experiences 

with ASR, particularly maintenance and repair. Concepts such as articulation work (Schmidt & 

Bannon, 1992; Strauss, 1988) and data work (Bossen et al., 2019) foregrounded how AI systems 

persist not simply through code or data, but through the situated labor of those who sustain them in 

practice. I traced how HCPs stabilized ASR through labelling tasks, repair strategies, and invisible 

coordination, all central to managing technological uncertainty in complex, interdependent work 

environments. Second, I drew on how expectations “materialize cultural imaginaries, just as 

imaginaries narrate the significance of technical artefacts” (Suchman, 2012, p. 48) to analyze how 

broader discourses of AI shaped both organizational decisions and frontline practices. Expectations 

were treated not only as future-oriented but as sociotechnical dynamics that structured decision-

making and guided maintenance and related repair work. Thus, this study attends to what already 

exists in terms of workplace ethnography focusing on the “meantime” periods when flawed systems 

persist and expectations of replacement delay or neglect formal support. 

 

Analysis 

This section unfolds in two parts. I begin with the AI lifecycle, mapping the key actors and the 

distribution of responsibilities in maintaining this traditional AI. I then trace how clinical 

documentation was entangled in everyday practice and the ways expectations of system 

replacement shaped how breakdowns were managed in the present. As figure 1 shows, the ASR 

system’s lifecycle stretches across multiple sites and actors, forming an interdependent maintenance 

infrastructure. 
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Figure 1 – The ASR lifecycle mapping actors involved after system implementation, as well as their 

respective responsibilities in maintaining the clinical language model and other technical 

components.  

HCPs conduct clinical documentation and data labelling 

During and after consultations, HCPs used desktop microphones with ASR to dictate EHR notes 

(e.g., diagnostic observations, treatment plans). The system transcribed speech in real time and 

displayed text on-screen for immediate correction. After dictation, HCPs reviewed the transcription 

in the EHR and corrected misrecognized terms (e.g., “apopleksi” → “epilepsi”) by selecting and 

replacing them via keyboard. These edits were not merely text fixes; they also function as labeled 

feedback that informs ASR learning. In addition, HCPs were expected to report technical issues 

(e.g., hardware or software failures) to IT by phone or email, which further entangles clinical 

documentation with system maintenance. 

Medical secretaries operate at an intermediary layer  

After HCPs corrected transcription errors, secretaries validated these changes, assessing their 

accuracy and deciding whether to include them in the system’s training data. This process ensured 

data quality by preventing false positives and preserving clinically valid but rare phrases. 

Secretaries’ work required linguistic precision, clinical knowledge, and technical understanding of 

ASR. They also handled onboarding and calibration for new HCPs, registering clinicians, 

configuring profiles, and customizing language models by specialty and voice characteristics. 

IT project managers ensure technical compatibility and adjustments 

Although not involved in dictation, IT project managers maintained and provisioned essential 

hardware (such as microphones, headsets, and computers on wheels) and managed software 

compatibility between ASR tools, EHR updates, and local IT systems (Bruun-Rasmussen & Tynan, 

2015). During implementation, they coordinated testing, oversaw validation, and supported vendor 

adaptations, such as enabling single sign-on access to ASR via the EHR, ensuring alignment with 

legacy systems and data governance standards. 

 



 164 

Management coordinates conditions that allow ASR to remain integrated  

Institutional management played a critical role in maintaining and governing the ASR system within 

policy frameworks shaped by national and regional digital health strategies (Udvalget for Sundheds-

it, 2013b). As ASR was a national digitalization priority (The Danish Government et al., 2011), 

managers aligned hospital practices with broader objectives. The IT Service Manager oversaw 

technical integration and system stability, while the Vice President of Services allocated strategic 

resources to support implementation, integration, and sustainability. 

External vendors and developers update model 

External vendors and developers refined the ASR system’s clinical language models through a dual-

layered adaptive architecture that supported both individual learning and collective optimization. At 

the individual level, the system adapted to HCP usage patterns and corrections, which served as 

implicit labels to recalibrate recognition rules. At the collective level, vendors used aggregated 

labeling data to update vocabulary and recognition patterns in future models. These updates 

depended on a steady flow of user-generated data, with effectiveness relying on accurate HCP 

corrections, secretary validation, and proper IT data handling. 

The ASR Lifecycle as a Site of Maintenance 

This section explores the technical and organizational dynamics of ASR maintenance across its 

lifecycle. Beginning with managerial expectations, the analysis follows the flow from upstream data 

production and validation to downstream performance optimization. Though the lifecycle suggests a 

linear process, it often fragments (Attard-Frost & Widder, 2025; Fazelpour & De-Arteaga, 2022). 

These breaks reveal how maintenance is embedded in everyday use, distributed among actors, and 

sustained through informal practices. I trace how the ASR system evolved over a decade, 

highlighting where the chain holds (and where it does not) to show maintenance as a continuous, 

often invisible, effort. 

Expected Efficiency by Real-Time Clinical Documentation 

Real-time clinical documentation was underlined by organizational management as “the overall 

goal” of ASR based on cost–benefit analyses (Region Syddanmark, 2015). These assessments 

weighed potential efficiency gains in real-time clinical documentation (e.g., reduced reliance on 

secretarial staff and faster documentation turnaround) against initial investment costs, which could 

exceed DKK 20,000 per user (Udvalget for Sundheds-it, 2013a). This strategic logic led to the 

adoption of ASR, with plans to gradually expand across hospitals and departments through 2017 

(Udvalget for Sundheds-it, 2013b). Management allocated institutional resources during 

implementation, including financial capital for software licensing and hardware procurement, as 

well as time for system onboarding. 

 

By time of implementation, management assumed speech recognition was already a fully developed 

and mature technology. To back up this assumption, they referenced Gartner’s Hype Cycle for 2014, 

a commercial market analysis tool mapping technologies along a curve of hype and maturity. In the 

report, speech recognition was staged as mature and management implied that challenges were 
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more operational rather than technological: “Speech recognition has a high degree of maturity and 

is considered to be a ready-to-operate technology” (Interview, IT project manager). 

 

This perception shaped the rollout strategy, which combined formal mandates with departmental 

oversight. HCPs over 40 were required to use ASR, expected to achieve over 95% accuracy, 

aligning with productivity targets and institutionalizing ASR as a mandatory tool. Implementation 

also relied on peer “enthusiasts” to promote the system (Region Syddanmark, 2015). While the 

official policy required ASR use, some HCPs who found the system inefficient, describing it as 

“slower to use than typing on a keyboard” (Interview, HCP), were informally exempted. This early 

phase illustrates how formal expectations of efficiency and technological maturity drove the 

implementation of ASR while at the same time upheld the optimistic outlook on ASR performance 

despite practical complexities of everyday use. Although vendors recognized that user workarounds 

were actively preventing the system from learning, they consistently downplayed these issues as 

non-threatening to the overall success of the ASR. 

 

We’ve seen some users achieve really high accuracy 95% or even 98% but only when 

they follow the proper training protocol. The system needs consistent input to learn, 

but people can be inconsistent, […] no one followed up on it. So when users stopped 

using it or left the hospital the system just kind of faded out. It’s not that the system 

doesn’t work. (Interview, developer) 

 

In this framing, difficulties were attributed to “organizational,” “behavioral,” or training-related 

issues, rather than seen as fundamental flaws in the technology itself. 

Embedded Maintenance in Clinical Documentation 

The empirical material showed that HCPs’ work with ASR was not simply a matter of using a tool 

for documentation or feeding data into a model. Instead, it reflected an ongoing, situated practice in 

which human and machine were continuously configured through everyday tasks. Interfacing 

involved data work by both HCPs and secretaries. While labeling in AI systems is typically 

upstream and pre-training (Silva & Alahakoon, 2022), in ASR it occurred during use through HCP 

corrections and secretary validations. These downstream actions shaped upstream training data, 

collapsing conventional distinctions between use and upkeep. 

 

Correcting ASR transcripts exemplified maintenance, as a single user–system interaction 

simultaneously served two functions. While producing legally valid EHR notes, HCPs’ keystrokes 

also generated labeled data for ASR training. These actions occurred through one interface and 

reflected a continuous, intertwined process, HCPs did not alternate between documenting and 

labeling but performed both at once. This dual role enabled real-time EHR availability, supporting 

clinical coordination, though often at the cost of quality: 

Happy that the notes are written immediately. Collaboration both internally and between 

departments is made much easier. However, it is agreed that the notes require a great deal of 
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work before they are of the same quality as those that the secretaries can deliver. (Interview, 

HCP) 

HCPs invested time in proofreading and correcting ASR outputs, embedding maintenance within 

their clinical routines. When ASR failed due to access issues or technical breakdowns, many 

deferred full documentation by jotting “cue words” on paper or even on their hands. These 

improvised workarounds allowed care to proceed but risked data loss and degraded record quality. 

Without ASR, some clinicians resorted to typing, which they found time-consuming and 

inadequate: 

They are rough and unimportant notes. You cannot understand them, so they cannot be used 

in the future at all. It is horribly embarrassing. They are completely miserable, those notes. 

(Interview, HCP) 

Proofreading also became cognitively demanding, especially during shifts, as users struggled to 

detect subtle errors in real time:  

Even those who are most skilled at using the system say that they are best at proofreading 

when the shift is over. You simply don't see the deviations when the spoken word is 

completely present. It's completely wrong words, wrong endings and things like missing 

negations that are overlooked. (Interview, HCP) 

Such accounts revealed how immediate correction often failed to catch critical errors, weakening 

both the medical record and the training data returned to ASR. Breakdowns intensified this burden, 

showing how maintenance work was distributed, informal, and often risk-laden. Further, due to 

hospital accountability for legal, reusable and meaningful EHRs, managers and medical secretaries 

routinely sample EHR notes to ensure that ASR-generated entries in did not pose risks to patients in 

high-stakes clinical environments. 

Fragility of lifecycle 

With the introduction of ASR, medical secretaries' formal tasks shifted from transcription to 

validating system-generated outputs. They did not use ASR for their own documentation but took 

on new data work situated between HCP corrections and language model updates. Validation 

involved reviewing candidate terms generated from HCP edits, including usage frequency, brief 

context, and common glitches such as blanks or misspellings illustrated in image 1.  
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Image 1 – List of unknown words 

 

To assess these entries, secretaries relied on tacit clinical and grammatical knowledge: 

 

Then the word is capitalized, and then it is lowercase, and both words are actually 

misspelled, so I get rid of them […] it all comes into the dictionary when they correct the 

system. It takes up much time. (Observation, Secretary) 

 

Unlike transcription, which was embedded in rich clinical narratives, validation offered limited 

context, making judgments more difficult. Nevertheless, it served as a critical link between 

documentation practices and machine learning refinement. This redistribution of tasks revealed how 

essential maintenance relied on fragile infrastructure and informal labor. 

 

Secretaries connected the human-facing production of clinical records with the machine-facing 

governance of ASR models. Yet this position proved vulnerable. During fieldwork, secretaries lost 

access to the validation interface for over a year: 

 

I think they started the new [ASR] system because I cannot enter the place where the words 

need to be accepted. I have not been able to access it for several months. (Interview, Medical 

Secretary) 

 

During this period, HCPs continued correcting ASR outputs under the assumption that their input 

improved system accuracy. In reality, those corrections never reached the model, and 

misrecognitions persisted. This resulted in misplaced labor, an example of what Vase (2025) terms 
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faux data work: activity that mimics productive labeling but has no functional effect due to 

infrastructural failure. 

 

Responsibility for maintenance remained with secretaries despite their inability to act. HCPs 

unknowingly invested time in labeling with no system effect, while secretaries, already burdened 

with other tasks, accepted the gap as a necessary compromise: “We are busy enough as it is” 

(Interview, Secretary). The combination of infrastructural failure and workload pressures created a 

scenario in which neither group could effectively address recurring errors, yet the lifecycle 

continued to give the impression of an operational maintenance process. 

 

Even when access was restored, the interface lacked features such as correction flags or comment 

fields. Secretaries depended on guesswork, institutional knowledge, and informal clarifications with 

HCPs. This sustained the validation process but left it fragile. As a result, ASR maintenance became 

widely distributed yet dependent on a single vulnerable point in the system. When this link failed, 

the feedback loop between human input and machine learning was severed, creating the appearance 

of maintenance without its actual effects and compromising both clinical documentation and system 

improvement. 

From clerical reduction to centralized governance 

Before ASR, medical secretaries spent around 36% of their time on transcription tasks (Region 

Syddanmark, 2015). ASR was partly introduced to reduce this burden: 

 

A not insignificant ‘side benefit’ of speech recognition is that medical secretaries are freed 

up time when they do not have to write journal notes, so that they can perform other 

administrative tasks. There are still many - and perhaps more exciting - tasks for the medical 

secretarial group. (Interview, IT manager) 

 

However, despite this shift, secretaries remained central to ASR governance. While they no longer 

performed transcription, they became responsible for validating model inputs— essential for 

maintaining recognition accuracy. Although ASR aimed to place documentation to HCPs, quality 

control remained concentrated in the hands of secretaries. When infrastructure failed, particularly 

the validation interface, the feedback loop between documentation and system learning broke down, 

exposing a fragile ecology of maintenance and mismatched responsibility. 

 

By the time of fieldwork, the ASR system had been in use for over a decade and was considered due 

for an upgrade to a “better motor.” A new version with improved recognition and noise-filtering was 

planned (Interview, IT project manager). Yet the upgrade was postponed after delays in deploying a 

new EHR system, as IT management aimed to avoid overloading staff. This strategy of planned 

delay kept outdated systems in place despite growing misalignment with user needs. 

 

Although HCPs and secretaries often mentioned that a new system was “on its way,” none had 

access to clear information about the transition. Uncertainty led to speculation and workarounds, 

while infrastructure continued to deteriorate. One IT project manager remarked during an interview, 
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"The system has been in operation for more than ten years, so it's minor things that... it won't make 

a big difference." In practice, users operated in a liminal state caught between expectations of 

replacement and the ongoing demands of a decaying system.  

Profiles setup and calibration 

Although ongoing labeling was essential, ASR calibration and training were formally treated as a 

one-time onboarding step to establish a baseline voice profile: 

 

All HCPs must be trained before starting with ASR. It is recommended to set aside 

approximately 1.5 hours per HCP for the first training. The training is individual, as the 

building of the personal voice profile begins with reading a text aloud. After reading the 

texts, use of the microphone must be trained (Interview, secretary). 

 

This process framed calibration as complete after setup, yet its effects extended well beyond. Users 

were required to choose a “male” or “female” voice model, introducing assumptions about pitch 

and pronunciation. As one developer explained, attempts to use mismatched profiles performed 

poorly, revealing how the system struggled with non-normative speech patterns: 

 

Some pronunciations are different, presumably due to the pitch. We have tried to let a 

woman speak on a man's profile, and it goes poorly - very poorly. So, there is something in 

the very initial model that users start from. It must be a male or female model. And then 

continuous learning is constantly being done in relation to the way you pronounce the words 

as a user. (Interview, developer) 

 

In the observed department, no female HCPs continued using ASR, despite its mandated role and 

low recognition appeared to become part of the conditions of use. The expectation is that 

“continuous learning” will eventually adapt to individual users is contingent on the user to correct 

errors and label data consistently over time. Similar dynamics emerge in relation to accented or 

non-native speech: 

 

For HCPs with a native language other than Nordic, there is no doubt that a lot of time is 

wasted. The HCP initially spends a lot of time dictating and repeating sentences. After that, 

they are often corrected several times, both by the HCP and by colleagues. (Interview, HCP) 

 

In such cases, the system places a higher burden on users to bring their profile into alignment while 

exclusions related to gender and accent appear to be accommodated through informal acceptance of 

system failure in certain contexts: “Sometimes it is necessary to change the pronunciation of certain 

technical terms to "help" speech recognition along” (IT project manager, I). These failures are not 

interpreted as bugs in need of fixing, but as unfortunate but tolerable shortcomings within the 

broader functioning of the ASR which was never expected to achieve laboratory recognition 

accuracy. As one IT manager put it: “Ideally, dictation should take place in rooms where there is 

peace – but the optimal world does not exist” (Interview, IT manager) while the accuracy 
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improvement of the ASR system is directly dependent on the user’s commitment to correcting and 

labelling data: 

 

The [ASR] improvements are not made by just dictating notes, but the improvement is also 

made by being very careful to correct incorrectly recognized words. This is how the system 

learns how to translate the user's sounds into words. If this task is given a lower priority, it 

will mean that the recognition is not improved. (Interview, secretary) 

Upstream Informal ASR Maintenance  

Alongside the technical implementation of ASR, non-formal workflows were essential to 

maintaining its effectiveness. While initial training established intended use, long-term alignment 

depended on informal adaptations by HCPs and secretaries. These efforts required active 

collaboration, as one IT project manager noted: “Since speech recognition breaks with existing 

workflows, experience shows that it requires cooperation between management and employees 

when shifting tasks” (Interview, IT project manager). HCPs acknowledged the broad support 

provided by secretaries, who continued to assist with documentation tasks, coordination, and 

follow-up: 

 

The secretaries in our department still help us with such things. In addition, they help with 

sending notes to collaborators, correcting diagnoses, adding service records, creating and 

closing courses and many other tasks. The secretaries still play an important role in all 

outpatient visits. (Interview, HCP) 

 

To bridge communication gaps introduced by ASR, secretaries relied on informal methods—calling 

HCPs, sending unread emails, or using handwritten codes on printed EHRs, especially when ASR 

was unavailable (see Image 2). 

 



 171 

 
Image 2 - HCP conducts documentation work in the EHR using ASR while jotting down handwritten 

notes and codes to give to medical secretaries after the shift has ended. 

 

The introduction of ASR increased coordination demands, as one secretary explained: 

 

With ASR, the medical secretary simply needs to be even more skilled at coordinating. This 

places great demands on close and respectful cooperation with the HCPs to ensure that no 

errors occur in the follow-up of the patient's further course. (Interview, secretary) 

 

Secretaries also played a key but often invisible role in maintaining system performance. They 

trained HCPs, corrected “bad habits,” and refined workflows, responsibilities that extended well 

beyond traditional clerical duties: “Our responsibilities now include sustained oversight of ASR 

usage, and we see it as our job to educate, facilitate, support, and help” (Observation, Secretary). 

Despite this central role, secretaries were not formally integrated into ASR support structures. 

Unlike pre-ASR workflows, where dictation devices conveyed correction cues, ASR removed this 

feedback channel. As a result, secretaries had to make decisions without clinical context, 

maintaining EHR quality and patient safety through informal coordination. Ultimately, while ASR 

implementation focused on technical rollout, its continued operation depended on the invisible, 

distributed, and informal maintenance work performed by secretaries. 

Informal repair work 

When ASR malfunctioned or behaved unpredictably, HCPs were often unsure how to respond. With 

no formal training beyond initial onboarding, many felt left to manage issues on their own. In the 

absence of structured refreshers, troubleshooting became informal and ad hoc. Rather than using 

official error-reporting channels, HCPs relied on individualized fixes—avoiding pop-up warnings, 

experimenting with headsets, and observing patterns in system behavior: “I tried to use a headset 
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last week, and it seems to me like it [ASR] works better. […] So, today I use it too, and then we will 

have to see if it was just better for that day only” (Observation HCP). 

 

These actions reflected a mix of repair attempts and temporary workarounds. Since solutions were 

not shared, improvements remained limited to individual users. 

 

Formal error reporting also declined. Although HCPs were instructed to report problems, technical 

issues that once took days to resolve were left unattended for months. One table marked as broken 

remained idle and was eventually used for paperwork (see image 3). Software issues, especially 

those related to profiles and labeling, became harder to identify and address. Reported ASR cases 

dropped from 336 in 2019 to 69 in 2021, with little attention from IT staff. 

 

          
 

Image 3 – Failure to address reported hardware errors 

 

The lack of transparency in system behavior reinforced these patterns. Without feedback on why 

errors occurred, HCPs developed personal explanations. Some believed ASR worked better during 

the day or failed more often on weekends. These narratives shaped further experimentation but 

rarely led to systemic improvement. Over time, practices like hardware testing, bypassing IT 

protocols, and sharing frustrations became part of clinical routines. The distinction between genuine 

repair and workaround remained unclear. In both cases, the goal was to maintain documentation 

despite unreliable tools, without contributing to long-term system learning. 
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Discussion 

When implementing the system, institutional expectations surrounding the maturity and reliability 

of ASR technologies shaped both how resources were allocated and how accountability was 

distributed. This not only influenced infrastructural priorities but also effectively reconfigured 

clinical documentation as a site of delegated technological labor. ASR was deployed under 

managerial logics that assumed its functionality as a given, aligning with top-down directives 

common in AI adoption (Kim et al., 2023; Sholler, 2020). Yet, the system’s actual use revealed 

persistent frictions. Certain groups—particularly female clinicians and non-native speakers—were 

disproportionately impacted by ASR misrecognitions, exposing how the burden of adaptation was 

unevenly distributed. Instead of prompting system-level modifications, these users were subtly 

expected to adjust themselves to the system, whether through accent modification, increased manual 

correction, or eventual withdrawal from use. 

 

The system demanded constant, situated effort simply to function by way of clinicians’ corrections, 

medical secretaries’ validation routines, and IT staff’s oversight of hardware were not ancillary. Yet 

this labor remained largely unacknowledged. Promises of future ASR performance were invoked to 

justify ongoing deficiencies, constantly deferred through the repetition of minor acts of maintenance 

and workaround making the system visible (Star & Ruhleder, 1996). ASR surfaced not as 

interruptions to an otherwise functional system, but as routine occurrences around which informal 

repair cultures formed. However, despite years of deployment, improvement remained ambiguous, 

and the burden of sustaining the system remained unequally distributed. 

 

Managerial attention remained narrowly focused on quantitative metrics while overlooking the 

redistributive effects of ASR on workplace roles and responsibilities causing fragility as systems are 

not just technical choices, but deeply institutional ones (Herrmann & Pfeiffer, 2023). Medical 

secretaries, once tasked with transcription, were repositioned as validators and educators. Despite 

their centrality in maintaining the system, they received no formal recognition or institutional 

support. Ironically, they did not use the system themselves, yet bore responsibility for ensuring its 

ongoing, smooth operation. This redistribution of labor without revaluation created a fragile 

underpinning for ASR’s long-term use. Accountability was offloaded onto users through informal, 

often invisible channels, which weakened the structural integrity of the system. When validation 

loops broke down or support mechanisms eroded, the risk was not just temporary malfunction but 

the collapse of entire AI lifecycles.  

Planned Obsolescence Forming Human–AI Collaboration 

In the ASR system studied, medical secretaries played a vital role in “closing the loop” between 

clinician corrections and model retraining. However, when the validation interface silently failed, 

this entire feedback mechanism collapsed. Clinicians continued correcting transcripts under the 

belief that their labor improved the system, while in reality, no updates were occurring. This 

decoupling of user expectation from system behavior had epistemic consequences: users began 

disengaging from the system, perceiving it as unresponsive. 
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Rather than viewing ASR as a bounded tool, the system is better conceptualized as a configurational 

site—one where its future is negotiated through frontline adaptations, managerial framing, and 

vendor-driven futures. The imagined “new motor” for ASR, endlessly delayed, created a liminal 

zone between current dysfunction and future promise. In this “meantime,” both hardware and 

software repair faltered: IT and secretarial maintenance were devalued or invisible, budgetary 

decisions deprioritized system support, and clinicians eventually stopped reporting errors, triggering 

a slow-motion infrastructural decay. 

 

This dynamic reveals that infrastructural endurance is not just about surviving breakdowns, but 

about how decay is governed. The promise of imminent upgrade served to justify tolerance of 

existing dysfunctions and reinforced unequal labor arrangements. It stabilized the present by 

invoking a future perpetually “under repair,” creating what might be termed a planned obsolescence 

of accountability. Human–AI collaboration, in this case, was not formed through successful 

integration but through sustained coping, workaround, and withdrawal demonstrating how 

imaginaries of a future "under repair" can stabilize a present "beyond repair." 

 

While scholars have documented similar dynamics in physical infrastructure (Velkova, 2019) 

software-based systems, especially those involving AI, render these phenomena less perceptible. In 

clinical settings, data lifecycles are largely invisible to users, particularly when professionals lack 

transparency or access to how their corrections and documentation contribute (or fail to contribute) 

to system learning.  

 

Conclusion 

This study has shown how sustaining AI systems like ASR in healthcare is less about technological 

maturity and more about the social and organizational labor that keeps them functioning over time. 

While the ASR system was introduced to improve clinical documentation, its ongoing use depended 

on invisible and distributed maintenance—carried out by HCPs, secretaries, and IT staff—whose 

work remained unrecognized, unsupported, and unequally distributed. 

 

Rather than prompting system-level change, breakdowns were absorbed into everyday routines, 

justified by expectations of future system replacement. These imagined upgrades stabilized a 

present that was increasingly misaligned with clinical needs. Users were expected to adapt—

modifying speech, tolerating misrecognitions, or disengaging—while organizational attention 

shifted elsewhere. Repair became anticipatory: sustained less by improvement than by the hope that 

something better was coming. In tracing how this “meantime” shaped practice, this paper 

contributes to CSCW by showing how human–AI collaboration is governed not only by workflows, 

but by institutional futures—where the labor of keeping systems alive is overshadowed by promises 

of innovation that may never arrive. 
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Abstract 

Automatic speech recognition (ASR) has become a familiar input component for voice user faces, 

such as texting, preparing structured documents, searching, and voice commands. Inclusive ASR is 

a premise for a sustainable HCI that supports all types of languages and users. ASR is quite robust 

for majority languages but still needs to be adequate for smaller languages. Moreover, specific user 

groups cannot use ASR due to, e.g., speech impediments or accents. This paper discusses the 

possibilities and limitations of ASR in its current form within a Nordic context raising the following 

questions: i) What is the state of ASR in terms of usability for smaller and minority languages, and 

ii) How is ASR discussed regarding future development and inclusion? The current research 

discusses such topics within the lens of ability-based participatory design established on exploratory 

data collection. Among other findings, the paper stresses that small and minority languages are 

neglected in ASR development from an international perspective. Consequently, these languages 

risk exclusion from the digital development of language technology. 

 

Introduction 

Language is an essential part of our everyday lives and identity. According to The Universal 

Declaration of Human Rights (2015), all people have the right to their own language. Further, 

European governments must provide equal possibilities for citizens to participate in society despite 

one's mother tongue (United Nations, 2007). Governments in the Nordic region risk pushing against 

these rights by increasing the use of voice user interfaces (VUIs) since such technologies lack 

robustness for smaller and minority languages (Sutton et al., 2019). A key aspect of language is how 

people express written or spoken words, and it is vital in understanding how people interact with 

computers to produce texts or give commands. Written language has shaped the foundation of how 

we interact with computers (e.g., Dourish, 2004) and has, among others, evolved into VUIs. A 

primary concern towards technologies supporting languages is the societal role of VUIs (De Smedt 

et al., 2012) since these interfaces will affect how citizens interact with and are assisted by the 

public sector. 

One commonly applied input method is text-based. In specific contexts, however, it is more 

purposeful to apply alternative input methods, such as automatic speech recognition (ASR), a key 

component in VUIs. Virtual assistants, smart speakers, and smartphones are all devices using ASR 

as the primary input. Advanced ASR technologies such as, speech-to-text, and voice command have 

become common due to the assistive values they provide by the independence enabled from 

physical body parts such as hands and eyes. ASR is thus often related to assistive technologies as a 

tool to support people with reduced writing skills (Jing & Chen, 2017). 
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The ability to input textual content can be affected by permanent or temporarily impaired 

skills or environmental factors. For instance, due to strict hygiene rules, a surgeon performing an 

operation cannot conduct search queries or acquire patient information from the Electronic Health 

Record (EHR) using hardware such as a mouse or keyboard. Another example is a person with 

visual impairments who shall compose a text message on a smartphone with no tactile buttons. A 

student writing a thesis with a broken hand may also experience challenges with text input. In other 

words, ASR has considerable potential in many contexts for different purposes and is thus evolving 

quickly. 

While ASR is commonly applied worldwide, there are still huge differences between majority 

languages on one side and small and minority languages on the other regarding the quality and 

robustness of the technology. For example, for languages like Danish and Norwegian, ASR is less 

developed than English (Alapetite et al., 2009). These small languages represent lesser populations 

to design for, and hence reduced revenue possibilities leaving too modest investments in 

comprehensive product development (Kirchmeier et al., 2020). 

Another challenge in the Nordic countries is the presence of several language forms and 

dialects. Currently, there are approximately 200 different languages spoken within Nordic countries 

(Nordic Council of Ministers, 2007), comprising national and minority languages. ASR is only 

developed for some of these languages. The technology solitarily supports some of the national 

languages, and the recognition is not always sufficiently robust (Alapetite et al., 2009). This lack of 

availability and robustness raises many challenges, such as people needing access to necessary 

assistive technology who cannot utilize it, or people having to abandon their language or dialect to 

be able to use ASR. Governments require such technology to be available for all inhabitants but 

seem unwilling to pay for the necessary technological development. The responsibility of diversity 

is therefore transferred to the product developers, who do not perceive it as economically beneficial 

to invest much time and money in smaller and minority languages. This paper discusses the 

following research questions in a Nordic context, using Denmark and Norway as examples: 

 

RQ1: What is the state of ASR in terms of usability for smaller and minority languages? 

RQ2: How is automatic speech recognition discussed regarding future development and inclusion? 

 

This study was exploratory in its nature and adopted an empirical research approach to answer the 

questions of interest. The paper is structured as follows: the background addresses topics such as 

language, ASR in a Nordic context, user diversity and ability-based design. This is followed by a 

description of the methods used, an analysis of our findings and a discussion of the research 

questions. Finally, we address important implications for future research and development. 

 

Background 

Language Diversity 

Natural language is an interpersonal communication system (Christensen & Christensen, 2014). 

Natural language can be regarded as a historically progressed language used to communicate 

utilizing signs or speech through repetition without conscious planning or premeditation. Almost 
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half of the population on Earth has one of the nine largest languages as their first language. In 

addition, numerous smaller languages and language forms exist on all continents. To preserve all 

types of languages, many documents manifest the rights to one's own language, such as The 

Universal Declaration of Human Rights (2015), The UN Convention on the Rights of the Child 

(1989), and the European Charter for Regional or Minority Languages (1992). 

Language is not a homogeneous unit. In Norway and Denmark, there are approximately 10 

million speakers. A language such as Danish could be considered a minority language compared to 

major languages such as Chinese, Spanish, or English. Danish is an official national language 

(where The Language Council makes an official dictionary), while Norway only has the two written 

official languages, Nynorsk and Bokmål, specified as official (De Smedt et al., 2012). The speakers 

in the two countries represent several linguistic diversities. Neither of the three languages has a 

clear delimitation of what 'belongs to the language' (De Smedt et al., 2012; Heltoft & Hansen, 2007) 

because all dialectal varieties demonstrate constant interchangeability. Some words are thus 

evidence of how language reflects cultural and historical changes in society, but they are never 

admitted as official words (Language Council, 2022). Although Nynorsk and Bokmål are official 

written languages in Norway, they still encompass a vast range of spellings. To clarify the variation, 

we highlight the example referred to by Frostad, Schall and Holten (2019), namely that a longer 

sentence in Bokmål can be spelled in 165,888 different ways. 

The Nordic Language Declaration (2006) aims to ensure consistency in the work of the 

Nordic Council of Ministers regarding democratic language policies and the linguistic rights of 

Nordic residents. One of the five primary efforts made to ensure language comprehension and 

language skills is the development of computer translation programs for the languages of the Nordic 

countries. Programs for multilingual searches in Nordic databases are also created. The efforts 

encompass national languages in the Nordic countries (Danish, Finnish, Icelandic, Norwegian, and 

Swedish) and minority languages (Finnish, Yiddish, Karelian, Kven, Meänkieli, Roma, Romani, 

Russian, Tatar, German, and several Sami languages). 

Minority languages are protected by national law and the European Charter for Regional and 

Minority Languages (1998) due to their great importance to the Nordic region. This protection 

benefits a linguistically diverse society that provides better conditions for knowledge and 

innovation in democratic and cultural ways (Kvarfordt Niia, 2021). Yet, minority languages in the 

Nordic countries are vaguely positioned considering language literacy (Antonsen et al., 2017). 

Digitalization regarding languages in the Nordic region thus encompasses responsibility for 

upholding minority languages. 

Developing robust ASR for smaller languages and minority languages is regarded as essential 

to ensure language diversity and sustainable protection of a linguistically diverse society (De Smedt 

et al., 2012). Digital transformation and language are closely linked through the concepts of 

internationalization and localization. In comparison, internationalization relates to software design 

for global applications, and localization targets more narrow user groups. Localization can, for 

example, accommodate for people to apply their native language and the language they are most 

fluent (Laxström et al., 2017). 
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ASR in the Nordic Regions 

Citizens in the Nordic region use ASR in everyday life and work-related situations within a broad 

range of contexts. In short, ASR recognizes people's natural language and translates it into text or a 

command. The technology can support text-related practices, such as proofreading, dictation, 

standardized documentation, and voice commands or assistance (e.g., virtual assistants). 

Consequently, public organizations implement ASR technology due to the expected efficiency and 

standardized bureaucratic documentation (Fournier, 2018). 

This paper takes part of departure in linear algorithms not supported by deep learning, which 

is the fundamental use by public organizations in the Nordic region. ASR is built upon a statistical 

language model and processes and interprets speech recorded through a microphone. The algorithm 

converts the speech into recognizable codes and analyses the words and sentences by dividing them 

into fractions. This information is used to analyze the frequency of words based on pattern 

recognition. Since ASR is used in various contexts and languages, the modalities of speech differ, 

which is why the ASR algorithm needs various phonetic dictionaries to interpret all kinds of speech. 

ASR receives data from a specific environment, processes this data, and delivers a result back to the 

environment. In other words, ASR represents an input–process–output structure (Curry et al., 2005) 

based on three databases: an overall language model, an acoustic model, and a phonetic dictionary. 

Depending on the expected use, the language model holds a library of data containing documents 

and audio files modified for a specific context, such as a medical or an academic domain. The 

model identifies and translates speech by calculating the probability of words included in a 

sentence. Several factors contribute to the development of the system's pattern recognition, such as 

the language model's vocabulary and the amount of data that is decisive for the number of words 

that can be recognized. Thus, ASR needs big data, such as documents representing what users will 

say to the system within a specific domain to "make sense" of speech (Lewis, 2016). Such 

documents could be previous research articles, assignments, EHRs, and reports. Consequently, data 

are historical, and the digitalization of documents is essential for developing ASR for a language 

and thus a domain. 

For many years there has been a high-level desire for developers to make ASR adapt to 

individual voices (Rosen & Yampolsky, 2000). However, it has proven to be a more significant 

challenge as languages and voices constantly evolve (Ogundokun et al., 2020). Users increase the 

amount of data by training the system in recording and spelling unknown words and uploading 

them to the library. ASR is thus user dependent. The acoustic model of the linear algorithm is based 

on English language, which poses challenges for smaller languages due to their dissimilar 

characteristics, such as vowel extension and ”stød” (Kirkedal, 2016). The latter refers to ”a 

suprasegmental creaky voice feature” (Hjortdal et al., 2022), which occurs in certain dialects in 

Denmark. These challenges are linked to preset categorizations by adapting to dialects, accents, and 

gender (Vase, 2021). The categories adapt to the user's starting point for the algorithm to achieve an 

optimized recognition rate. For example, users are divided according to gender because the male 

pitch is regarded as more profound than the female pitch (Nass & Brave, 2005). Users with dialects, 

accents, or a different pitch than the average presented by their gender thus risk a lower recognition 

rate, or no recognition, due to less representative data (Koenecke et al., 2020). 
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The technological maturation of ASR has become more robust for majority languages than 

smaller languages. The English language model has to a certain degree become independent from 

users due to deep learning (Singh et al., 2018; Xiong et al., 2018) and does not need to keep humans 

in the loop training the language model in the same time-consuming way as algorithms that are built 

on more linear models. Inspired by this progress, Nordic national strategies encourage public 

organizations to increase future use of ASR (Ministry of Local Government & and Modernisation, 

2019; Teknologirådet, 2018). This encouragement is tied to an expected establishment of a public 

grounded open-source language model containing the individual country's languages. These 

strategic decisions raise questions about which languages will be presented, since countries like 

Norway have several official and unofficial languages and dialects. Based upon this landscape of 

several spoken languages, we must acknowledge the need for dense data sets to support each 

specific language. 

ASR and User Diversity 

Speech recognition is often associated with assistive technology, among others, because ASR can 

replace the use of mouse, and keyboard. ASR can also compensate for lacking or reduced writing 

skills and is therefore reported to be the most commonly applied assistive technology among people 

with dyslexia (Jing & Chen, 2017). By using ASR when writing school assignments, for example, 

pupils and students with dyslexia can become more self-reliant and improve academic performance, 

which also has a positive impact on self-esteem (Lithari, 2019). 

For some users, ASR may be a purposeful aid, but due to personal characteristics such as 

speech impediments it might be difficult to interact with the ASR. For example, for people with 

Parkinson, keyboard skills are often affected (Adams, 2017), and many people with Down 

syndrome or other similar conditions may not have developed advanced writing skills (Alesi & 

Battaglia, 2019; Rocha et al., 2017). However, both Parkinson and Down syndrome may cause 

speech impediments (Dashtipour et al., 2018; Sanchez et al., 2012), which can make it challenging 

to utilize ASR to the full extent. Previous research indicates an increase in people with speech 

impairments (Dua et al., 2014) and a growth in demand for digital tools to facilitate and ease 

communication for such users (Balaji & Sadashivappa, 2015). However, today people with speech 

impediments must adjust their speech to improve recognition so that they can utilize ASR (Cave & 

Bloch, 2021). 

Assistive technology may be regarded as an add-on between the user and the system 

(Wobbrock et al., 2011) and is ”a powerful enabler of participation” (Desmond et al., 2018). 

Consequently, assistive technologies like speech recognition show great potential in contributing to 

inclusive design development in digitized societies. ASR, however, has a much greater area of 

application than only representing a type of assistive technology from a disability perspective. 

Much of this technology is therefore now being utilized by many types of users (Stramondo, 2019). 

Wobbrock and collogues (2011) argue that a shift is needed from focusing on disabilities to 

addressing people's general abilities: ”In making the shift to ability based design, we move away 

from assisting human users to conform to inflexible computer systems, and instead consider how 

systems can be made to fit the abilities of whoever uses them” (p. 9.2). The ability-based design 

perspective acknowledges that people have different abilities in various contexts or settings. For 
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example, a person working in an auto repair shop may find ASR purposeful when searching for 

information while having greasy hands. 

Further development of the ability-based approach is the concept of situated abilities. This 

concept is related to the acknowledgment that human abilities are situated on a continuum, and they 

may be affected by many different factors. The concept of situated abilities contributes with a useful 

perspective on ASR because it acknowledges how different abilities affect system interaction. An 

overarching concept for the ability-based design and situated abilities is universal design. Universal 

design aims to create inclusive content and to avoid discrimination against anyone, regardless of 

age, gender identity, cultural background, functional and neurocognitive level (Steinfeld & Maisel, 

2012). This design perspective can help to locate abilities and, thus, preferences shared among users 

of a particular technology. 

 

Method 

Researchers have previously investigated the use of ASR in public organizations in a Nordic 

context. An exploratory approach to usability has been applied, among others by addressing 

employees' attitudes towards the technology (Alapetite et al., 2009) and data entry (Derman et al., 

2010). These previous studies have demonstrated a need for future usability considerations that 

reflect usability. This article discusses such a knowledge gap by addressing future development and 

inclusion through document analysis and interviews. 

Empirical Material 

There is a limited amount of peer-reviewed literature on governmental actions and strategies 

regarding ASR in the Nordic regions (Frostad et al., 2019; Pedersen, B. S, et al., 2012). The 

methods used in this study were therefore closely aligned with an exploratory data collection 

inspired by scoping (Arksey & O’Malley, 2005), where we mapped out critical concepts of public 

use encompassing ASR. We found the approach suitable when exploring an incomprehensibly 

reviewed area to identify possible gaps and efforts made. Based on the review of public policy 

papers as sources, we applied a synthesis of core concepts found. We clarified central concepts 

regarding ASR that appeared essential and were shared or repeated across the public policy papers. 

These concepts encompass barriers towards inclusive ASR, points of interest, usability, and national 

expectations regarding science and technology. 

We conducted a qualitative content analysis (Alvesson & Sköldberg, 2017) of public policy 

papers comprising the technological development of ASR in Denmark and Norway in the period 

2018-2022 (Agency for Digitalization, 2020; Government, 2017; Kommunal- og 

distriktsdepartementet, 2022; Kommunal- og moderniseringsdepartementet, 2020; Language 

Council, 2022; Ministry of Local Government & and Modernisation, 2019; Teknologirådet, 2018; 

The Danish Health Data Authority, 2018). The empirical material was coded using NVivo with 

specific attention to notions of ASR coupled with assistive technology as well as future assumptions 

of the use of the technology. The documents consist of national strategies and white papers 

conducted by public institutions such as ministries touching upon ASR and technological 

considerations regarding assistive development and responsibility. 
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The content analysis was carried out to shed light on how ASR is discussed regarding future 

development and inclusion. Further, suppliers’ suggestions found through white papers and press 

releases were analyzed as public institutions within the Nordic countries infrequently allocate 

technologies such as ASR and thus depend on external suppliers. This distribution formed an 

overview of the empirical evidence and led to the realization that we needed more in-depth answers 

to be able to answer our research questions. We extended our exploratory method empirically 

through interviews. We will characterize the analysis of public policy papers as the first part of our 

empirical findings. The interviews contribute with a more saturated data collection and create a 

better foundation for being able to answer our research questions. 

Interviews 

In the second part of our research, we conducted an additional data collection through nine semi-

structured interviews. Interviewing as a method is ubiquitous and significantly discussed within 

HCI (Abdul et al., 2018) and has become a common approach. The participants were ASR suppliers 

(n=2) and developers (n=3) for public use in both Denmark and Norway, IT product managers at 

public institutions using ASR (n=2), and digital project managers at ministerial agencies (n=2). 

Interviewed stakeholders were located based on their expert knowledge and work with language 

technology within the public sector. We were led to them by using a snowball effect contacting 

authors, and other accountable persons who were specified in connection with the previously 

analyzed policy papers. 

The interviews were conducted during 2021 and 2022, when Denmark and Norway had 

restrictions due to the COVID-19 pandemic. Consequently, four interviews took place online and 

the rest face-to-face. All interviews lasted between 40 minutes and two hours and have all been 

transcribed for analysis. The quotes used in this paper are translated into English. 

A coding scheme was developed and divided into 20 text sections contemplating ASR in public use 

and the science and technology expectations of the technology’s development. From here, these 

sections were divided into further themes regarding future expectations, usability and language 

inclusion and awareness. 

 

Perspectives on Inclusive ASR 

Barriers Towards Inclusive ASR from a User Perspective 

Two main barriers to inclusive ASR were identified throughout the analysis: i) linguistic diversity, 

and ii) speech or pronunciation. The first barrier represents humans who speak a dialect, a minority 

language, or a divergent accent. Barriers related to speech and pronunciation exemplify humans 

who have a speech impediment. Given Nordic countries' many languages and dialects (Nordic 

Council of Ministers, 2007), ASR must accommodate this linguistic diversity. However, many user 

representatives are particularly challenged by the use of ASR, which is incompatible with their 

dialect or mother tongue. 

An example of excluded users are students with severe dyslexia who cannot use ASR due to 

certain dialects. This lack of usability represented a significant barrier during education, a context 

where ASR could have reduced the workload and cognitive effort related to writing assignments 
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(Jing & Chen, 2017). These students speaking in minority languages or particular dialects relying 

on writing assistance to complete their degree would be self-reliant if ASR were compatible with 

their lingo. Also, ASR could positively impact self-esteem and a sense of accomplishment (Lithari, 

2019). 

Potential users who speak Sami (a minority language in the Nordic Region) can use ASR 

applied in Norwegian municipalities. However, the technology used in many Norwegian 

municipalities only supports Sami letters and not speech (Kommunal- og distriktsdepartementet, 

2022). The lack of Sami linguistic proximity creates additional challenges for streamlined 

grammatical documentation (Antonsen et al., 2017). ASR could support a more uniform 

grammatical arrangement, leading to more precise communication and less spelling and typing 

errors. Since there is no stable norm considering grammar in the Sami language, speech recognition 

could be applied to standardize terminology, orthography, and syntax and support more stable and 

precise documentation. Further, enabling people speaking Sami languages to apply ASR at work is 

also a step in securing the language's viability. Nevertheless, since this technology is not compliant 

with the Sami language, Sami people cannot utilize the benefits of ASR. 

 

ASR is not always applicable for those who speak with an accent, being non-native speakers. To 

accommodate such users, ASR must be more robust to translate all words correctly. Presently, 

workflows regarding EHRs need secretaries to translate doctors’ prerecorded health records played 

from sound recorders. In this context, accents can be tricky to understand by humans, whereas ASR 

could benefit doctors because it adapts to their individual voices (Vase, 2021). ASR also allows 

doctors to produce EHRs in real-time, enabling clinical staff to retrieve information about patients 

on the same day as examinations. 

Another example where ASR could be valuable is humans with conditions affecting their 

speech, particularly the pronunciation of words. Speech impediments occur in all types of 

languages. However, due to more robust and better-developed technology, ASR in major languages 

can potentially recognize unclear pronunciation better than in minor languages (Kvarfordt Niia, 

2021). For people who still need to develop sufficient writing skills to utilize, e.g., search systems 

or text tools, speech may be a purposeful input alternative (Rocha et al., 2017). Nonetheless, a 

prerequisite for successful interaction with such systems is that the systems are precise and robust 

enough to handle unclear pronunciation. 

There is an increase of people with speech impairments (Dua et al., 2014) and a higher 

demand for digital tools to facilitate and ease communication for such users (Balaji & 

Sadashivappa, 2015). The demand for such technologies is increasingly influenced by a need for 

more user-centered designs since people using ASR must adjust their speech to improve recognition 

(Cave & Bloch, 2021), being forced to change speech to receive a service. Further, people’s speech 

can change during disease sequences. Due to this progress, speech impairment can improve or 

deteriorate, demanding further user adaptations. Numerous current ASR options support limited 

groups of users and need bridging regarding the communication gap between people with speech 

impairment and society. Even when considering majority languages, there is a gap due to fewer 

phonetic or written data representing natural language reflecting people with speech impairment. 

Everyone can therefore use ASR, but the question is to what extent the technology is adapted to 
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smaller user groups at an acceptable level. Official strategies in the field do not specify particular 

variables for the level of the recognition skill. However, they touch upon many other relevant areas 

and considerations, which the next section will elaborate on. 

Digital Transformation Requires New Competencies for ASR 

According to Danish and Norwegian digital strategies, Nordic countries are undergoing a digital 

transformation that is in constant motion and must be prepared for significant change (Government, 

2017; Ministry of Local Government & and Modernisation, 2019). A corresponding point of interest 

expressed by these governmental policies is the ability to meet and comprehend new digital 

opportunities and flexibilities that come with digital transformation. As a concept, digital 

transformation has developed in parallel with the declared fourth industrial revolution. This 

development creates new and more digital opportunities for societies (Government, 2017) and 

requires new competencies concerning governments and citizens. National digital strategies 

concerning AI communicate ”common goals and focus areas for digitization activities […] and will 

support digital transformation throughout the entire public sector” (Ministry of Local Government 

& and Modernisation, 2019). The outline for Danish and Norwegian national digital strategies 

acknowledges a societal digital transformation that will require changes and new competencies. 

 

A significant area of interest in Nordic policy documents is the expected increased use of AI that 

supports the use of ASR in the public sector (Kommunal- og moderniseringsdepartementet, 2020; 

Ministry of Local Government & and Modernisation, 2019). Initiatives include establishing 

sustainable AI solutions that uphold ”Nordic values”. The task implies developing inclusive 

solutions for anyone who wants to receive and use the benefits of technologies like ASR that are 

expected to build on AI. Respectively, AI ”should be built on ethical principles and respect human 

rights and democracy” (Kommunal- og moderniseringsdepartementet, 2020). The use of AI ”takes 

place with our common values of freedom, liberty, security and equality” (Ministry of Local 

Government & and Modernisation, 2019). The development of national language resources is 

emphasized as a critical prerequisite for the future use of ASR, namely the construction of a 

structured collection of digital data (audio, text, and words) for free use. Speech recognition 

represents a critical AI component and must encompass Nordic values. Both Danish and Norwegian 

governments determine to facilitate the collection of and access to language resources established 

on written and phonetic data. 

Digitalization and data in general are referred to as ”two sides of the same coin” (The Danish 

Health Data Authority, 2018). Data is repeatedly seen as the link between ASR and the development 

of AI. As part of the Danish National Strategy for Artificial Intelligence, the Agency for Digitization 

is commissioned to develop and improve access to a Danish language resource to accelerate the 

development of commercial and non-commercial Danish AI. Likewise, a Norwegian language 

resource will be developed to offer expected future advantages to support and assist citizens in 

using ASR. A national manager for one of the most prominent suppliers of ASR in public 

organizations in Norway, Sweden, and Denmark expressed a need for data density towards the 

development of language resources in the Nordic region:  

 



 189 

To improve the performance of ASR and enable a shift to real deep learning and reach a goal 

of artificial intelligence, a very dense data resource is needed. This counts for all the Nordic 

countries. So, for Denmark and Norway to get a better system, we need to gather data. 

(Supplier, interview) 

 

Concerning language resources, data density is essential to conduct a sustainable and diverse ASR 

where citizens are expected ”to take part in increasingly advanced services in their language” 

(Kommunal- og moderniseringsdepartementet, 2020). In this regard, public policy papers express 

that the public sector has far more language data than those located by the Nordic governments. 

This concern has led them to raise awareness of language data and resources in the public sector to 

map out available data (Ministry of Local Government & and Modernisation, 2019). When data is 

gathered for other interests, legal complications often occur but ”fortunately, there has been much 

more focus on creating and sharing language data. And language models. In any case, we have seen 

a big development open-source and sharing in the last few years” (Project manager, interview). 

Governments expect citizens to participate in collecting and producing language resources. 

However, previous projects set up to gather data ran into difficulties regarding funding and legal 

challenges:  

 

It is mainly the legal and assets that are the challenge. [...] Previously, we collaborated with 

other suppliers to create a language resource. However, it is a bit difficult if they do not have 

the assets to run the project. So, we sit on the edge and wait for them to start again (Project 

manager, interview).  

 

How Denmark and Norway collect language data to form open-source language models is not clear 

from public policy papers. 

Challenges Concerning Data 

To a certain extent, ASR built on the English natural language has become independent of users due 

to the application of multiple deep learning algorithms (Xiong et al., 2018). The technological 

maturation of ASR has also become more robust for small languages. Nevertheless, the algorithms 

for the Nordic languages do not yet have sufficient data density to support deep learning algorithms 

and AI. ASR built for small languages therefore reflects a slower development than majority 

languages and is one of the challenges for Danish and Norwegian strategies for AI. 

There is a lack of international interest to develop ASR for Nordic countries (Fournier, 2018; 

Pedersen, et al., 2012) and public organizations realize such an absence of awareness. During one of 

the interviews, an IT project manager at a regional hospital in Denmark said: ”It took several years, 

yes, I actually think it has taken more than ten years to convince [American providers] that they 

should start developing a better engine for the Danish language” (IT manager, interview). The 

technology offered in the Nordic market for public use of ASR does not represent a technology that 

lives up to the level and technological robustness that can be seen in, for example the English 

market. The slower development of ASR for small languages reflects the lack of economic benefits 

for these languages compared to majority languages. Consequently, small and minority languages 
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are less attractive regarding future investments in ASR development and speech-related AI. 

Nevertheless, such developments are required to support the expected future use of ASR algorithms 

and to apply deep learning, such as natural language processing (Ministry of Local Government & 

and Modernisation, 2019). 

The development of algorithms that can support deep learning requires public language 

resources and must be openly available. These language resources will build on the already 

available phonetic or written data. It is unclear where these data can be found. One of the initiatives 

to locate and cocreate publicly available language resources is the collaboration between private 

providers of ASR and the public sector. There is a challenge in establishing some of the 

collaborations:  

 

It would be great to have a large common language resource that we could all use. Because 

then we could also start to support lawyers, and then we could also develop our area and go 

for new markets […] It’s probably not going to happen […] we’re very happy to participate in 

all that work and stuff like that, but I just do not think we’re going to carry anything into that 

pool. Because it has taken us many, many years to build these dictionaries in collaboration 

with those who use it (Supplier, interview). 

 

The public language resources intended to support the possible development of ASR are seemingly 

dependent on data from private providers. It is challenging for private providers to share this data 

due to financial reasons as ”suppliers stop and evaluate: ‘Is there a business here? Because then we 

don’t want to get rid of it’, and it is a huge barrier to progress because we are dealing with small 

languages” (Project manager, interview). The lack of international interest in developing ASR for 

small and minor languages affects current and future use of ASR. Locating and gathering data 

representing these languages challenge the expected progress of national publicly available 

language resources expressed by public policy papers. 

Potential for Usability 

Despite the challenges associated with ASR, there is great awareness of the potential of this 

technology in institutions and environments where technology can provide alternative inputs to 

graphical and text-based interfaces. National strategies in Denmark and Norway express an 

anticipated increase in the use of ASR in several areas, such as ”process case management, or other 

use cases such as chatbots, assistance to people with writing difficulties, voice-guided internet 

search and communication with smart devices and speakers” (Agency for Digitalization, 2020). 

Incomplete datasets represent a challenge for the use of AI and the future expectation for increased 

use of ASR. The Norwegian Ministry of Local Government and Modernization (Ministry of Local 

Government & and Modernisation, 2019) states that ”Demographic and professional diversity 

should be guiding parameters in working with artificial intelligence”. Both Danish and Norwegian 

public digital strategies consider how language resources should be able to represent diversity. 

Diverse phonetic and written data is regarded due to the risk of developing a future use of AI-based 

discriminatory data (Ibid.). Data quality is thus an essential consideration in the development of 

language resources to support ASR. 
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We have not encountered any government announcements on how usability should be 

involved in developing ASR or national language resources. However, the attention to a diverse 

development of language resources helps to create a sustainable development of data that supports 

the Nordic values that are considered necessary in the development of AI. Since the Nordic regions 

represent small languages, special efforts are required to ensure that digital solutions are developed 

(Ibid.). Not all dialects are spoken and documented to the same extent, so some languages will be 

easier to collect data from and form a denser dataset creating a foundation for possible diverse 

speech recognition. Norwegian public documents addressing language have a particular focus on 

the need to offer a wide range of languages represented through data. 

Norwegian Considerations Regarding Future ASR 

Norway is a country that contains far more minority languages than Denmark. The national digital 

strategies reflect a particular focus on the languages Norwegian and Sami, in addition to Bokmål 

and Nynorsk, two language variants of Norwegian. Ministry of Local Government and 

Modernization (Teknologirådet, 2018) points out that language recognition technologies must be 

accessible in written Norwegian, Sami, and dialects. The Norwegian government will ”return to the 

issue of Sami language data and language resources in a report to the Storting on the Sami 

language, culture and social life. The main theme of the message will be digitization” (Ministry of 

Local Government & and Modernisation, 2019). Norwegian policy papers do not clearly show how 

minority languages are supported or facilitated in the development of language technology. 

Regardless, the need for both written and phonetic data covering dialects and pronunciation 

variations is considered. 

A unification of languages in Norway should improve the correlation between the state and 

the citizens. There is a language challenge because ”many residents constantly experience receiving 

incomprehensible information from the public sector. We who work in the public sector are not free 

to choose how we want to write” (Kvarenes, 2010). An example of an attempt to better unify the 

language was the Norwegian project ”Clear Language in the State” (Ibid.). The Norwegian 

government defined a ”clear language” as a correct, clear, and user-adapted language to be applied 

in written communication from the public sector. The project concluded that creating such a 

streamlined language is a never-ending story, among others, because of the free choice of many 

language solutions in the Norwegian language. There seems to be a contradiction between how 

public institutions demand the unification of languages and the governmental acknowledgment of 

the various dialects and the need to support these. 

Danish Considerations Regarding Future ASR 

A part of the Danish National Strategy for AI is The Government’s Vision which expects Denmark 

to be a front-runner in the responsible development and use of AI, which ”will change the way we 

work. It will place new demands, but it will also provide opportunities to learn new things and 

perform tasks more efficiently” (Ministry of Finance, 2019). The terminology indicates an 

expectation that society must change based on demands represented through technology. How this 

is related to responsible development is briefly mentioned in connection with a delimitation from 

USA and China since ”Both countries are investing heavily in artificial intelligence, but with little 
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regard for responsibility, ethical principles and privacy” (Ibid.). Nonetheless, the American speech 

recognition company Nuance, owned by Microsoft (USA), delivers the supporting algorithms used 

by suppliers of ASR in Denmark. Through the public strategies and considerations regarding the 

future use of AI for ASR, it is not clear how one will delimit the use of this technology, even though 

it is developed on American principles. 

One of five major initiatives in the Danish National Strategy of AI is a Danish language 

resource that ”will be established to support and accelerate the development of languagetechnology 

solutions in Danish” (2019). The language resource will be freely available, enabling suppliers to 

build on existing knowledge to create new solutions within voice recognition and language 

understanding to benefit citizens, authorities, and businesses. Danish Language Center and several 

Danish media suppliers expect that a language resource must be developed through a collaboration 

between the private and the public sector. This collaboration must ”create value for potential buyers 

of language components”, such as the companies that work with developing services and products 

that include speech recognition (Agency for Digitalization, 2020). However, the current suppliers 

do not expect to provide ASR data for this collaboration: ”We will not give anything. we are the 

ones who are sitting on the gold” (Supplier, interview). 

Due to scarce governmental initiatives for language technology such as ASR and to this 

extend the development of AI (Kirchmeier et al., 2020) Danish has been ranked as one of the lowest 

in language technology development of languages in Europe (Pedersen, et al., 2012). Besides the 

small population to produce language data and the specific characteristics of the Danish language 

such as ”stød” (Hjortdal et al., 2022; Kirkedal, 2016), the main reasons for the belated development 

are the lack of i) available linguistic resources, ii) coordination between development, distribution 

and use and, iii) investments in science and technology of digital language in recent years 

(Kirchmeier et al., 2020). Nevertheless, the Danish Agency for Digitization drives to make it easier 

to create better linguistic Nordic solutions so that it is not only presented by the majority languages:  

 

Two years ago we launched the sprogteknologi.dk platform, which is a data distribution 

platform where we exhibit or where we have metadata about a whole lot of language data, so 

we sort of tried to map what usable data there is because the biggest challenge is the 

availability of language data and especially spoken data. […] It is mainly a legal challenge 

that applies as an encounter since all data are licensed or are personal data (Project Manager, 

interview). 

 

Data is often collected for purposes other than the public language resource, so the Danish Agency 

for Digitization cannot legally use these. Therefore, the Agency must construct a speech resource 

and follow a written corpus that encounters many work hours. The Agency has applied for funding 

to develop the language resource and written corpus in a corporation with the privately owned non-

profit Alexandra Institute, which works with IT research, development, and innovation. If granted, 

the Danish Agency for Digitization will harvest data to enable a representation of diverse language 

use in terms of gender, accents, and dialects (Project Manager, interview). 
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Discussion 

In this paper, we wanted to determine how ASR is discussed regarding the future development of 

the technology while applying an inclusive perspective. Speech is the most natural form of 

communication for humans. Machines are anything but natural, so interaction with them appears 

more artificial than human interpersonal speech communication. Since ASR has achieved 

technological robustness in majority languages, technologies such as this are often equated with 

natural speech, which leads to expectations for ASR that cannot be met. While ASR is extensively 

used worldwide, constraints are created for smaller languages such as the Nordic due to 

homogenized data that support the algorithms on which speech recognition depends. American 

providers develop the algorithms used in Nordic countries. These algorithms neglect smaller 

markets based on less revenue potential in relation to the requirements for developing algorithms 

adapted to small languages such as Danish and Norwegian. 

In terms of usability, the majority languages are accommodated relatively well in the 

development of ASR, but the development is behind in the Nordic countries (Frostad et al., 2019). 

Due to the lack of an official spoken language, Norwegian dialects play a significant role compared 

to other Nordic countries (De Smedt et al., 2012), which brings increased expectations for ASR to 

represent these dialects (Frostad et al., 2019). These expectations have led to political action plans 

for future use of ASR in Norway. However, they conflict with the suppliers’ lack of attention to 

dialects and smaller languages in general. 

Prior studies have noted a lack of research considering ASR and the importance of how the 

technology meets and represents smaller languages (Frostad et al., 2019). Further, reports call for 

research within HCI to continuously shed light on the area of interest due to the vast development 

and use of ASR (Alapetite et al., 2009). The development will remain as languages are never static 

which include spelling, pronunciation and grammar that are all values repeatedly adapted by ASR 

for it to recognize users’ speech in the constant interchangeable Nordic national languages. Also, 

other values are influential when studying the terms of usability of ASR such as gender, accent, and, 

dialects all affecting the recognition rate (Vase, 2021) and ”stød” which is a noise made special by 

Danish speakers different to other languages (Hjortdal et al., 2022). 

 

Very little was found in the literature on the question of ASR being inclusive which is surprising, as 

the technology increasingly becomes more commonplace in the Nordic countries and thus gradually 

touches upon various users in need of assistive technology. This will further create complications 

for the increasing amount of forthcoming users with speech impairments (Dua et al., 2014). Public 

agencies have expressed that they are working towards incorporating deviant values in developing 

future dictionaries that support the technology's ability to recognize a wide range of voices. Both 

documents and the people working with public procurement of ASR recognize to encompass 

dialects, various pitches, accents, and voice changes due to environmental and physical changes. No 

current language model meets the requirements found and recognized by public agencies and 

ministries. In this context, opposing understandings of development are seen from private 

developers' perspectives. 

Private providers and associated developers point out that they do not intend to emphasize 

minor languages. Their raison d'etre is to be able to offer ASR to a profitable user group. Minor 
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languages are thus not developed through the language models offered by private suppliers 

neutralizing the possible growth in demand for digital tools to facilitate and ease communication for 

people with speech impairment (Balaji & Sadashivappa, 2015). 

Private suppliers do not show cooperation considering giving up their developed dictionaries 

and the following language models, which is why a versatile and inclusive development of future 

ASR lies in the hands of public institutions. Consequently, ASR must be developed in collaboration 

with or ultimately offered by the public sector if the Nordic countries' wishes for sustainability and 

the maintenance of individual languages are to be met. This view is supported by private providers' 

neglect of grammatical challenges, where particularly vulnerable users' encounters concerning 

wording and spelling are not considered profitable areas of work to improve. 

 

This study indicates that minor and smaller languages are facing a major shift in ASR, where the 

public will, in the future, see it as necessary to develop ASR that is adapted to everyone to not 

exclude particular users. This finding is consistent with Frostad et al. (2019), who point out that the 

problematic development requires an increased view of technology's involvement in minor and 

smaller languages due to data volumes representing various users. Two main barriers towards 

inclusive ASR are found based on possibly challenged users of the technology illustrated in the 

analysis: i) linguistic diversity, and ii) speech or pronunciation. This paper questions whether 

governmental decisions in the ASR area can be implemented. Since private companies do not see a 

smaller language area as profitable, this discussion leads to an increased focus on future 

considerations. Future research should examine whether certain users face increased stigmatization. 

In the context of ASR, it seems like the business model where the suppliers rely on profitability 

when developing ASR can result in the exclusion of small languages or more narrow target groups. 

This lack of inclusion is not in line with the Nordic values that must be included politically in the 

future technologies. The rapid development of speech technology has led to a political expectation 

of increased future use of ASR. Public policy documents claim that ASR must be built upon specific 

values, including ethical principles, human rights, and democracy (Kommunal- og 

moderniseringsdepartementet, 2020). To ensure the human rights of being able to use one’s 

language (United Nations, 1989), a more inclusive ASR is required for small and minority 

languages. 

Regarding majority languages, speech technology shows weaknesses in meeting people’s 

needs who do not represent the general user (Sutton et al., 2019), e.g., dialects, speech challenges, 

and temporary impact on one’s voice. These technological challenges are only exacerbated if the 

user applies the technology for small and minority languages. One goal with this paper was to 

investigate ASR to apply the technology to all types of people. During one of the author’s previous 

research projects on dyslexia (Berget, 2016), common feedback from manuscript reviewers was that 

this cohort could rely on ASR as an alternative to textual input when a user was struggling with 

spelling. Consequently, there was less need to focus on a system design that is more supportive of 

people with spelling challenges. However, based on this study, the shortcomings of ASR for small 

and minority languages show that this technology cannot support all people in Nordic countries 

(Frostad et al., 2019) who would benefit from using VUIs rather than providing textual input. 
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ASR is purposeful in different work contexts because it can be less time-consuming and improve 

ergonomic conditions. ASR can reduce workload with writing challenges and become an effective 

assistive technology. The robustness of ASR in majority languages shows this considerable 

potential. At the same time, the lack of robustness for small and minority languages represents a 

challenge, which results in the exclusion of user groups, such as people with speech impediments or 

a speech diverging from the mainstream. Lewis (Lewis, 2016) emphasized that significant amounts 

of data is a premise for building algorithms that enable a technologically robust ASR. These 

algorithms consist of phonetic and written data and do not consider the diversity of people’s speech 

or how this diversity is entangled in sociocultural identities. 

People who differ from the average users in terms of gender, accents, or dialects are less presented 

in the data, which may result in lower or no recognition rates (Koenecke et al., 2020). There is a 

need to broaden the user groups included in the development of this technology. By limiting the 

development of ASR for certain professions, such as medical staff, the needs of for instance people 

with intellectual impairments are overlooked. 

ASR that is not accessible for small or minority languages can result in language 

endangerment and language loss. The lack of technological robustness can result in people giving 

up their dialect to get access to such technology. ASR has a usability potential for all types of 

people if represented in the language data. Considering the importance of representative data, 

minority languages such as the Sami or Kveen languages are in danger of becoming extinct if the 

users cannot apply their native language in daily tasks. Based on the situation today, we are 

hopefully not there yet. However, measures must be taken to preserve small and minority 

languages. Otherwise, the Nordic region will become a new minority group due to exclusion from 

ASR based on their mother tongue and further increasing the exclusion of user groups who already 

are minorities, e.g., people with neurocognitive variations. 

Localizing software is a significant effort to motivate speakers of nondominant languages to 

apply their native language and consequently help preserve these languages (Laxström et al., 2017). 

ASR has often been addressed in the context of assistive technology. By limiting ASR to 

disabilities, many aspects of this technology are lost, such as everyday use of voice assistance, 

smart objects, or work-related assistance such as voice commands controlling machines or alternate 

documentation inputs. Consequently, it seems purposeful to look at ASR through the lens of ability-

based design (Wobbrock et al., 2011). 

 

Conclusion 

This study set out to research ASR in terms of usability for smaller and minority languages. The 

technology is commonly applied in the Nordic region and brings forward expectations for its 

possibilities regarding assistance and future use of AI. This investigation aimed to assess the 

challenges and possibilities illustrated and discussed regarding development and inclusion in Nordic 

countries using Denmark and Norway as examples. 

From an international perspective, small and minority languages are neglected in ASR 

development. Consequently, these languages risk exclusion from the digital development of 

language technology. According to several human rights conventions, it is up to the national state to 

take care of and support minority languages and dialects that are part of the country. The most 



 196 

apparent finding to emerge from this study is that it seems unclear whether minority languages and 

dialects other than Sami will be considered in the Nordic countries' future development of ASR. 

Nevertheless, Danish and Norwegian National Strategies for AI are working towards massively 

promoting the use of speech recognition with a desire to make use of AI more quickly. 

Suppose the stagnant situation regarding the missing inclusion of minority languages and 

dialects persists. In that case, the Nordic region risks a possible override of the responsibility to 

support the population's right to their own language. The research has also shown that Sami, 

Bokmål, Nynorsk, and Danish are all languages that are part of political considerations about future 

language resources that will promote the future use of ASR. However, it is unclear what actions will 

ensure that these language resources involve people who fall outside the norm. This study has 

provided a deeper insight into an absence of responsibility within the inclusive ability of 

technology. We found a Danish political expectation that suppliers and citizens should build the 

language resource and expect citizens to adapt to future technologies based on AI such as ASR. 

Conversely, the State of Norway takes matters into its own hands, where The Government will 

facilitate the collection of and access to language resources and produce a plan which will be 

communicated through white papers concerning digitization of languages and the establishment of 

language resources. 

This paper was limited to Norwegian and Danish use of ASR. This study offers some insight 

into how Nordic values engage in political deliberations of technology. Moreover, there is a lack of 

clarity in contemplating how these values will be included in the future use of speech-related 

technologies. This research has introduced many questions in need of further investigation. More 

work is needed to determine how language resources will be produced in Nordic regions and to 

follow up on how Nordic values can be included in future language data. Further research is 

required to determine whether language resources can become more inclusive, as technology has 

the potential to be helpful in many more contexts and for an increasing amount of users than today. 
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Appendix A 
Overview of Interviews and Observations 

Participant Occupation Time Appx. Length 

John Physician Initial interview, March 2020 20 mins 

Kasper Physician Initial interview, March 2020 20 mins 

Peter Physician Initial interview, March 2020 20 mins 

Pia Department manager Initial interview, March 2020 30 mins 

Christian & Martin IT manager & VP Initial interview, March 2020 45 mins 

Helle IT employee Initial interview, March 2020 30 mins 

Mette Chief medical secretary  Initial interview, March 2020 45 mins 

Kasper Physician June 2020 30 mins 

Peter Physician June 2020 30 mins 

Philip Physician June 2020 30 mins 

Helle IT employee June 2020 2 hours 

John Physician July 2020 30 mins 

Cecilie Physician July 2020 30 mins 

Mette Chief medical secretary July 2020 1 hour 

Anna Medical secretary July 2020 2 hours 

Dorte Regional IT manager August 2020 30 mins 

Peter, Philip, Jacob Physicians August 2020 1 hour 

Birgit Physician March, 2021 30 mins 

John Physician March, 2021 30 mins 

Kasper Physician March, 2021 30 mins 

Helle IT employee June, 2021 1 hour 

Mette Chief medical secretary March 2022 1 hour 

Kasper Physician Closing interview, March 2022 20 mins 

John Physician Closing interview, March 2022 20 mins 

Peter Physician Closing interview, March 2022 20 mins 

Table 1 – overview of Interview 

 

Observational Focus Participants Location Date Appx. Length 

Initial Observations 

Physicians, patients, 

relatives, nurses, 

secretaries, service 

employees, SOSU 

assistants 

Wards, secretaries’ offices, 

physicians’ offices, 

outpatient clinics, 

operational theatres, 

auditorium 

March 2020 45 hours 

Shadowing – Kasper  
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 22 June 2020 8 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 23 June 2020 9 hours 

Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 24 June 2020 9 hours 

Shadowing – Peter 
Physicians, patients, 

relatives, nurses 

Wards, outpatient clinics, 

physicians’ offices, 
25 June 2020 9 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 26 June 2020 9 hours 
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Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards, physicians’ offices 27 June 2020 4 hours 

Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards 28 June 2020 4 hours 

Shadowing – Peter 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 29 June 2020 7 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 30 June 2020 9 hours 

Observations 

Physicians, patients, 

relatives, nurses, 

secretaries, service 

employees, SOSU 

assistants 

Wards, secretaries’ offices, 

physicians’ offices 
1 July 2020 5 hours 

Shadowing - Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 7 July 2020 9 hours 

Shadowing – John 
Physicians, patients, 

relatives, nurses 

Wards, outpatient clinics, 

auditorium 
8 July 2020 9 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 21 July 2020 9 hours 

Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 22 July 2020 9 hours 

Shadowing – Peter 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 23 July 2020 7 hours 

Shadowing – Peter 
Physicians, patients, 

relatives, nurses 

Wards, outpatient clinics, 

physicians’ offices, 
5 August 2020 9 hours 

Observations 

Physicians, patients, 

relatives, nurses, 

secretaries, service 

employees, SOSU 

assistants 

Wards, secretaries’ offices, 

physicians’ offices 
6 August 2020 5 hours 

Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 7 August 2020 8 hours 

Shadowing – John  
Physicians, patients, 

relatives, nurses 

Wards, outpatient clinics, 

auditorium 
12 August 2020 9 hours 

Shadowing – Peter  
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 13 August 2020 9 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 14 August 2020 9 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 18 August 2020 9 hours 

Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards, physicians’ offices 6 March 2021 4 hours 

Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards 7 March 2021 4 hours 

Shadowing – Peter 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 8 March 2021 9 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 16 March 2021 9 hours 
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Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 17 March 2021 9 hours 

Shadowing – Peter  
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 18 March 2021 9 hours 

Shadowing – Kasper  
Physicians, patients, 

relatives, nurses 
Wards 21 March 2021 4 hours 

Observations 

Physicians, patients, 

relatives, nurses, 

secretaries, service 

employees, SOSU 

assistants 

Wards, secretaries’ offices, 

physicians’ offices 
22 March 2021 5 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 23 March 2021 7 hours 

Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards, physicians’ offices 27 March 2021 4 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 27 April 2021 9 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 4 May 2021 9 hours 

Shadowing – John 
Physicians, patients, 

relatives, nurses 
Wards, outpatient clinics 5 May 2021 7 hours 

Shadowing – Kasper 
Physicians, patients, 

relatives, nurses 

Wards, outpatient clinics, 

physicians’ offices, 
2 June 2021 7 hours 

Shadowing – Peter  
Physicians, patients, 

relatives, nurses 

Wards, outpatient clinics, 

physicians’ offices, 
3 June 2021 7 hours 

Table 2 – overview of observations  
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	Research within the field of Computer Supported Cooperative Work (CSCW) and related design studies has shown that data is not raw or naturally occurring (Gitelman, 2013) but rather the result of interpretive, classificatory, and organizational work (B...
	At the same time, the structured and high-quality data produced through these standardized documentation practices have become a foundation for new forms of automation. AI systems can now support clinical workflows by generating summaries, identifying...
	These developments have also prompted broader discussions about the role of AI in healthcare. Public debates often portray AI as a technology that will replace human labor, particularly in diagnostic or administrative tasks. However, this framing over...
	This dissertation is primarily situated within the design-oriented perspectives of HCI and CSCW, which study how technologies are created and used in collaborative healthcare settings. These fields pay particular attention to how clinical work involve...
	Technology is Distributing Work

	Empirical studies indicate that automation does not necessarily reduce the effort involved but often redistributes it, raising new questions about responsibility, coordination, and the evolving role of clinicians in increasingly automated environments...
	An example is the distribution of tasks that were previously handled by administrative staff. Tasks as EHR input are increasingly performed by clinicians, changing both the location and visibility of documentation activities. This redistribution of wo...
	Historically, medical secretaries performed transcription in spaces that were largely invisible to patients and the clinical environment. Their backstage work (Goffman, 1959) transformed dictated notes into clear and consistent records that supported ...
	Traditional AI as Demarcation

	Much of the growing enthusiasm for AI in healthcare centers on machine learning as capable of identifying patterns in complex datasets without explicit programming. More modern AI such as those build on deep learning or natural language processing hav...
	This gap between experimental performance and practical implementation signals a critical need to redirect attention toward the systems that are already embedded in healthcare environments. Following long-standing insights from CSCW, this dissertation...
	ASR are systems that, once established, continue to evolve (Adedeji et al., 2024) while becoming integral components of newer developments in clinical documentation such as ambient scribes which build upon ASR to capture and document clinical conversa...
	In this dissertation, I focus on ASR as an example of what Wang et al., (2021) sees as rule-based “traditional AI” continues to evolve while existed in Danish healthcare for a decade. Its current forms increasingly rely on large language models (LLMs)...
	In this framing introduction, I do not draw a strict distinction between “traditional” and “modern” AI, as the boundary between them has become increasingly blurred over time. Instead, I use the terms AI and AI systems to refer to technologies within ...
	Technology Sustained by Iterative Organizational Work

	The evolving role of ASR in clinical documentation illustrates why it is crucial to study AI technologies as they are used, adapted, and maintained in everyday practice, which forms the foundation of this dissertation. In these processes, the distinct...
	This ongoing adaptation is not limited to individual users but also depends on organizational adjustments that support and stabilize these evolving interactions. As AI systems such as ASR become integrated into hospital workflows, organizations must c...
	At the same time, these ongoing adjustments reveal that maintaining AI systems is not simply a matter of use but of continual care. The processes that allow technologies like ASR to remain effective, including calibration, correction, and adaptation, ...
	These dynamics provide the central motivation for this dissertation. The co-evolution between humans and AI reconfigures both documentation practices and the organizational arrangements that support them. Clinicians adapt their speech, timing, and rou...
	To explore these processes in depth, the dissertation draws on ethnographic fieldwork conducted in Danish hospitals, examining human–AI collaboration evolving in everyday documentation work. By following ASR systems in use, the study discloses AI as e...
	Research Question and Scope
	Due to above considerations, this study asks the overall research question:
	How do healthcare professionals engage with automatic speech recognition systems in documentation work, and what are the implications of the forms of human-AI collaboration that emerge in organizational settings?
	This question addresses both the technical and social dimensions of ASR in healthcare, exploring these systems as not simply adopted but actively shaped, maintained, and negotiated within complex institutional settings. It invites a closer examination...
	Scope of the Study

	To address the research question, this dissertation is situated within the interdisciplinary fields of CSCW and HCI, with a particular focus on the integration of AI technologies into clinical work. The empirical case centers on the adoption of ASR sy...
	The study adopts a socio-technical perspective, understanding technologies as inseparable from the social, material, and institutional environments in which they are developed and used. Automation is approached not as a simple removal of human labor, ...
	To better understand these dynamics, the dissertation draws on insights from both HCI and CSCW, while being primarily grounded in CSCW’s established tradition of studying collaborative work in healthcare (Fitzpatrick & Ellingsen, 2013). This body of r...
	Building on this tradition, I extend these insights to contemporary AI-supported documentation practices. It examines how coordination and articulation work are reconfigured when technologies like ASR become part of daily clinical routines. Rather tha...
	1: How do clinicians sustain ASR in their daily documentation work?
	This focus on sustaining ASR in daily clinical routines opens up a broader inquiry into the nature of human–AI collaboration in practice. While ASR systems are designed to automate speech-to-text transcription, their effective integration into clinica...
	From this perspective, data is not a neutral or automatic byproduct of technological systems. Instead, it emerges through collaborative labor involving multiple actors who interpret, edit, and align system outputs with clinical and institutional expec...
	The analysis in several of the articles making up this dissertation traces healthcare professionals such as clinicians and medical secretaries , and various other stakeholders such as IT professionals as collectively engaged in a distributed ecology o...
	2: How is accountability negotiated through human–AI collaboration in everyday clinical documentation?
	Understanding how accountability is negotiated through human–AI collaboration further reveals that these interactions do not occur in isolation but are embedded within larger institutional and infrastructural arrangements. Clinicians' ability to susta...
	The implementation of ASR in clinical settings has been closely tied to political agendas aimed at streamlining EHR documentation. These initiatives have increasingly shifted real-time data entry responsibilities from medical secretaries to clinicians...
	After more than a decade of integration, ASR is now undergoing politically driven transitions as part of broader changes in health IT infrastructures. These transitions, however, are not instantaneous. Because systems like ASR are deeply entangled wit...
	By foregrounding the distributed and often tacit forms of labor required to keep socio-technical systems operational, this analysis aligns with broader CSCW scholarship on infrastructure and maintenance (Star & Ruhleder, 1996) to place ASR as a dynami...
	Building on this perspective, some of the articles (placed after this framing introduction) explores how the changing configuration of documentation practices reveals the entangled nature of human–AI collaboration in healthcare. It examines how techni...
	3: What do clinical documentation configurations reveal about the entangled nature of human–AI collaboration in hospitals?
	Taken together, these three questions guide a detailed examination of ASR systems in use and they allow me to focus on but also move beyond the everyday work required to make such systems function in real clinical environments. In doing so, the disser...
	- It builds on CSCW's longstanding focus on documentation, coordination, and handover work in clinical settings (Berg, 1999; Fitzpatrick & Ellingsen, 2013; Schmidt & Bannon, 1992), showing how ASR systems are deeply entangled with existing professiona...
	- It responds to calls for more “real world” research on AI in use (Andersen et al., 2021; C. J. Cai et al., 2019), highlighting how technologies like ASR become meaningful only through situated practice rather than through idealized technical models.
	- It highlights the often-invisible labor of data production and maintenance, engaging with recent work that identifies data work as a key site of human effort, especially under conditions of regulatory and clinical accountability (Bossen et al., 2019...
	- It addresses the limited attention in CSCW to system degradation and obsolescence (Cohn, 2016; Soden et al., 2021), by examining how ASR systems require ongoing adaptation, informal repair, and organizational support to remain operational.
	It contributes to emerging discussions on data work, augmentation work and repair work and the ongoing development of the concept of human-AI collaboration, with a focus on the underexplored domain of ASR in clinical environments.
	Structure of Thesis

	This dissertation is structured in two main parts. Part I serves as the framing introduction, or kappe, which outlines the overarching orientation and contributions of the research I have conducted. It introduces the primary theoretical perspectives u...
	Overview of Research
	Before outlining the background and context of this dissertation, this section of Overview of Research introduces the fieldwork I build on and the five articles that form the core of the research. The articles address the central research question fro...
	Empirical Work

	This dissertation is grounded in an ethnographic field study conducted at a large public hospital in Denmark. Fieldwork was carried out in the orthopedic department, a busy clinical unit responsible for diagnosing and treating musculoskeletal conditio...
	Shadowing played a key role in my fieldwork, as it allowed me to observe clinical documentation as it unfolded in real time and embedded in everyday routines, interruptions, and clinical decision-making. This method provided insight into not just what...
	These direct observations shaped how I conducted interviews. Because I had already seen specific breakdowns or interactions with ASR, I could ask targeted questions that prompted participants to reflect on these moments. In some cases, I even asked in...
	In this orthopedic department, documentation work occurred across both wards and outpatient clinics. In the wards, clinicians used “computers on wheels” that allowed them to document patient encounters at the bedside, in hallways, or in shared offices...
	This dissertation investigates the reconfiguration of work and other consequences of this shift: from documentation as a background administrative task to something performed in the immediate presence of patients and colleagues. Documentation no longe...
	My embedded access to these everyday clinical spaces allowed me to examine how documentation is not only a technical or clerical activity but a situated, interpretive practice shaped by technology and professional interaction. It made it possible to e...
	Article Summaries

	The five articles that follow this framing introduction take up the above case empirically, analytically, and theoretically, offering complementary perspectives on the evolving configuration between clinicians, technology, and documentation. A summary...
	Figure 1 - Mapping of Articles to Supporting Research Questions
	Article 1: Augmenting AI in Clinical Documentation

	The title of this article, currently under review in ACM Transactions on Computing for Healthcare, is “’I Cannot Teach it Anything:’ Collaborative AI Augmentation in Clinical Documentation Work.” The article is written with Tariq Andersen and submitte...
	This empirical work explicate core tensions that arise from opaque backend processes and the need to reconcile clinical responsibilities with the demands of auditing in ASR-assisted clinical documentation. The article shows that clinicians’ adaptation...
	The article contributes to CSCW and HCI by foregrounding a specific dimension of human–AI collaboration: how humans augment AI within HITL systems. It expands understandings of data work by showing that AI in healthcare is sustained not merely through...
	This article contributes to sub-research question 1 and 2 in the dissertation. It examines how clinicians sustain ASR through collaborative augmentation practices and reveals how accountability is negotiated in human–AI interactions that remain inform...
	Article 2: Supporting Clinical Documentation

	“Automated Tasks in Clinical Documentation Brings Articulation Work to the Front” to the Front is the title of the second article, accepted for publication in Journal of Workplace Learning (submitted July, 2025) and co-authored with Jens Pedersen. In ...
	Historically, medical transcription work was performed in the “back office,” separated from frontline care. ASR systems, in automating this function and bringing documentation directly into the hands of clinicians, have also shifted the burden of coor...
	Through an analysis of longitudinal observational and interview data, the article shows how clinicians experience ASR not as a seamless supportation of their work but as a fragile and opaque system requiring continual human adaptation. These adaptatio...
	In this way, articulation work extends beyond technical troubleshooting and coordination in the back, as it becomes a narrative and, at times, collaborative process that renders AI systems “livable,” if not entirely functional. Ultimately, the article...
	This article contributes to answering sub-research question 2 as the article shows that accountability is unevenly distributed when clinicians are held responsible for system errors without having control over how ASR functions and highlights how acco...
	Article 3: Breakdowns and Faux Data Work

	This third article is titled “The Lack of Explainability in Automatic Speech Recognition Can Cause Faux Data Work” and is a paper presented at the conference Intelligent Human Systems Integration and published in conference proceedings 2025. It explor...
	The study uses a mixed-methods approach to capture moments of breakdowns in which systems no longer operate as intended but continue to be a part of clinical documentation work. Findings demonstrates that clinicians using ASR systems are involved in m...
	In this context, repair work can be understood as a critical phase of the data lifecycle, where clinicians intervene in the system’s breakdowns to ensure the ongoing quality of both data input and system output. Yet the findings show that breakdowns i...
	Due to a lack of meaningful system feedback or transparency, breakdowns in the data lifecycle can result in what the paper terms faux data work: activities that appear productive to those who are contributing to AI maintenance but ultimately fail to e...
	Article 4: Temporalities of Repair in Human–AI Collaboration

	The fourth article, “Temporalities of Repair in Human–AI Collaboration” is a manuscript to be submitted to Computer Supported Cooperative Work (CSCW): The Journal of Collaborative Computing and Work Practices. This article examines repair work by focu...
	By examining how repair work in AI-supported clinical documentation is shaped by the temporality of healthcare infrastructures, the study highlights how distributed professionals (both upstream and downstream in the data lifecycle) collaboratively sus...
	This anticipatory shift where future systems reshape present work, reveals how technological change is not experienced as a clean break but as a prolonged period of uncertainty and transitional labor. Such dynamics challenge dominant AI value chain on...
	Article 5: AI Assisting Smaller Languages

	This article was co-authored by Gerd Berget and titled “An Exploration of Automatic Speech Recognition Within a Nordic Context” was presented at the HCI International Conference and published in proceedings 2023. The empirical study investigates ASR t...
	The paper uses perspectives from ability-based design (Wobbrock et al., 2011) to analyze diversity in language models supporting ASR, and it shows how these systems, often developed for global markets, struggle to accommodate the linguistic diversity ...
	As a result, ASR adoption in public organizations, such as hospitals, is uneven, and the assisting benefits offered by the technology are distributed inequitably across linguistic affordances. The article foregrounds that to sustain AI assisting work ...
	Background and Historical Context
	While the preceding articles each address distinct themes, they are all grounded in a shared empirical field site: the digital transformation of clinical documentation at a large Danish hospital. This section provides the broader historical and workpl...
	Digitalization has become a defining characteristic of contemporary Danish society. The roots of this development can be traced to the late 1960s, when the establishment of national registries such as the Central Person Register provided a stable, com...
	The first level involved the digitalization of health records: historical patient data that healthcare professionals (such as clinicians and nurses) collected and shared (Berg, 2001; Lundberg & Hanseth, 2001). Health data could now be stored locally i...
	Building on this digital foundation, recent years have seen increasing interest in AI as a new phase of data-driven transformation in healthcare (C. J. Cai et al., 2019; Q. Cai et al., 2019; Madsen, 2014). From decision-support tools and triage system...
	These entanglements suggest that AI integration is rarely a straightforward matter of deploying new tools, but instead involves navigating and gradually reshaping complex sociotechnical arrangements. For this reason, AI integration is better understoo...
	The rise of AI, then, is best understood as part of a broader infrastructural and political trajectory. It reflects Denmark’s ambition to maintain its position as a leader in digital public services. However, it also highlights the complexity of layer...
	In this context, it is crucial to recognize that digital tools, whether EHRs or AI systems, are not introduced into empty or uniform environments. In the Danish healthcare system, they are deployed within complex, historically layered ecosystems of ex...
	Against this historical backdrop, the growing interest in AI in Danish healthcare represents not a break with the past, but an extension of long-standing ambitions to optimize clinical work through digital means. As the infrastructural foundation has ...
	This dissertation contributes to and builds upon that discussion. The following literature review outlines the key fields I draw on and engage with, primarily within CSCW and HCI and presents the central themes that structure my work. Together, these ...
	Related Work
	This section is structured around three interconnected areas. It begins with foundational perspectives from discussions in CSCW and HCI, where this dissertation is situated. In this part, I also elaborate on the socio-technical approach that informs t...
	HCI and CSCW starting point
	As outlined in the previous background section, political and policy discourse in Denmark often frames AI systems in clinical documentation as tools for enhancing efficiency—a perspective I also elaborate on in Article 5. However, within the field of ...
	Although the CSCW community has only recently begun to engage more thoroughly with the specific challenges of human–AI collaboration in healthcare (S. Y. Park et al., 2019), these discussions build on a longer tradition. Since the late 1980s, CSCW has...
	Building on this tradition, I conceptualize collaboration as inherently situated, relational, and shaped by the interaction between technological affordances and clinical documentation practices to foreground how tools such as ASR are integrated into ...
	Moreover, following Star and Ruhleder (1996), digital systems in healthcare can be understood as both interdependent and distinct: they must work together to support clinical workflows, yet they also operate on different temporal scales–due to asynchr...
	Such infrastructural “patchwork” (Ellingsen & Monteiro, 2006; Matthiesen & Bjørn, 2015) was vividly illustrated in my fieldwork at a Danish hospital, where digital systems did not operate in isolation. EHR as a legacy system was embedded within a wide...
	A Socio-Technical Perspective

	Below, I introduce the socio-technical perspective as it has developed within CSCW and, more recently, gained prominence in HCI. This framing is central to positioning my dissertation, as it enables me to conceptualize AI not as an isolated tool but a...
	The concept of socio-technical systems originates from early organizational studies, particularly the work of the Tavistock Institute in the 1950s (e.g., Emery & Trist, 1965). Here, it was used to analyze the interplay between social and technical sub...
	While CSCW continues to offer important grounding for understanding collaboration, I turn to HCI to engage more directly with analyzing how AI systems change the nature of work. Initially, early HCI research, drawing from cognitive science, psychology...
	Recent scholarship in HCI has underscored a “sociotechnical turn” in the design, deployment, and evaluation of AI systems, especially in high-stakes domains such as clinical decision-making and documentation in healthcare (Zając et al., 2023). This pe...
	The sociotechnical turn in the study and design of AI in healthcare marks a deliberate move away from technology-centred paradigms that prioritize algorithmic optimization, predictive accuracy, and model benchmarking, toward a more human-centred orien...
	Aligned with this turn, studies in HCI have increasingly argued that AI systems introduce qualitatively distinct design challenges compared to traditional digital tools, primarily because they exhibit non-deterministic, adaptive behaviors that evolve ...
	These features mean that users are not merely end-users or passive operators of AI systems, but active participants in training, calibrating, interpreting, and correcting their functionality. In this context, systems such as ASR require ongoing human ...
	Bringing these strands together, I adopt a framing that draws from two distinct but related research traditions to analyze the configuration of human and computational interaction. I associate the sociotechnical perspective with the field of CSCW (and...
	Automatic Speech Recognition in Healthcare

	This socio-technical framing provides a valuable appraoch for analyzing how systems like ASR are integrated and sustained within clinical practice. ASR technologies occupy a unique position at the intersection of automation and human labor. Although f...
	Contemporary ASR technologies further reinforce this interdependence. Far from functioning as standalone tools, they rely on ongoing human input to operate effectively (Adedeji et al., 2024; Chlebek et al., 2020); a dynamic that is central to the anal...
	ASR systems are not static; once implemented, they continue to evolve in response to local contexts and user practices (Adedeji et al., 2024). They have also become foundational to the development of more advanced clinical documentation technologies, ...
	Recognizing ASR not as an outdated or limited technology, but as part of a broader, evolving infrastructure, allows this dissertation to shift focus away from technological novelty and toward the embedded and ongoing work that sustains these systems i...
	This evolving nature of ASR systems reflects a broader need for researching human–AI collaboration as situated and uncompleted process. Clinicians do not simply use ASR; they shape and sustain it through everyday practices, corrections, and adaptation...
	Human–AI Collaboration in Three Framings

	In this section, I outline three key framings on human–AI collaboration drawn primarily from CSCW and HCI, while acknowledging broader contributions from fields such as computer science, health informatics and STS. These perspectives span a continuum ...
	Human–AI Collaboration as Automated

	The heading of this section signals discussions on human–AI collaboration in healthcare as conceptualized as a process increasingly mediated by automation. The following section draw on literature mainly in HCI framing human–AI collaboration as itself...
	While often framed as tools for transcription or administrative relief, recent studies show that AI systems in clinical documentation are increasingly automating core aspects of cognitive and communicative work (Adams, 2025; Carboni et al., 2025). Her...
	Schlegel et al. (2023) argue that AI systems supporting clinical documentation go beyond capturing input; they participate in drafting clinical narratives, thereby functioning as semantic contributors that help transform spoken interactions into struc...
	This reliance on human and institutional integration aligns with how Kakwan et al. (Kakwan et al., 2025) note that AI systems are often framed as automating EHR input, effectively reassigning parts of the documentation burden to technology. However, K...
	Goodson et al. (2024) argue that the introduction of new technologies, while often associated with promises of increased efficiency, frequently fails to deliver immediate improvements in productivity or wellbeing. This view is echoed in broader schola...
	As a result, the literature lacks a consistent conceptual boundary for determining when documentation work can truly be considered automated. In response to these uncertainties, human–AI collaboration through the lens of automation is not a fixed conc...
	Human–AI Collaborations as Division of Labor

	The concept of human–AI collaboration has increasingly been framed through metaphors of teamwork and partnership (Amir et al., 2015; Bossen & Pine, 2023; Yildirim et al., 2024). The following literature reflects this framing, portraying human–AI colla...
	As AI systems gain access to increasingly rich data streams, research suggests that their analytical capabilities are becoming powerful complements to human cognition (Holstein et al., 2023; Mogili, 2025). In clinical decision support systems, for ins...
	Building on this groundwork, subsequent research has extended the metaphor of teamwork to examine how collaboration often involves a pragmatic division of labor between human and machine. Rather than symmetrical partnerships, these collaborations tend...
	Beyond healthcare, context-sensitive generative language models in the discourse on human–AI collaboration has moved further toward imagining AI as a genuine teammate capable of engaging in joint problem-solving with humans (Malone, 2018; Seeber et al...
	This shift reflects a broader reorientation in how collaborative dynamics are understood within high-stakes, technical environments such as computer science and digital health. Although the explicit framing of AI as a collaborator only gained traction...
	These insights resonate strongly with research emerging from CSCW in the healthcare domain, where the integration of AI into clinical workflows raises parallel concerns. Here too, researchers have emphasized that successful human–AI collaboration hing...
	Framing AI as a team member repositions it not merely as a technological tool but rather as an active collaborator engaged in the pursuit of shared clinical objectives (Lai et al., 2021; Rahman et al., 2024). However, such conceptualizations often emb...
	As Kraus et al. (2023) observe, “we are still far from achieving an AI that is not only able to solve specific tasks but could also socialize and form a personal bond with its user to build an effective team” (p. 38). This critique challenges the prev...
	The above discussions illustrate how framing human–AI interaction as a form of collaboration can obscure the asymmetries that characterize these relationships in practice. There is a risk of overstating the agency of AI systems while underplaying the ...
	Human–AI Collaboration as Entanglement

	This section presents current discussions that conceptualize human–AI collaboration as an entangled, relational, and situated process. Rather than treating collaboration as a clear task allocation or a question of system performance, these studies emp...
	Recent scholarship on human–AI collaboration has increasingly moved beyond technical performance metrics to investigate the relational and situated dimensions of AI in use. Rather than treating AI systems as discrete tools evaluated solely by accuracy...
	This shift highlights how AI is embedded and adapted by professionals within specific domains and underscores that successful integration of AI into professional practice depends not only on system design but also on how it aligns with existing routin...
	Van Voorst (2025) extends this perspective by critiquing the normative assumptions held by organizational decisionmakers. He observes that AI deployment is often guided by managerial imaginaries in which human workers are presumed to seamlessly correc...
	These scholars frame human–AI collaboration away from abstract, categorical assumptions about human vs. machine roles and toward empirical accounts observed in the real world. As Suchman (Suchman, 2007, p. 1) urged, this move reflects a broader concep...
	Anchoring these insights, Grønsund and Aanestad, (2020) conceptualize human–AI collaboration as a site of reconfiguration: a process wherein professional boundaries are renegotiated, tasks redistributed, and accountability reshaped in response to evol...
	Early framings of HITL as a technical safeguard against algorithmic error have given way to more complex understandings that foreground how oversight is enacted through situated, emergent practices (Gross et al., 2019; Waibel et al., 2010). In this vi...
	This reciprocal interaction challenges dominant assumptions that frame augmentation as a one-directional flow from human to machine. Instead, the above calls for a more integrated view in which human and AI capabilities develop in tandem. Such a persp...
	Framing human–AI collaboration as entanglement, rather than as discrete interaction, offers a more CSCW-aligned approach to understanding AI in complex domains such as healthcare. As Park et al. (2019) highlight, AI systems reconfigure roles, introduc...
	CSCW researchers might look at the way in which data is entered into machine learning systems and at how users make sense of system outputs. These are, in a sense, sides of the same coin. Questions which have to do with how one represents data outputs...
	(Harper & Randall, 2024, p. 130)
	This view underscores the reciprocal, embedded nature of human–AI collaboration and affirms the value of CSCW’s empirical and infrastructural sensibilities in shaping systems supporting work. In light of the literature reviewed in this section, it bec...
	Conceptual Orientation
	Throughout this dissertation, I adopt a socio-technical conceptual orientation to examine human–AI collaboration as an entangled process, drawing on the concepts of data work, augmentation work, and repair work as three key lenses. These concepts enab...
	Data Work in Clinical Documentation

	In article 1–3, I build on the concept of data work as defined by Bossen et al. (2019, p. 466) as “any human activity related to creating, collecting, managing, curating, analyzing, interpreting, and communicating data.” This first lens out of three b...
	As AI becomes embedded in everyday medical practice—from diagnostics and decision support to research and clinical documentation—the scope and complexity of this labor intensify. Data work forms the invisible yet indispensable infrastructure that enab...
	By emphasizing the labor involved in ensuring data as usable and reusable, this theoretical perspective builds on and extends prior work on the reuse of health data (e.g., Berg, 1999; Geoffrey C. Bowker, 2005). It shifts the focus from data as a neutr...
	However, data work often changes these professional roles due to increasing accountabilities in data annotation, validation, and correction (Cabitza et al., 2021; Cormi et al., 2022; Islind et al., 2021). As such, formal roles have absorbed new data-r...
	Clinical documentation is not merely a record-keeping exercise but a dynamic site of articulation work and accountability (Berg, 1999; Bjørnstad & Ellingsen, 2019; Heath & Luff, 1996), where human–AI collaboration introduces new tensions around these ...
	In Article 1 – 3, I apply the concept of data work not only as a theoretical concept but also as an empirical entry point for examining how clinical documentation unfolds in the context of human–AI collaboration. I value data work as a way to foregrou...
	This approach is especially relevant given the historical marginalization of clerical labor, which tends to be obscured in both organizational practice and academic representation (Star & Strauss, 1999). Tasks involving professional judgment and inter...
	Thus, I use data work abductively in my analysis which I apply in Article 1–3. Empirically, I draw from observations of how professionals engage with AI-generated documentation, revealing how data work manifests on the ground. Analytically, I use data...
	These secretaries often acted as informal intermediaries, drawing on tacit knowledge to ensure that documentation met both clinical and administrative standards. The concept of data work allows me to surface and analyze this form of labor, which stret...
	Augmentation Work Keeping Humans in The Loop

	This section introduces the concept of augmentation work as a central analytical lens for understanding human–AI collaboration in clinical documentation. Drawing from its conceptual roots in enhancing human capabilities rather than replacing them, the...
	The concept of augmentation work originates from envisioned computers not as replacements for human intelligence but as tools to extend and enhance human cognitive capacities (Engelbart 1965). In this early vision, augmentation involved developing int...
	Beyond its conceptual roots, augmentation work is increasingly treated as an empirical phenomenon manifesting in human work that arise as organizations adopt AI systems (Bailey & Barley, 2020; Grønsund & Aanestad, 2020). To empirically study humans au...
	I situate augmentation in clinical work through AI systems that support structured documentation by generating outputs which healthcare professionals must then audit (oversee and correct) and validate. This process highlights not only the interactive ...
	This way of seeing augmentation work as socio-technical, thus, encompasses social, technical, and organizational aspects of work, which, as highlighted by Schmidt and Bannon (1992), must emphasize adaptability over rigid task automation. Therefore, I ...
	To better grasp these conditions, I turn to the concept of articulation work (Strauss, 1988) emphasizing how collaborative routines are held together in everyday clinical settings in which augmentation work is situated. Articulation work is the work t...
	By integrating the concepts of HITL and articulation work, when understanding augmentation work carried out on the ground, I aim to account for the hidden but crucial forms of labor that sustain human–AI collaboration in clinical documentation: the vi...
	As an example, my use of augmentation work as related to articulation work shows in Article 2 that while parts of documentation are delegated to AI systems, clinicians have taken on unintended tasks such as reserving rooms or coordinating future steps...
	Repair Work in AI Maintenance

	I use repair work as conceptual lens for understanding the everyday labor that sustains systems. Rather than viewing breakdown or malfunction such as bugs or glitches as exceptional or peripheral events, the notion of repair repositions such disruptio...
	Theoretically, repair defies sharp boundaries between humans and technologies, designers and users, or formal and non-formal domains. It instead operates within “broken world thinking” as the social and material assemblages that coalesce around the ac...
	Situating repair work as a lens to research human–AI collaboration, negotiations of repair are present and ongoing upstream and downstream in data lifecycles. Because AI systems are embedded in human decision making, their performance depends not only...
	As shown in Article 3, human–AI collaboration exposes how responsibility for system upkeep and validation is distributed across roles while often drawing on tacit knowledge to interpret data outside system encoded logics. Furthermore, it lacks in upst...
	Together, the concepts of data work, augmentation work, and repair work form a socio-technical framework that underpins this dissertation’s approach to studying human–AI collaboration. These lenses have allowed me to examine how the integration of AI ...
	Methods
	This section clarifies the methodological framework of this thesis. Drawing from ethnographic and CSCW traditions, the methods I employed were shaped by the need to stay close to the situated realities of technology in use and adapt to shifting field ...
	The research was conducted through two temporally distinct phases of fieldwork at a regional hospital in Denmark. This division of fieldwork was primarily due to practical and external constraints, including scheduling complexities and the COVID-19 pa...
	This method section begins by unpacking the empirical setting to provide the contextual background that shaped the research and subsequent data collection. From there, I situate myself in the field before outlining the analytical steps taken. I descri...
	Empirical Setting

	This dissertation is grounded in an ethnographic field study conducted at a large public hospital in Denmark, which employs over 5,000 staff and serves as a major regional healthcare provider. Fieldwork was conducted in the orthopedic department, a bu...
	I conducted observations in both the inpatient wards and outpatient clinic and performed interviews with clinicians, medical secretaries, the department’s chief secretary, IT professionals associated with the department, the hospital’s IT manager and ...
	At the time of fieldwork, ASR had been in active use in the department for over seven years and was part of a wider regional strategy to expand the technology to additional hospital departments over the following four to five years. Access to the fiel...
	Previously, clinicians at the department dictated clinical notes using handheld devices, and medical secretaries transcribed them in EHR. Secretaries also managed referrals, scheduling, and discharge summaries. However, transcription delays, especiall...
	Documentation Workflows at Wards and Outpatient Clinics

	While ASR was informally regarded as mandatory for clinical documentation, its uptake varied across gendered and generational lines. Notably, several female clinicians deliberately avoided using ASR, despite its perceived obligatory status. As one cli...
	Clinicians in this department were accustomed to being observed, as the clinical environment regularly included medical students, interns, and other healthcare professionals. It was also standard for newly hired clinicians to shadow senior colleagues—...
	The material organization of documentation spaces further shaped the use of ASR. In the orthopedic ward, clinicians typically used “computers on wheels” to access and input into the EHR, often documenting in hallways or at the patient’s bedside. For A...
	Image 1 – From left: ASR used in hallway, shared office, and at patient’s bedside
	Some clinicians chose to dictate using ASR in front of the patient, enabling the patient to follow what was being added to their record in real time. This use marked a shift in documentation practice: from something traditionally hidden or delayed to ...
	Vignette: ASR at the Bedside

	Early in my fieldwork, clinicians often used ASR during patient consultations. Speaking notes aloud not only streamlined documentation but also invited patients and their relatives into the process, fostering transparency. However, even then, some avo...
	As explored in more depth in Article 4, this shift was closely tied to technical issues. The ASR system was due for replacement, and many repair and maintenance tasks had been deprioritized, which degraded the performance of the system and, in turn, r...
	Vignette: ASR Use in the Outpatient Clinic

	In the quiet of the outpatient clinic, consultations unfold behind closed doors—just the clinician and the patient, sometimes joined by a relative. Technically, nothing prevents the clinician from dictating the clinical note aloud using ASR while the ...
	This routine subtly shifts the nature of documentation. While ASR enables real-time notetaking, the social and professional context of clinical documentation still favors private dictation, even when time pressures leave little room for administrative...
	Some Technical Details on Automatic Speech Recognition

	The system in use was SpeechMagic 8, distributed by Omilon (formerly Max Manus) and implemented as part of a regional digitization strategy. The system utilized a Danish-language package developed by Nuance, incorporating LLM components tailored for c...
	Epistemological and Ontological Positioning

	In introducing ASR as a central technological component within the empirical site of this research, it is essential to clarify how technology is situated within my broader ethnographic and analytical orientation. ASR is not approached as a neutral, in...
	This perspective reflects a broader view of the world, not as made up of stable, independent entities but as shaped by ongoing, interconnected relationships. I reject technological determinism, which assumes technologies have fixed effects, and instea...
	To this end, I follow scholars such as (Jordan, 1996) in arguing that knowledge is not simply “discovered” but constructed through situated practice. Therefore, I do not treat clinical documentation or AI-supported collaboration as something that can ...
	Rather than treating my presence as a limitation, I see it as a necessary condition of doing ethnographic work on socio-technical systems. This aligns with Star and Strauss’s (1999) critique of the so-called “view from nowhere,” which assumes that wor...
	Ontologically, I align with socio-technical and relational traditions that reject static or essentialist distinctions between humans, technologies, and tasks. Rather than treating these as separate entities, I understand them as mutually constituted t...
	Analytical Steps

	The following account traces how my analytic approach developed in response to the complexity of the clinical, empirical setting. Rather than following a fixed path, my analysis emerged iteratively, grounded in ethnographic engagement and shaped by wh...
	Field Entry

	I began my fieldwork with an ethnographic approach that aimed to let local meanings, tensions, and collaborative practices surface through situated engagement with the everyday work of the clinical site. My decision to work inductively was rooted in t...
	This commitment aligned well with traditions in workplace studies that emphasize participant observation, in-situ questioning, and fine-grained analysis of interaction (Heath & Luff, 2000; Randall et al., 2021). Entering the field, I treated the clini...
	Data Collection

	Having outlined the analytical trajectory of this thesis, I now turn to the two distinct phases of fieldwork that formed its empirical foundation. This study adopted a multi-method ethnographic approach to investigate clinical documentation practices ...
	Observational data were organized by setting, professional role, and material artifact, and described using principles of thick description (Baarts, 2015; Geertz, 1973) to convey the richness of local practice. The goal was not to generate generalizab...
	Phase 1

	Conducted in 2020, the first phase included semi-structured interviews with clinical professionals (n = 8), including one group interview (n = 3), medical secretaries (n = 3), management (n = 4), and IT staff (n = 2). Additionally, I conducted partici...
	Phase 2

	Returning to the field in 2021–2022, I re-engaged with participants to deepen analysis, revisit unresolved questions, and examine new developments. This phase included shadowing the same three clinicians from Phase 1 (n = 3) for approximately 68 hours...
	Sampling

	To identify relevant participants and phenomena, I adopted a string-following approach inspired by Bjørn and Østerlund (2014), recognizing that clinical documentation practices (particularly those involving ASR systems) travel across individuals, arte...
	This approach was grounded in sustained participant observation, in line with Gherardi’s (2019) call to remain with unfolding configurations, especially those that are not immediately visible through job titles or official narratives. I followed strin...
	This insight reshaped my understanding of the evolving nature of repair. Rather than signaling successful automation or stability, the visible decline in ASR-related repair activities reflected a strategic deferral. Clinicians and support staff were e...
	Implications of Selection of Participants

	Clinicians, both frequent users of ASR and those who avoided it, formed the primary participant group in this thesis by way of shadowing (Czarniawska, 2018), as their interactions with the system revealed not only patterns of use but also tensions and...
	A more systematic incorporation of additional stakeholder groups, such as higher-level management or a more detailed examination of the mediation of material, could have strengthened the thesis. Incorporating additional case studies from other departm...
	Situational Mapping

	While my initial approach to fieldwork was grounded in ethnography, I recognized the need for analytical strategies that could help me engage with the complexity and multiplicity of the clinical setting without reducing it to simplified categories or ...
	Clarke’s approach offers tools for systematically examining the heterogeneity of complex situations and allowed me to remain true to the inductive spirit of my ethnographic work while introducing a structured method for identifying the actors (both hu...
	This methodological layering enabled me to produce an analysis that was both rooted in the interactional detail of everyday clinical documentation and attentive to the wider organizational, technological, and political forces shaping that work. Howeve...
	Image 2 – Preliminary examples of mapping and content analysis in NVivo
	This initial content analysis helped narrow my focus to cross-cutting themes that appeared consistently across my empirical material, such as the negotiation of ASR, calibration, altering, monitoring, transparency, bias, and distributed accountability...
	These evolving themes were then carried forward into deeper rounds of analysis. They were still grounded in ethnographic material but with greater thematic direction. As the analytical field expanded, I found it necessary to begin involving selected t...
	From Situational Mapping to Thematic Coding
	The initial stages of my analysis were tightly interwoven with my fieldwork. Through situational mapping, I began by identifying and plotting the actors, discourses, and systems implicated in clinical documentation and its evolving relationship with a...
	One of the first themes to emerge was data work, which I developed in dialogue with literature on health infrastructures and the notion of the “quantified patient” (Bossen, 2019). Drawing on socio-technical perspectives helped ensure that my analysis ...
	Although my analytical perspective was primarily grounded in CSCW, I found it methodologically productive to draw on Nicolini’s (2009) metaphor of “zooming in and out” when navigating the complex, multi-scalar nature of the field. Nicolini conceptuali...
	Alongside this, I followed a compelling string regarding what happens to the data generated by clinicians when they correct ASR-generated input in the EHR. These corrections were not subtle, but they were often shouted across shared office spaces, acc...
	Table 2 – Example of continuums observed by thematic coding
	Thematic codes were developed iteratively, capturing how organizational constraints, workflow interruptions, professional boundaries, and distributed forms of accountability shaped everyday clinical documentation. One expansive theme was reactions to ...
	After first phase, I spent several months away from the field. During this phase, I revisited and re-coded my data in light of the analytical directions that had emerged, particularly focused on ideas about data work and infrastructure studies. Althou...
	From this stage, the themes became increasingly theoretically grounded, particularly around concepts of articulation and repair work, as well as configurations of HITL systems and human–AI collaboration, aligning the analysis more closely with an HCI-...
	Conceptual Development Across Articles

	After returning from the field, my analytical process was shaped by a recursive and interpretive engagement with the empirical material, guided by abductive logics. The empirical material consistently “said more” than I could fully articulate at any g...
	At the same time, my approach reflected an abductive mode of analysis (Timmermans & Tavory, 2012), in which surprising or generative empirical moments prompted the development of new research questions and theoretical linkages. Each theoretical engage...
	The empirical richness of the material—touching on infrastructures, collaboration, professional practice, breakdown, and repair—invited multiple lines of inquiry, but without a coherent framework, I risked analytical dispersion. It became necessary to...
	Across the five articles, I developed a conceptual arc that mirrors my analytical journey: from open empirical immersion to a more grounded theoretical articulation within CSCW and HCI. Each article revisits overlapping empirical sites (especially the...
	An example is Article 3, where I introduced the concept of faux data work as activities that appeared productive and repair-oriented but ultimately failed to impact system performance due to a data lifecycle breakdown. The empirical observation that c...
	Reflexivity

	Through the fieldwork, I was often positioned by participants as someone who could understand or “translate” frustrations to outsiders. This role highlights how the CSCW researcher often becomes entangled in the politics of the field (Bjørn & Østerlun...
	Early in the research process, it became apparent that hospital management was interested not in evaluation metrics or formal reporting but in gaining qualitative insight into how ASR was used in practice. Unlike formal audits or implementation studie...
	As an example, I was given an ID card, on which the department chose to label me as an “IT intern,” reflecting the good humor and lightheartedness of the department where I conducted my research. This label, while playful, also subtly positioned me wi...
	To ensure patients would not feel disturbed by the presence of an additional person in the consultation room beyond the clinician, we agreed within the department that I, as the researcher, should wear the same uniform as the clinicians, as shown in I...
	Image 3: Me visiting the field wearing a clinician’s uniform
	This practice also supported deeper access to informal interactions with staff. In CSCW, many crucial insights arise not only during formal procedures but also in the in-between moments: during hallway conversations, shared breaks, or while clinicians...
	This focus reflects how my methodological approach drew inspiration from grounded theory, where theory is generated through systematic data collection and analysis within the research process. In this approach, data collection, analysis, and theoretic...
	However, this method imposes significant demands on the researcher. As a participant and observer, I actively shaped the data from the outset by determining where to focus my attention. My presence in the field inevitably influenced the outcomes, high...
	These reflexive and methodological precautions were complemented by careful attention to the ethical dimensions of conducting research in a clinical setting. Given the sensitivity of patient-related data and the professional environments involved, mai...
	Ethical Considerations

	To ensure confidentiality and comply with data protection regulations, I was allocated a workspace within the hospital’s research department. This arrangement allowed me to conduct fieldwork without removing any sensitive personal information from the...
	I received formal institutional approval prior to fieldwork data collection at the hospital. All interviews were conducted with participants’ informed consent, and all data were anonymized to protect participant identities. During my fieldwork, I was ...
	To meet the University of Copenhagen’s research policy standards of academic freedom, honesty, integrity, and scientific rigor, I developed a comprehensive data management plan for my ethnographic work. This plan detailed the creation, origin, type, s...
	The data management plan was designed to safeguard sensitive information, prevent data loss, and distinguish critical data for future use. By leveraging the University of Copenhagen’s infrastructure, the plan ensured adherence to ethical consideration...
	Overview of the Articles
	Table 3 gives a summary of each article, including its specific focus, how it connects to the larger research question, the methods and theories used, the key findings, and how it contributes to the overall argument of the dissertation. The full artic...
	Table 3 – Outline of articles
	Contributions and Discussion
	This dissertation examines how automation unfolds in practice through the integration of AI-supported documentation systems in healthcare, particularly ASR. Across five interrelated discussions—Faux Data Work, Collaborative Augmentation Work, Temporal...
	I start with the subsection on Faux Data Work and introduce a critical perspective on how clinicians’ everyday auditing of AI outputs may appear to contribute to system improvement but often lack genuine feedback loops. Building on the concept highlig...
	Faux Data Work

	In Articles 1–3,  I used the concept data work (Bossen et al., 2019) to trace the situated human activities involved in producing, maintaining, and interpreting data—activities that remained obscure beneath narratives of automation and efficiency expe...
	Applying data work empirically, I followed healthcare professionals in their documentation routines, observing how their interactions with ASR and EHR systems involved continuous cycles of oversight, correction, and verification. This auditing work—al...
	Dual-purpose data work considers clinicins’ everyday auditing serve both clinical documentation and AI training. Without transparency about how their inputs are used, clinicians face blurred accountabilities and limited understanding of their impact o...
	Without clear institutional strategies to inform and engage clinical users in system development, organizations risk severing the essential link between users and the ongoing maintenance of the AI systems they are expected to support. This disconnect ...
	This lack of transparency exemplifies what I term faux data work (Article 3): situations where the labor of annotating, validating, or correcting data gives the impression of meaningful contribution, but in reality has little or no impact on the AI sy...
	Foregrounding a need to keep the AI lifecycle in “an organizational loop” as a critical area of inquiry, leads to the following subsection illustrating that despite more than a decade of ASR use and its ongoing expansion across hospitals and departmen...
	Collaborative Augmentation Work

	The persistent visibility of ASR underscores that integration does not necessarily entail stabilization or simply “automate” human–AI collaboration. Rather than fading into the background as an invisible infrastructure, the system continually resurfac...
	Together, these findings form the analytical foundation for theorizing human–AI collaboration as collaborative augmentation work, a concept that foregrounds how auditing and articulation intertwine as ongoing, situated practices that sustain AI system...
	Consequently, clinicians find themselves in a position where AI support becomes embedded within the real-time flow of formal clinical tasks such as documentation. In this dual-use context, clinicians act as both care providers and data auditors, shapi...
	Building on this expansion of the HITL framework, the redistribution of documentation responsibilities reveals how collaborative augmentation work is not confined to individual interactions with AI but is enacted across professional roles and organiza...
	However, this redistribution is shaped and constrained by the broader political and commercial infrastructures in which AI systems are developed and deployed. while promised as an iterative and evolving process, human–AI collaboration in clinical docu...
	These findings collectively motivate a theoretical re-examination of what “collaboration” entails in human–AI collaboration, highlighting the need to conceptualize it not as a site of seamless partnership but as a sociotechnical arrangement structured...
	Building on this theoretical repositioning, the dissertation contributes to broader debates on human–AI collaboration by arguing that accountability must be understood as a distributed and infrastructural property of sociotechnical systems, not as a c...
	Temporalities of Human–AI Collaboration

	This dissertation sees human–AI collaboration as temporal, where professionals engage in making do with aging or incomplete systems in ways that remain meaningful within their local contexts. In domains such as clinical documentation, where technologi...
	Empirically, I identify two consistent modes of maintenance that clinicians engage in to keep ASR systems operational. The first involves ongoing auditing, correcting errors, and applying workarounds during documentation; the second consists of hardwa...
	Earlier in the system’s lifecycle, maintenance was primarily driven by the expectation that user corrections would directly improve the system—that each act of auditing would contribute to gradual refinement of the underlying model. These expectations...
	Thus, while the forms of maintenance remain stable, the rationale for engaging in them shifts. Maintenance becomes less about participating in system improvement and more about holding out for a “better model.” In this way, anticipatory expectation in...
	Due to these anticipated futures, users can continue to operate the ASR system even after institutional support has waned, shouldering a growing workload to keep it functional. Expectations serve not only as abstract narratives but also as practical f...
	Following this “holding on to what was while hoping for better futures,” infrastructural decay should not be understood solely as a technical malfunction or the outcome of institutional withdrawal. Rather, it is also shaped by expectations—anticipator...
	Building on this, the persistence of AI systems such as ASR is not merely the result of habit or inertia. Continued use is often propped up by residual expectations from earlier moments of technological promise. Clinicians and staff adapt their practi...
	While others have observed similar phenomena in buildings and hardware infrastructures—such as “phantom infrastructures” that remain visibly present but functionally hollow (Velkova, 2019)—software-based data infrastructures are harder for healthcare ...
	Empirically, Article 4 shows how policy-driven transformations and technological hype can push systems toward a state of being what I conceptualize as beyond repair: not only technically broken but also institutionally and socially deprioritized. When...
	Traditional Human-AI Collaboration

	Building on arguments in the previous section, the persistence of traditional AI systems such as ASR offers not only a lens on infrastructural decay but also a resource for reimagining design in contemporary settings. These systems make visible the en...
	A key empirical contribution of this dissertation lies in challenging the common assumption that AI systems represent a clean break from earlier digital technologies in healthcare. Rather than overcoming long-standing challenges in clinical documentat...
	These insights also carry implications for policy and implementation practices. As automation continues to be promoted as a solution to documentation challenges, there is a pressing need to recognize the ongoing human labor required to maintain, adapt...
	Although ASR is rarely recognized as “AI” in everyday discourse (Narayanan & Kapoor, 2024) due to its normalization in consumer tools such as smartphone dictation, this very ordinariness makes it analytically significant. As Dourish et al. (2010) remi...
	Building on this empirical insight, the dissertation extends its contribution by situating ASR within a broader analytical and methodological agenda—one that challenges where and how AI in healthcare is typically studied. Rather than focusing solely o...
	While ASR is included within the broader category of “AI,” its architecture and operational logic differ substantially from adaptive deep learning systems. Acknowledging this distinction is essential to avoid a form of technological determinism or to ...
	Automation Distributing Task

	This dissertation contributes to CSCW and sociotechnical studies of automation by revealing how AI-supported documentation systems, such as ASR, reconfigure existing divisions of labor without necessarily transforming the hierarchies that underpin the...
	Articles 2 and 4 illustrate how existing technical support infrastructures—such as assigning dedicated IT staff to manage ASR-related issues—often fall short when confronted with the system’s unpredictable behavior or with problems that depend on taci...
	Clinicians are not simply correcting errors but engaging in what Strauss (1988) terms articulation work: the coordination required to sustain formal workflows under real-world conditions. Articles 1 and 2 further show that the introduction of AI creat...
	Building on these empirical insights, this dissertation contributes to CSCW debates on automation and invisible labor by revisiting the role of medical secretaries in AI-supported documentation practices. By foregrounding this often-overlooked experti...
	Despite automation shifting documentation responsibilities to clinicians, the longstanding devaluation of secretarial work (Bossen et al., 2012; Møller & Vikkelsø, 2012) persists. The marginalization of this labor follows the task itself: clinical doc...
	As Article 3 demonstrates, medical secretaries are formally tasked with setting up clinicians’ profiles and guiding their use of ASR systems, despite not using the systems themselves. This arrangement is less about optimizing their own workflow than a...
	This invisibility became evident when an ASR breakdown persisted for over a year, unnoticed because the secretaries—who had been silently validating outputs—lacked both the authority and the technical channels to report the issue. Such cases highlight...
	The implementation of ASR technologies thus reconfigures professional boundaries while leaving institutional hierarchies largely intact. Building on foundational CSCW work that highlights the invisibility of coordination, articulation, and infrastruct...
	While ASR automates transcription, it simultaneously repositions it—from an administrative, backstage activity to a visible, clinical task performed by frontline staff. Yet this shift does not transform how documentation is valued. Historically regard...
	Moreover, this redistribution extends beyond transcription. Tasks such as contacting departments, booking tests, and maintaining EHR data quality increasingly fall within the clinician’s workload. Articles 3 and 4 show that breakdowns and recognition ...
	What emerges, then, is a choreography of frontstage and backstage work in which documentation is shaped not only by technological systems but also by historical and institutional contexts. While ASR shifts transcription into clinicians’ hands, it simu...
	In sum, this chapter has outlined how the study contributes to understanding the sociotechnical dynamics of AI integration in clinical documentation. These insights challenge dominant narratives of automation as displacement, instead positioning AI as...
	Conclusion
	This dissertation set out to examine how healthcare professionals engage with ASR systems in their clinical documentation work, and what these engagements reveal about emerging forms of human–AI collaboration in organizational settings. Through an eth...
	By tracing how clinicians, secretaries, IT staff, managers, and vendors sustain ASR-supported documentation, the dissertation contributes to the growing body of CSCW and HCI research that conceptualizes data work, augmentation work, and repair work as...
	Across the five articles comprising this dissertation, I have advanced an understanding of human–AI collaboration as collaborative augmentation work: the distributed, often invisible labor through which healthcare professionals audit, adapt, and susta...
	The analyses of faux data work revealed how clinicians’ efforts to correct and verify ASR output often appear contributory but lack meaningful feedback loops, leaving them caught between the promise of improvement and the opacity of system learning. C...
	Together, these contributions articulate a socio-technical and temporally sensitive account of how automation unfolds in practice—one that recognizes AI not as a discrete technology but as an evolving infrastructure continually remade through human wo...
	This reframing has implications for how organizations, policymakers, and designers conceptualize accountability in human–AI collaboration. The dissertation argues for a shift from individual user responsibility toward distributed institutional account...
	Methodologically, this dissertation demonstrates the value of ethnographic and infrastructural approaches for studying AI in situ. By focusing on a “mundane” technology such as ASR, it advances an agenda for examining AI through the ordinary and the o...
	Ultimately, this dissertation shows that automation does not eliminate human effort; it reorganizes it. ASR-supported clinical documentation reveals a broader lesson about AI in practice: every promise of efficiency depends on a substrate of ongoing h...
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	Abstract

	Data work is becoming increasingly essential in healthcare as more digital systems rely on the collection, reuse, and interpretation of health data. With the growing implementation of artificial intelligence (AI) to support clinical tasks, domain expe...
	Introduction

	The development of artificial intelligence (AI) and machine learning systems in clinical settings relies heavily on large volumes of high-quality, annotated data to enable tasks such as pattern recognition, prediction, and speech or image processing (...
	HITL approaches are particularly valuable in high-stakes environments like healthcare, where AI predictions and outputs must be continually aligned with evolving clinical standards, legal accountability, and patient-specific judgment. While much of th...
	The need for domain experts in relation to data has been acknowledged by a growing body of research within the computer-supported cooperative work (CSCW) community and has introduced the concept of data work to capture the human labor that underpins d...
	While the CSCW community has long recognized the importance of data work in healthcare (Bossen et al., 2014; K. H. Pine et al., 2016), recent advances in AI have begun to reshape this work in fundamental ways. The competencies required for effective d...
	This study contributes to human-in-the-loop research in healthcare by examining the augmentation work required to sustain an automatic speech recognition (ASR) system at a Danish hospital. Focused on ASR’s role in medical documentation, the study expl...
	Empirical studies on ASR in healthcare mainly focus on technological challenges such as accuracy of data output (Adedeji et al., 2024; Vase, 2025; Wiepert et al., 2023) and the systems’ ability to distinguish clinically relevant information from irrel...
	This paper first outlines related work on data work and human-in-the-loop methods, then presents the study’s methods and data. The analysis focuses on two key areas: the consequences of augmentation work in clinical documentation and the tensions emer...
	Related Work

	In healthcare, the formalization of domain experts’ roles related to complex machine learning systems is often neglected, with such responsibilities frequently emerging as informal accountabilities distributed across various professionals (Bertelsen e...
	The critical importance of data work grows as large-scale information infrastructures expand, driving the use of health data for purposes such as data-driven management, accountability, and resource performance management (Hoeyer, 2023; Hoeyer & Wadma...
	Although data work has expanded significantly with digitalization and the rise of large-scale datasets, it originally formed a key part of clerical and administrative roles (Bossen et al., 2012; Møller et al., 2017, 2020). Medical secretaries and admi...
	Despite the significant human effort invested in data work, which is often critical for ensuring data accuracy and functionality (K. Pine et al., 2022; Ulloa et al., 2022), machine learning systems remain prone to errors (Abraham et al., 2020). The gr...
	Non-Formal Roles in Augmentation Work

	The roles of humans and AI are continuously negotiated and reconfigured over time, challenging static views of task allocation that design research emphasizes by centering the importance of sociotechnical interplay (e.g., Suchman, 2007), offering foun...
	AI systems, in turn, process large-scale data, produce classifications, and adapt through feedback from human auditing. Their study highlights the complex interplay between human actors and technical infrastructures, showing that it is not just a redi...
	A foundational requirement for machine learning systems is the availability of annotated datasets, wherein human-labeled examples serve as the basis for machine learning to infer patterns and optimize predictive performance (Grønsund & Aanestad, 2020)...
	Augmentation work also requires auditing wherein human actors intervene to oversee, interpret, and then possibly annotate the outcomes of machine learning classification. Auditing is an iterative process encompassing multiple stages of the AI lifecycl...
	Human-in-the-Loop

	As AI systems are introduced into real-world environments, they frequently modify existing work practices and task configurations (H. Chen et al., 2024; Holstein et al., 2023; S. Zhang et al., 2024). Consequently, implementing these systems often nece...
	When focusing on AI system development based on expert human auditing, many studies focus on early stages, where users are consulted to annotate data or verify outputs before system deployment (Hauptman et al., 2022; R. Zhang et al., 2021). This appro...
	Recent studies further highlight the importance of human-in-the-loop as a mechanism for adapting AI systems to evolving organizational workflows (Wiethof & Bittner, 2021). However, as these systems are embedded in dynamic contexts, transparency over w...
	Following this, a study of Rezwana and Maher (2023) has raised concerns about who or what should be held accountable for data contributed through human-in-the-loop methods, especially when it generates or assists workflows. The researchers raise conce...
	In theory, human-in-the-loop approaches prioritize iterative refinement through continuous feedback from both users and developers, fostering user-centric design while addressing challenges stemming from static assumptions (Q. Z. Chen et al., 2022; To...
	Nonetheless, fewer studies have examined how human-in-the-loop methods unfold in use—that is, how organizations sustain human involvement as systems evolve in expert environments. Sustaining human involvement is important, as even after AI systems are...
	Methods

	To explore human–AI interactions in a clinical context, we conducted a collaborative, interpretive re-analysis of previously collected ethnographic fieldwork from 2020-2022. Our findings are grounded in a fieldwork conducted at a regional hospital in ...
	Due to stringent data privacy regulations, data from the ASR system were stored on a local server within the hospital, which imposes constraints on storage capacity and underscores the necessity for data annotation (e.g., Chiang, 2023; Li et al., 2023...
	Data Collection

	Our empirical material consisted of transcribed semi-structured interviews, in-situ interviews, and field notes from observations and participant shadowing. The observational material was developed into thick descriptions (Baarts, 2015), providing det...
	The ethnographic data reflected a study that took place in two rounds, each lasting three months. During this period, three physicians were shadowed throughout their entire daytime shifts (Czarniawska, 2018), starting from their morning meetings at 7 ...
	Data Analysis

	As part of this study, we conducted an interpretive re-analysis of previously collected ethnographic data. This approach enabled us to closely examine how human-in-the-loop methods unfold in practice, with particular attention to ASR-augmented clinica...
	In analyzing this work, we drew on the CSCW concept of articulation work (Schmidt & Bannon, 1992; Strauss, 1988), which refers to the invisible but essential coordination activities that ensure distributed tasks, roles, and technologies align in pract...
	By combining these conceptual perspectives with abductive reasoning (Timmermans & Tavory, 2012), we iteratively linked emergent patterns in our data with theoretical insights from CSCW. This enabled us to identify how clinicians’ interactions with ASR...
	AI Augmentation Work in Clinical Documentation

	Before the introduction of ASR systems, clinical documentation followed a process where physicians would dictate notes for the EHR, which medical secretaries then transcribed. Physicians would then sign off the data input (see Figure 1). These dictate...
	Following the implementation of ASR, physicians are now expected to dictate directly into the EHR. Institutional policy mandates that physicians over the age of 40 utilize ASR for clinical documentation, whereas younger physicians (less accustomed to ...
	The speech-to-text system automates real-time transcription and disregards the need for secretarial transcription. However, ASR has introduced new tasks. In addition to documenting EHRs, physicians are now responsible for dictating, reviewing, and cor...
	Note. The figure illustrates various professionals in the loop of auditing data output and altering the ASR language model. These collaborative tasks enable the AI augmentation needed to sustain how the system supports documentation work.
	Tensions Rising from Collaborative Augmentation in Clinical Settings

	This chapter illustrates collaborative augmentation work on the ground by exemplifying tensions situated in clinical contexts.
	Tensions Between Documentation Work and Auditing Work

	Efforts to integrate ASR into clinical documentation have led to the imposition of auditing responsibilities onto physicians. This section explores how tensions between documentation work and auditing work create a series of contradictions between phy...
	Physicians Perceive Responsibility for ASR Auditing as Misplaced

	Physicians experience being overburdened with auditing work as an add on to documentation work: “There is an extreme amount of registration work [auditing work] here at the hospital compared to other hospitals—all regarding training this [ASR] and reg...
	Documentation is already a time-consuming part of clinical practice, and the addition of auditing introduces further workload. Physicians must review and correct AI-generated entries in the EHR before signing off—for example, ensuring that a phrase su...
	Physicians Avoid Documentation Work at Night Due to ASR Differing in Quality

	The following account reveals how auditing work requires a level of attention and recalls that it is incompatible with certain documentation work:
	It [ASR] senses that you’re tired. Then you wait until the next day to fill out your journal, but then you forget what happened in the meantime about what needs to be written. If you’ve been at work all night, you’re also extra tired, and then you can...
	The quality of ASR input relies heavily on clear speech. However, when the system cannot accommodate deferred documentation without penalty, physicians are either forced to spend additional time auditing and correcting incomplete or inaccurate transcr...
	Several physicians express frustration with the requirement to complete patient records during the same shift, even when working night duty. They describe this as an unrealistic expectation, particularly given the frequency of urgent tasks that interr...
	This expectation of real-time documentation fails to account for cognitive fatigue and undermines established temporal rhythms of clinical documentation forming a misalignment between ASR system expectations and the situated, interruptible nature of c...
	Overall, physicians express that ASR auditing requires a level of speech clarity and attention. Furthermore, recalling what must be documented is incompatible with night-shift documentation work, as physicians experience cognitive fatigue. The transcr...
	Non-Clinical Words Need Manual Typing to Maintain Accuracy in Documentation Work

	Another concern expressed regarding physicians’ documentation work augmented by ASR regarded the system’s difficulty in transcribing non-clinical or everyday language, particularly in discharge letters where informal, patient-facing phrasing is requir...
	Letters are the most annoying thing when using speech recognition. That’s because you have to use ordinary spoken language here. And it doesn’t bother to figure out how to write that. I still use it, and then I just have to correct it. (Physician - O)
	Physicians expressed that ASR routinely mistranslates common expressions, requiring repeated correction and annotation. This results in a form of focused auditing work for sentence structure, endings, and everyday phrases. One physician describes this...
	In sum, these accounts reflect a tension between linguistic variability in documentation work and the technical constraints of ASR auditing, where physicians must correct and adapt to produce coherent and appropriate records. As ASR systems fail to ac...
	Maintaining Accurate Documentation Requires Ongoing Human Intervention by Super Users and Managers

	A central concern is the potential for misinterpretation in the EHR due to ASR mistranslations, raising serious questions about data quality and clinical decision making. In response, the department has implemented ad hoc quality control measures. Med...
	Sometimes, I manually test the quality. Then, I asked the secretaries to print out 10 medical records made by each of their physicians, just random samples. And I have done this 3–4 times. Then, I simply sit and read all the samples and mark mistakes ...
	This manual quality review underscores the lack of systemic mechanisms for evaluating ASR performance and highlights how error correction remains a time-intensive, human task. Moreover, physicians often forget how to annotate properly, leading to recu...
	Overall, concerns over data quality have led to manual quality checks due to frequent ASR transcription mistakes. However, support for physicians in properly annotating and correcting ASR outputs is limited due to the absence of allocated time for tra...
	Tension Between Auditing Work and Altering Work

	Tensions between auditing work and altering work emerged from the analysis as a growing sense of frustration among physicians who see little evidence that their corrections lead to improved recognition or altering the technology over time. The finding...
	Physicians Experience a Disconnect Between Ongoing Auditing and Visible Altering

	Developers promote the ASR with the assumption that users will audit data output in ways that contribute to machine learning. As one developer states: “Technically, I can deliver systems that recognize speech really well. However, it requires that the...
	However, this expectation does not align with physicians’ experience of the system’s performance over time. One physician, reflecting on years of interaction with the ASR system, expressed frustration about the need for auditing: “I have done this in ...
	I cannot teach it anything. […]. They [IT professionals and secretaries] proclaim that physicians can change and train it and to change ‘inspection’s throat specialist’ to ‘inspection by ear, nose, and throat physician,’ as an example. Then, I had to ...
	The findings suggest that physicians experience a compounding of responsibilities, as they are required to perform auditing tasks without perceiving any meaningful impact on system performance or improvement. This lack of feedback contributes to a sen...
	Users Express Uncertainty Over Whether ASR Auditing Contributes to Collective System Learning

	Tensions were expressed in relation to personalized ASR performance. There were some suggestions that system altering is not a collaborative but an individual technical process:
	What I’m really most tired of is that the system just doesn’t recognize some people well enough. And honestly, I think it’s personal. Over the years, I’ve come to accept that this is just how it is: some people get recognized well by the system, and s...
	While auditing and altering work becomes questioned as individualized, similar concerns emerged in our analysis where informants expressed that the system’s altering mechanisms were opaque. Discussing this issue, two physicians expressed the following...
	Overall, the opaque altering processes intensify tensions, as physicians are expected to contribute to the altering and, thus, improvement of the ASR machine learning through auditing, yet they lack mechanisms for seeing the effects of their contribut...
	Physicians’ Contributions Through Auditing Enable Altering They Cannot Access

	Developers acknowledge that meaningful altering depends on access to large volumes of high-quality clinical text, yet such access is limited. As one developer explains,
	You can build a dictionary, sure. But only if you have access to a large volume of notes. That means you need to collect a lot of journal material to create a reliable training base. So it’s a bit of a chicken-and-egg situation: to get clients, you ne...
	This quote highlights the supplier’s perspective, where local auditing work is understood as both necessary and potentially extractive.
	Moreover, developers express altering as separated from the sites of auditing: “While we actually hold valuable data—the ‘gold,’ so to speak […]—it’s taken us years to develop these dictionaries through close collaboration, and there’s a reluctance to...
	In summary, developers emphasize that altering work relies on access to large volumes of high-quality data. This is enabled by auditing and subsequent decentralized altering as data access to a large volume of historical clinical text is constrained.
	Tension Between Clinical Work Organization and Collaborative Augmentation Work Organization

	The integration of ASR technology into clinical documentation has led to collaborative augmentation work, in which physicians are expected to perform both documentation and auditing work simultaneously. This dual responsibility is not formally mandate...
	Physicians Perform Auditing Work as Part of a Broader Collaborative Augmentation

	A key concern reflects a sense of collaborative augmentation, where physicians are not only users of the ASR system but also continuous auditors to enable altering and system improvement. Imposed by management and suppliers, collaborative augmentation...
	The statement illustrates how the system interprets non-action (i.e., not correcting mistranslated speech) as a form of annotation. Furthermore, the ASR interface does not offer ways for physicians to opt out (or opt in) of auditing responsibilities. ...
	Overall, a form of collaborative augmentation, where physicians are expected to simultaneously perform documentation work and auditing work is shaped by non-formal expectations from management and developers positioning physicians as continuous contri...
	Physicians’ Lack of Understanding About ASR Annotation Leads to Ineffective Auditing Work

	Collaborative augmentation work requires auditing performed in parallel with documentation work, and it allows opportunities for physicians to enable ASR calibration to their accent:
	You can go back and train the system by repeating the word several times. This function is useful for a person who is hard to understand [for the ASR system]. Like if a person has an accent. Then he can practice the words for his profile. (IT manager ...
	This quote highlights a key tension in our study: the unspoken expectation that physicians will continuously audit ASR output as part of their routine documentation work, thereby contributing to the long-term improvement of the system through collabor...
	When I tell them, ‘If you have speech that is recognized wrongly, mark the word with the cursor, and then type it on the keyboard. That is the best way for it to learn.’ […] and if they don’t have that understanding of the functionality and the techni...
	Furthermore, developers see auditing responsibility as lacking support in clinical work routines while the burden falls unevenly on physicians who are left to interpret how best to audit: “I see that some physicians correct [annotate] an enormous amou...
	In sum, collaborative augmentation work requires physicians’ ongoing effort to improve system calibration. Developers and super users frame this improvement process as a matter of individual responsibility, yet physicians receive limited support or gu...
	Poor Tools to Support the Articulation of Augmentation Work

	Recognition rates refer to a metric used to evaluate the performance of an ASR system. In clinical settings, it presents a percentage score that reflects how accurately the system has transcribed spoken input into written text. Medical secretaries, IT...
	The human labor that sustains the system through real-time correction and annotation is not captured by existing metrics. Auditing is assumed to be distributed across users, yet the primary tool used to measure it obscures the very work that keeps the...
	In sum, recognition rates are commonly used to assess ASR performance by showing the percentage of correctly transcribed speech. However, high recognition rates often indicate a lack of corrections rather than true system accuracy. This makes them a p...
	ASR Enables “Older” Physicians to Conduct Real-Time Documentation Work Which Diminishes Clinical Pace

	The following excerpt illustrates that rather than streamlining work, physicians experience ASR as slowing down documentation work, ultimately compromising their clinical efficiency and professional performance:
	Before speech recognition, you spent an hour maximum on patients, and at the outpatient clinic I used to see 22 patients in a day. The list I have now is like when I was a new graduate; it’s a baby list. Before speech recognition, experienced doctors ...
	The physician’s account highlights a perceived regression in expertise and workflow capacity that reflects frustration: ASR, despite being a tool intended to augment documentation work, impacts physicians’ sense of progress. Moreover, older physicians...
	The tensions arising from collaborative augmentation work in clinical settings highlight that it involves more than just the operational use of ASR systems. It also requires the coordination of interdependent human and technical tasks that support cli...
	Discussion

	This study investigated the consequences of integrating an AI-based ASR system into clinical documentation workflows in a Danish hospital. We show how collaborative augmentation work (i.e., the distributed, ongoing work of AI auditing and altering) re...
	Dual-Purpose Data Work

	Following prior research on data work that explores the human effort required to create, manage, and render data functional within complex infrastructures (Bossen et al., 2019; K. Pine et al., 2022), our study contributes to this literature by identif...
	Managing Dual Accountabilities

	Critical perspectives have raised concerns about the increasing datafication of healthcare, warning that it may shift clinicians’ focus from patient-centered care to meeting algorithmic demands (Bossen et al., 2019), as AI-assisted workflows, while fr...
	Our findings show how ASR systems introduce non-formal forms of accountability by treating uncorrected errors as accurate inputs, effectively turning inaction into tacit annotation. This “always-on” logic collapses the boundary between documentation a...
	As Heath and Luff (1996) show, clinical documentation is already shaped by multiple overlapping accountabilities: it must serve the immediate needs of the patient, support future clinical decisions, and fulfill institutional requirements. The integrat...
	Institutionally Ambiguous Digitalization

	While digitization is often framed as a means to enhance transparency and consistency in healthcare, our findings suggest that it simultaneously produces new forms of institutionally ambiguous labor. As shown in prior work on emergent data work (Mølle...
	This labor is further complicated by its reach beyond the hospital. Physicians and medical secretaries contribute data that is routed into commercial ASR development pipelines, shaping algorithmic models without receiving visibility into how their wor...
	Lack of Transparency Undermines Auditing Work

	On a technical level, ASR auditing contributes directly to the enhancement of AI system performance by providing data that can inform system altering. In this respect, it aligns with what Hoeyer and Wadmann (2020) characterize as “meaningful” data wor...
	Human-In-The-Loop Forming Augmentation Work

	In this paper, we contribute to ongoing debates on human-in-the-loop AI by offering a reinterpretation of augmentation work, not as a reciprocal process of co-evolution between humans and AI as conceptualized by Grønsund and Aanestad (2020) but as sit...
	Grønsund and Aanestad’s (2020) study demonstrated how AI implementation is not only about task redistribution but also about the emergence of new collaborative formations seen particularly through cycles of human auditing and altering. Their work illu...
	Our study affirms the importance of expert auditing but reveals a decentralized configuration of human-in-the-loop in clinical contexts by three main findings exemplified below. Augmentation work emerges as inherently collaborative, sustained through ...
	Ongoing Necessity of AI Auditing in Human-in-the-Loop Systems

	Particularly in sensitive domains such as healthcare, a central tenet of human-in-the-loop literature is the need for human oversight to ensure safety, accountability, and system alignment with user needs (Rong et al., 2024; Wu et al., 2022). Human-in...
	In contrast, our findings show that human oversight and continuation of AI auditing work remains necessary even after AI systems mature. The notion that AI systems will eventually “get better” and become self-sufficient ignores the reality that what c...
	Design alone is insufficient to ensure effective human-in-the-loop AI once systems such as ASR are deployed in clinical contexts. Long-term effectiveness depends on clinicians developing a deeper understanding of how human–AI interaction functions wit...
	Empirically, the study identifies how physicians adapt to ASR by trusting perceived strengths, such as accurately spelling medical terms. Thus, humans go with “gut feelings” or recognizable technical data output. This black boxing suggests that trust ...
	Toward Collaborative AI Augmentation Work

	As detailed in this paper, looping physicians into AI auditing is anything but mundane. It requires setting up and maintaining an additional cooperative work arrangement (Schmidt & Bannon, 1992) characterized by a series of interdependent tasks and em...
	These contributions form a largely non-formal collaborative work arrangement that requires on-going interrelating with the hospital’s formal organization and extends outwards to the external IT vendor. As shown, it comes with a long range of unsettled...
	Viewing these activities through the CSCW-lens of distributed collaborative work reveals several implications for HCI, relevant for advancing the integration of human-in-the-loop approaches into clinical practice. First, it emphasizes the practical ne...
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	Abstract Purpose: This paper examines how Automated Speech Recognition (ASR) reshapes clinical documentation work in a Danish hospital. It investigates the gap between managerial imaginaries of a “ready-to-operate” AI and clinicians’ lived experiences...
	Introduction

	Across both public and private sectors, artificial intelligence (AI) is reshaping the texture of everyday work. From manufacturing to healthcare, AI systems are increasingly promoted as tools to enhance productivity and streamline organizational proce...
	Although dominant narratives around AI in the workplace emphasize automation, quality improvement, and efficiency, typically with an assumption of relatively predictable outcomes, actual implementations tend to be far more uncertain (Andersen et al., ...
	In this paper, we aim to contribute to this discussion by presenting a case study of clinicians' use of Automated Speech Recognition (ASR) at a Danish hospital. We are particularly interested in exploring the tensions between official imaginaries of A...
	A sociotechnical approach to data work in clinical docmentation

	While much recent discussion of AI in healthcare emphasizes cutting-edge, data-driven systems, technologies such as ASR remind us that innovation often unfolds through tools that have settled into everyday practice and become part of the background of...
	Building on the sociotechnical perspective on data work (Bossen et al., 2019), we focus on how documentation technologies evolve and become entangled with clinical routines. By examining systems that have incrementally shaped documentation workflows r...
	This perspective resonates with workplace learning research in studies of cooperative work. Heath and Luff (1996) showed how professional expertise develops through situated participation, coordination, and mutual adjustment in everyday practice rathe...
	These insights on present use of AI are particularly relevant as emerging AI systems for clinical documentation, such as ambient scribes, build directly on ASR technologies (Li et al., 2021; Saadat et al., 2025).
	Examining ASR at its current, still-visible stage highlights how the integration of such technologies depends on continuous adaptation, maintenance, and interpretation. This ongoing engagement underscores data work as both an instance of invisible lab...
	Understanding data work sheds light on how AI becomes embedded in clinical documentation, where its effective use depends on ongoing maintenance, alignment, and contextual interpretation. This perspective connects to broader critiques showing that AI ...
	Several studies have challenged this division, showing that documentation is tightly linked to medical reasoning and care coordination and demonstrate that documentation is central to healthcare delivery (Bossen et al., 2014; Møller & Vikkelsø, 2012),...
	Following Kaplan and Haenlein’s (2019) definition of AI as systems that interpret data, learn from it, and act on that learning, we view (traditional) AI support as an ongoing, collaborative relation between humans and evolving systems.
	Automatic Speech Recognition in Clinical Documentation

	As a case of AI supporting work unfolding in real-world clinical settings, we focus on ASR technologies in Danish hospitals. While ASR is often categorized as a "traditional AI" and a rule-based system primarily used for transcription, its long-term i...
	The case is particularly instructive in the Danish context as a low-resource language setting where the availability of transcription data is both limited and potentially biased (Jahan et al., 2025; Khorram et al., 2025). In this setting, clinicians’ ...
	Beyond transcription automation, ASR enables more standardized and legible entries into electronic health records (EHRs) by leveraging linguistic patterns found in large training corpora, thereby facilitating both clinical continuity, revealing that a...
	Methods

	This study was conducted as ethnographic fieldwork, allowing for an in-depth examination of how clinicians use ASR in their clinical documentation practices. Fieldwork was conducted in an orthopedic surgery department in a Danish public hospital, enco...
	The ASR system in use was Nuance SpeechMagic 8 and built upon a Hidden Markov Model (HMM) architecture. It employed large language models trained on historical EHR data and included a “Danish language package” incorporating a specialized medical lexic...
	The analysis was conducted collaboratively by both authors using thematic analysis (Braun & Clarke, 2006) and provided a framework for identifying and interpreting patterns across the dataset. This approach enabled us to explore how clinicians constru...
	Analytical Themes

	This analysis identifies three core analytical themes that highlight the tension between the promise and practice of ASR in clinical settings. First, Failed Expectations reflects the disconnect between ASR’s technical matureness and clinicians’ lived ...
	Failed expectations: a mismatch between top-down expectations and actual practice

	The implementation of ASR at the hospital in our empirical setting was underpinned by a strong institutional belief in the maturity, reliability, and cost-efficiency of the technology. These managerial expectations, shaped by national digital health s...
	From this perspective, clinicians were positioned as beneficiaries in augmentation work sustaining ASR’s development. Their corrections and usage patterns were not only framed as part of ensuring meaningful clinical documentation, but also as valuable...
	This perception of stagnation undermined the core promise of adaptive AI through augmentation work and led to growing skepticism among users. Clinicians found it difficult to learn from the system, as they were repeatedly correcting the same errors wi...
	Rather than feeling like contributors to training the system, clinicians found themselves performing repetitive corrections without any tangible signs of progress. This undermined their trust in both the system and its underlying logic of improvement....
	In practice, clinicians received no visible feedback to support the supposed learning. This disconnect led some to disengage from ASR use entirely and typing on keyboards when entering EHR notes, choosing instead to prioritize clinical tasks over the ...
	Shifts in accountability and responsibility: failing to participate in articulation work

	The system’s opacity blurred the boundary between user error and technical failure, making it difficult for clinicians to build confidence in the system while ASR significantly altered the everyday responsibilities involved in clinical documentation. ...
	Image 1: Physician access administrative planning systems to schedule appointments after documenting EHR notes
	While ASR was introduced as a tool to make documentation more efficient and completed in real-time, clinicians described how this shift increased the amount of time spent managing text, fixing errors, and navigating between systems to ensure patient t...
	Similarly, the system’s reliance on outdated secretarial abbreviations conflicted with clinicians’ expectations and current documentation norms: “It’s mostly secretarial abbreviations it’s learned. It makes no sense to shorten ‘conference’ to ‘conf.’ ...
	Yet other examples carried professional risk. Clinicians feared that visible ASR failures could make them appear careless or incompetent, and several mentioned that poor recognition of speech could cause confusion in patient records and with potential...
	Re-presentations: Making AI Livable in Clinical Practice

	Despite being positioned as intelligent and self-improving, the ASR system in everyday clinical life failed to provide meaningful cues that would support human learning. Many clinicians expressed difficulty understanding how to adapt to ASR – or how t...
	When errors did occur, clinicians were often unable to identify the cause. Was it the microphone? The quality of their voice that day? The background noise? Or something in the system itself? This ambiguity made it difficult for users to develop meani...
	Clinicians warned each other about known misrecognitions (e.g., “25” being heard as “15”), built expectations about when ASR would likely fail, and developed habits for when to switch to typing. One example shaping collaborative sensemaking was when l...
	This displacement of learning effort was mirrored by shifts in material practice. While ASR was intended to streamline documentation, in reality, it introduced new forms of repetitive and redundant labor. For example, one clinician described a case wh...
	In this single task, three parallel documentation processes occurred, highlighting a lack of trust in ASR’s reliability. The clinician’s learning, rather than deepening engagement with ASR, reinforced manual redundancy as a safety net. Clinicians also...
	Discussion

	The case of ASR demonstrates the gap between managerial expectations of technical maturity and the situated realities of clinical work. Management viewed ASR as a “ready-to-operate” solution, relying on clinicians’ routine corrections as part of a sel...
	While officially introduced as a time-saving tool, ASR redistributed administrative tasks to clinicians, expanding their cognitive and emotional workload. The system’s opacity blurred the distinction between user and machine error, leaving clinicians ...
	The case illustrates the limits of what can be considered organizational intelligence in the age of AI. Intelligence here is not the property of either humans or machines but the outcome of sustained interaction between them. In the official descripti...
	Shifts in Accountability

	While clinicians remained institutionally accountable for the accuracy and legibility of patient records, the ASR itself was not treated as an accountable actor. Building on Heath and Luff’s (1996) observation that accountability in workplace settings...
	Before ASR’s introduction, much of this articulation work—checking dictations, formatting, correcting errors, and managing follow-up actions—was performed by medical secretaries. These tasks, though administratively classified as clerical, were crucia...
	As clinical documentation is tightly linked to medical reasoning and care coordination (Bossen et al., 2014; Møller & Vikkelsø, 2012), this study shows how this is also linked to the very technology taking over tasks in clinical documentation such as ...
	Living With an Inscrutable AI

	Design research has largely conceptualized explainability as a technical property like how algorithms describe or visualize their decision-making (Calota et al., 2024), or as a matter of user education through onsite training and awareness programs (L...
	When confronted with ASR’s opacity and unpredictability, clinicians engaged in re-presenting the system through narrative and metaphor. They attributed moods or intentions to ASR (“it senses you’re tired,” “it doesn’t bother to correct today”) to make...
	We argue that these coping strategies are not trivial or merely expressive. Clinicians’ humor, storytelling, and anthropomorphic framing constitute organizational resources for sustaining work under conditions of algorithmic opacity. They collectively...
	Concluding Remarks

	This study has shown that the introduction of ASR in clinical documentation reconfigures, rather than reduces, the human labor that sustains digital infrastructures. What was officially presented as a mature, self-learning AI system instead relied on ...
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	Abstract

	Automatic Speech Recognition (ASR) is increasingly used in healthcare to reduce documentation workloads by transcribing spoken words into Electronic Health Records (EHRs). However, these systems, based on machine learning, require ongoing data annotat...
	Introduction

	Amid increasing efforts to alleviate workloads and streamline documentation processes in healthcare, Automatic Speech Recognition (ASR) has become a prominent tool in hospitals (Adedeji et al., 2024). ASR technology transcribes spoken words into writt...
	Background

	ASR is increasingly being implemented in hospitals worldwide, promising faster and more seamless documentation (Adedeji et al., 2024). ASR systems rely on ML techniques to convert spoken language into text by predicting sequences of words based on pri...
	Hard-to-Explain Technical Issues

	ML systems often receive extensive attention during the initial phases of development, particularly in addressing bugs and glitches. However, once these systems are deployed in real-world environments, this level of scrutiny diminishes significantly, ...
	Method And Case

	HCPs verbally dictate notes, which the ASR transcribes into text in real time using probabilistic calculations. HCPs then correct any mistranslations by labeling the errors, training the ASR system to improve future recognition. The labeled data is fo...
	This study employs a mixed-methods approach to analyze HCPs utilizing ASR. Confidence intervals were used to provide a range of values (Lott & Reiter, 2020) to illustrate recognition rates. These rates measure mistranslated words or sentences when an ...
	Equation 1: Confidence interval for proportion p where n = the number of words, r = the number of recognition errors, and z corresponds to the confidence level.
	Samples were observed during ethnographic fieldwork that was conducted in 2022 for three months. Three HCPs using ASR were shadowed in outpatient clinics and wards at a Danish regional hospital. The study included patient consultations, while in situ ...
	Analysis

	To improve recognition, HCPs train the ASR system by labeling mistranslated words during EHR documentation which serves as training data. HCPs often expressed uncertainty about the volume of labeling necessary to enhance recognition rates in the ASR s...
	In contrast, medical secretaries and IT professionals had access to visualizations and metrics regarding HCP usage of ASR; however, these calculations were often overlooked. The metrics primarily illustrated unclear parameters of individual HCPs’ ASR ...
	Ignoring Glitches

	During the observations of HCPs, several incidents occurred in which HCPs attempted to utilize ASR while encountering technical issues that caused the system to freeze upon activation. The nature of these glitches was unclear to the HCPs, leading them...
	Lower Limit:
	Upper Limit:
	Medical secretaries play a crucial role in the validation and management of data in the ASR system. Their responsibilities include validating the training data labeled by HCPs to ensure its accuracy, and then relaying this validated data to suppliers ...
	Interruptions

	HCPs lacked access to trace their labelling which led to uncertainty around recognition rates. Table 1 shows the individual recognition rates of three HCPs who had trained the ASR system for over five years, highlighting the precision of the system in...
	Table 1. Confidence Interval
	The interruptions caused by ASR usage impact HCPs’ workflow, while required to manage a high volume of patients during limited time. It is challenging for them to identify the amount of time using ASR and time spent to correct mistranslated words and ...
	Table 2. Corrections of mistranslated words
	Additionally, the official recognition rates calculated for Peter by the ASR system were inaccessible for over a year due to a glitch. He was not aware due to the missing accessibility. Secretaries and IT professionals do not overlook or do samples wh...
	Further, the developer-reported metrics for ASR recognition rates for the department observed was cited as over 95%. This rate can be misleading because they included data from users who do not actively use the system or make minimal corrections altho...
	Discussion

	To improve recognition rates, HCPs train the ML system by annotating mistranslated words during EHR documentation. This continuous annotating process effectively turns HCPs into human annotators extending their responsibilities beyond traditional clin...
	In the current empirical study, a technical issue prevented medical secretaries from accessing a critical tool for validating annotated data. This tool was essential for forwarding the data annotated by HCPs to system suppliers, and its absence disrup...
	Mitigate Faux Data Work

	To effectively address the issue of faux data work, two key strategies are proposed.
	First, it is essential to provide HCPs with transparent and actionable system metrics. Currently, HCPs often lack access to critical feedback mechanisms, such as recognition accuracy and the impact of their annotation efforts, which are necessary for ...
	Second, enhancing collaboration between HCPs and IT professionals through structured sites of collaboration is suggested. The current reliance on phone calls for troubleshooting technical issues can result in miscommunication or delays in issue resolu...
	Conclusion

	Despite the critical role HCPs play in interacting with ASR, there remains limited knowledge about how they detect and address technical issues within these systems. If HCPs do not fully comprehend the data processing and system outputs, they risk ina...
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	Abstract

	This paper examines the everyday maintenance and breakdown of a longstanding Automatic Speech Recognition (ASR) system in a Danish public hospital. Drawing on ethnographic fieldwork, it explores how clinical AI systems are sustained not through seamle...
	Introduction

	You and your little project are fine, but we already know there is trouble, and we have ordered a new system. So, in the coming years, we will use a new system that does not involve the challenges you pointed out.
	(IT Service Manager at a Danish hospital)
	This quote addresses issues considering an Automatic Speech Recognition (ASR) system used at a public hospital. It captures a common tension in contemporary healthcare settings, where local efforts to improve or critique technological systems are ofte...
	In public healthcare, implementation of machine learning systems is frequently shaped by governmental and top-down directives (Kim et al., 2023; Sholler, 2020). While these decisions rarely hinge on technical readiness (Gillner, 2024; Wang et al., 202...
	The IT Service Manager’s response above reflects how decisions around AI implementation often prioritize strategic alignment and institutional planning over evaluations on-the-ground—a similar gap observed in design research on human-AI collaboration ...
	Expectations here are not passive beliefs, but active forces shaping general technological desirability and concrete implementation priorities (Suchman, 2012). As Borup et al. (2006) argue, discourse around technological innovation can project confide...
	While existing research on AI infrastructures often focuses on earlier stages such as design, development, and deployment (Dhanorkar et al., 2021; Fazelpour & De-Arteaga, 2022) it pays less attention to downstream challenges involved in producing usab...
	Just as physical infrastructures (such as roads or power grids) often become visible only through their failures (Velkova, 2019), the degradation of systems often becomes apparent only when breakdowns or mismatches emerge (Star & Bowker, 2006). Yet as...
	The above underscores the need to expand empirical understanding of AI lifecycles in healthcare—not only at the point of implementation, but also across phases of sustained use and eventual obsolescence. As Attard-Frost and Widder (2025) argue, AI lif...
	This paper contributes to the expanding body of literature on digital infrastructures in healthcare by examining the sociotechnical dynamics of an ASR system used in clinical documentation; a core aspect of healthcare delivery (Berg, 2004). The analys...
	ASR in Clinical Documentation - The Danish Context

	In the Danish healthcare system, clinicians have traditionally relied on dictation devices to record patient information, which medical secretaries would later transcribe into electronic health records (EHRs). This process often led to significant del...
	In Danish hospitals, ASR systems for clinical documentation often rely on more traditional and rule-based form of AI designed to follow expert-defined heuristics (Pascual et al., 2024). These systems estimate the most probable word sequences using pro...
	In Danish hospitals, the need for domain-specific data poses particular difficulties due to the limited availability of such large, annotated speech datasets in Danish (Vase & Berget, 2023). As a relatively underrepresented language in global AI devel...
	Infrastructures as Matters of Expectation and Decay

	Scholars in Computer-Supported Cooperative Work (CSCW) have long studied infrastructure, breakdown, and the often-invisible work of repair that keeps systems running (Soden et al., 2021). This foundational focus has shaped current research into the ev...
	Without institutional support for maintenance and repair work, systems are unable to adapt to shifting contexts or user needs. This brings infrastructure into focus not just as a technical concern, but as a site of organizational strategy and responsi...
	These narratives align with supply chain ontologies that privilege linear, one-way production logics and reinforce centralized control, obscuring the situated aspects of infrastructural value over time. Within this logic, the postponement of repair is...
	Against this backdrop, CSCW research has drawn attention to the work of HCPs on-the-ground, who are often deeply involved in sustaining AI systems. As Harper and Randall (2024) emphasize, machine learning systems function through “two sides of the sam...
	While tangled in maintaining AI technology, the burden of such data work—the human labor involved in generating, curating, managing, interpreting, and communicating data (Bossen et al. 2019 p. 466) —often falls on HCPs, who must adapt to or work aroun...
	Attention must therefore be paid to the everyday tasks and routines required to sustain systems, with a focus on the efforts that shape contingency and influence the trajectory of technological development. Cohn (2016) notably describes how systems so...
	Bridging Discourses of Innovation and Maintenance

	In this paper, I situate repair as both a material and anticipatory practice—one that not only restores systems but also reconfigures the expectations that sustain them. Following Jackson’s (2014) notion that “the fulcrum of these two worlds is repair...
	This framing links closely with scholarship on technological expectations—the imagined futures that shape how technologies are designed, deployed, and experienced. Repair practices are not isolated from these imaginaries; rather, they are deeply entan...
	Innovation is inherently future-oriented: technologies emerge not just through material development but through imagined scenarios of capability and impact (Borup et al., 2006). These expectations become embedded in technological roles, user scripts, ...
	While there is substantial research on either the socio-technical practices of maintenance and repair or the discursive dynamics of technological hype, promise, and visions, there has been less attention to the dynamic interplay between these domains....
	Recent work in the sociology of expectations (SoE) has begun to address this gap, offering conceptual tools to analyze how expectations are recalibrated, lowered, or deferred in innovation contexts (Lipp, 2024; Pickersgill, 2019; Watson & Wozniak-O’Co...
	This lack of integrated analysis points to an opportunity within CSCW to bridge work on repair with work on expectations, through closer attention to how futures are operationalized within organizations and embedded in everyday workflows. I extend thi...
	Drawing on Suchman’s (2012) theorization of configuration, I argue that expectations should not be viewed as abstract projections imposed from above, but rather as situated, materialized, and reconfigurable figures—emerging through the practices of th...
	Methods

	In this article, I report findings from ethnographic fieldwork (2020–2022) at a regional public hospital in Denmark, where an ASR system (SpeechMagic 8, developed by Microsoft, formerly Nuance) had been integrated into clinical documentation for over ...
	Consistent with critiques of indirect methods and recall distortions (Bernard et al., 1986), my approach prioritized real-time documentation of ASR use to preserve ecological validity. I conducted ~300 observations of clinical examinations and EHR doc...
	Data Analysis

	Given the long-term use of ASR in the department, its infrastructural embeddedness in clinical routines, staff training, and clinical documentation workflows provided a critical backdrop for my inquiry. My analytical process followed an abductive appr...
	First, thematic coding of interviews, observations, and fieldnotes highlighted everyday experiences with ASR, particularly maintenance and repair. Concepts such as articulation work (Schmidt & Bannon, 1992; Strauss, 1988) and data work (Bossen et al.,...
	Analysis

	This section unfolds in two parts. I begin with the AI lifecycle, mapping the key actors and the distribution of responsibilities in maintaining this traditional AI. I then trace how clinical documentation was entangled in everyday practice and the wa...
	Figure 1 – The ASR lifecycle mapping actors involved after system implementation, as well as their respective responsibilities in maintaining the clinical language model and other technical components.
	HCPs conduct clinical documentation and data labelling

	During and after consultations, HCPs used desktop microphones with ASR to dictate EHR notes (e.g., diagnostic observations, treatment plans). The system transcribed speech in real time and displayed text on-screen for immediate correction. After dicta...
	Medical secretaries operate at an intermediary layer

	After HCPs corrected transcription errors, secretaries validated these changes, assessing their accuracy and deciding whether to include them in the system’s training data. This process ensured data quality by preventing false positives and preserving...
	IT project managers ensure technical compatibility and adjustments

	Although not involved in dictation, IT project managers maintained and provisioned essential hardware (such as microphones, headsets, and computers on wheels) and managed software compatibility between ASR tools, EHR updates, and local IT systems (Bru...
	Management coordinates conditions that allow ASR to remain integrated

	Institutional management played a critical role in maintaining and governing the ASR system within policy frameworks shaped by national and regional digital health strategies (Udvalget for Sundheds-it, 2013b). As ASR was a national digitalization prio...
	External vendors and developers update model

	External vendors and developers refined the ASR system’s clinical language models through a dual-layered adaptive architecture that supported both individual learning and collective optimization. At the individual level, the system adapted to HCP usag...
	The ASR Lifecycle as a Site of Maintenance

	This section explores the technical and organizational dynamics of ASR maintenance across its lifecycle. Beginning with managerial expectations, the analysis follows the flow from upstream data production and validation to downstream performance optim...
	Expected Efficiency by Real-Time Clinical Documentation

	Real-time clinical documentation was underlined by organizational management as “the overall goal” of ASR based on cost–benefit analyses (Region Syddanmark, 2015). These assessments weighed potential efficiency gains in real-time clinical documentatio...
	By time of implementation, management assumed speech recognition was already a fully developed and mature technology. To back up this assumption, they referenced Gartner’s Hype Cycle for 2014, a commercial market analysis tool mapping technologies alo...
	This perception shaped the rollout strategy, which combined formal mandates with departmental oversight. HCPs over 40 were required to use ASR, expected to achieve over 95% accuracy, aligning with productivity targets and institutionalizing ASR as a m...
	We’ve seen some users achieve really high accuracy 95% or even 98% but only when they follow the proper training protocol. The system needs consistent input to learn, but people can be inconsistent, […] no one followed up on it. So when users stopped ...
	In this framing, difficulties were attributed to “organizational,” “behavioral,” or training-related issues, rather than seen as fundamental flaws in the technology itself.
	Embedded Maintenance in Clinical Documentation

	The empirical material showed that HCPs’ work with ASR was not simply a matter of using a tool for documentation or feeding data into a model. Instead, it reflected an ongoing, situated practice in which human and machine were continuously configured ...
	Correcting ASR transcripts exemplified maintenance, as a single user–system interaction simultaneously served two functions. While producing legally valid EHR notes, HCPs’ keystrokes also generated labeled data for ASR training. These actions occurred...
	Happy that the notes are written immediately. Collaboration both internally and between departments is made much easier. However, it is agreed that the notes require a great deal of work before they are of the same quality as those that the secretarie...
	HCPs invested time in proofreading and correcting ASR outputs, embedding maintenance within their clinical routines. When ASR failed due to access issues or technical breakdowns, many deferred full documentation by jotting “cue words” on paper or even...
	They are rough and unimportant notes. You cannot understand them, so they cannot be used in the future at all. It is horribly embarrassing. They are completely miserable, those notes. (Interview, HCP)
	Proofreading also became cognitively demanding, especially during shifts, as users struggled to detect subtle errors in real time:
	Even those who are most skilled at using the system say that they are best at proofreading when the shift is over. You simply don't see the deviations when the spoken word is completely present. It's completely wrong words, wrong endings and things li...
	Such accounts revealed how immediate correction often failed to catch critical errors, weakening both the medical record and the training data returned to ASR. Breakdowns intensified this burden, showing how maintenance work was distributed, informal,...
	Fragility of lifecycle

	With the introduction of ASR, medical secretaries' formal tasks shifted from transcription to validating system-generated outputs. They did not use ASR for their own documentation but took on new data work situated between HCP corrections and language...
	Image 1 – List of unknown words
	To assess these entries, secretaries relied on tacit clinical and grammatical knowledge:
	Then the word is capitalized, and then it is lowercase, and both words are actually misspelled, so I get rid of them […] it all comes into the dictionary when they correct the system. It takes up much time. (Observation, Secretary)
	Unlike transcription, which was embedded in rich clinical narratives, validation offered limited context, making judgments more difficult. Nevertheless, it served as a critical link between documentation practices and machine learning refinement. This...
	Secretaries connected the human-facing production of clinical records with the machine-facing governance of ASR models. Yet this position proved vulnerable. During fieldwork, secretaries lost access to the validation interface for over a year:
	I think they started the new [ASR] system because I cannot enter the place where the words need to be accepted. I have not been able to access it for several months. (Interview, Medical Secretary)
	During this period, HCPs continued correcting ASR outputs under the assumption that their input improved system accuracy. In reality, those corrections never reached the model, and misrecognitions persisted. This resulted in misplaced labor, an exampl...
	Responsibility for maintenance remained with secretaries despite their inability to act. HCPs unknowingly invested time in labeling with no system effect, while secretaries, already burdened with other tasks, accepted the gap as a necessary compromise...
	Even when access was restored, the interface lacked features such as correction flags or comment fields. Secretaries depended on guesswork, institutional knowledge, and informal clarifications with HCPs. This sustained the validation process but left ...
	From clerical reduction to centralized governance

	Before ASR, medical secretaries spent around 36% of their time on transcription tasks (Region Syddanmark, 2015). ASR was partly introduced to reduce this burden:
	A not insignificant ‘side benefit’ of speech recognition is that medical secretaries are freed up time when they do not have to write journal notes, so that they can perform other administrative tasks. There are still many - and perhaps more exciting ...
	However, despite this shift, secretaries remained central to ASR governance. While they no longer performed transcription, they became responsible for validating model inputs— essential for maintaining recognition accuracy. Although ASR aimed to place...
	By the time of fieldwork, the ASR system had been in use for over a decade and was considered due for an upgrade to a “better motor.” A new version with improved recognition and noise-filtering was planned (Interview, IT project manager). Yet the upgr...
	Although HCPs and secretaries often mentioned that a new system was “on its way,” none had access to clear information about the transition. Uncertainty led to speculation and workarounds, while infrastructure continued to deteriorate. One IT project ...
	Profiles setup and calibration

	Although ongoing labeling was essential, ASR calibration and training were formally treated as a one-time onboarding step to establish a baseline voice profile:
	All HCPs must be trained before starting with ASR. It is recommended to set aside approximately 1.5 hours per HCP for the first training. The training is individual, as the building of the personal voice profile begins with reading a text aloud. After...
	This process framed calibration as complete after setup, yet its effects extended well beyond. Users were required to choose a “male” or “female” voice model, introducing assumptions about pitch and pronunciation. As one developer explained, attempts ...
	Some pronunciations are different, presumably due to the pitch. We have tried to let a woman speak on a man's profile, and it goes poorly - very poorly. So, there is something in the very initial model that users start from. It must be a male or femal...
	In the observed department, no female HCPs continued using ASR, despite its mandated role and low recognition appeared to become part of the conditions of use. The expectation is that “continuous learning” will eventually adapt to individual users is ...
	For HCPs with a native language other than Nordic, there is no doubt that a lot of time is wasted. The HCP initially spends a lot of time dictating and repeating sentences. After that, they are often corrected several times, both by the HCP and by col...
	In such cases, the system places a higher burden on users to bring their profile into alignment while exclusions related to gender and accent appear to be accommodated through informal acceptance of system failure in certain contexts: “Sometimes it is...
	The [ASR] improvements are not made by just dictating notes, but the improvement is also made by being very careful to correct incorrectly recognized words. This is how the system learns how to translate the user's sounds into words. If this task is g...
	Upstream Informal ASR Maintenance

	Alongside the technical implementation of ASR, non-formal workflows were essential to maintaining its effectiveness. While initial training established intended use, long-term alignment depended on informal adaptations by HCPs and secretaries. These e...
	The secretaries in our department still help us with such things. In addition, they help with sending notes to collaborators, correcting diagnoses, adding service records, creating and closing courses and many other tasks. The secretaries still play a...
	To bridge communication gaps introduced by ASR, secretaries relied on informal methods—calling HCPs, sending unread emails, or using handwritten codes on printed EHRs, especially when ASR was unavailable (see Image 2).
	Image 2 - HCP conducts documentation work in the EHR using ASR while jotting down handwritten notes and codes to give to medical secretaries after the shift has ended.
	The introduction of ASR increased coordination demands, as one secretary explained:
	With ASR, the medical secretary simply needs to be even more skilled at coordinating. This places great demands on close and respectful cooperation with the HCPs to ensure that no errors occur in the follow-up of the patient's further course. (Intervi...
	Secretaries also played a key but often invisible role in maintaining system performance. They trained HCPs, corrected “bad habits,” and refined workflows, responsibilities that extended well beyond traditional clerical duties: “Our responsibilities n...
	Informal repair work

	When ASR malfunctioned or behaved unpredictably, HCPs were often unsure how to respond. With no formal training beyond initial onboarding, many felt left to manage issues on their own. In the absence of structured refreshers, troubleshooting became in...
	These actions reflected a mix of repair attempts and temporary workarounds. Since solutions were not shared, improvements remained limited to individual users.
	Formal error reporting also declined. Although HCPs were instructed to report problems, technical issues that once took days to resolve were left unattended for months. One table marked as broken remained idle and was eventually used for paperwork (se...
	Image 3 – Failure to address reported hardware errors
	The lack of transparency in system behavior reinforced these patterns. Without feedback on why errors occurred, HCPs developed personal explanations. Some believed ASR worked better during the day or failed more often on weekends. These narratives sha...
	Discussion

	When implementing the system, institutional expectations surrounding the maturity and reliability of ASR technologies shaped both how resources were allocated and how accountability was distributed. This not only influenced infrastructural priorities ...
	The system demanded constant, situated effort simply to function by way of clinicians’ corrections, medical secretaries’ validation routines, and IT staff’s oversight of hardware were not ancillary. Yet this labor remained largely unacknowledged. Prom...
	Managerial attention remained narrowly focused on quantitative metrics while overlooking the redistributive effects of ASR on workplace roles and responsibilities causing fragility as systems are not just technical choices, but deeply institutional on...
	Planned Obsolescence Forming Human–AI Collaboration

	In the ASR system studied, medical secretaries played a vital role in “closing the loop” between clinician corrections and model retraining. However, when the validation interface silently failed, this entire feedback mechanism collapsed. Clinicians c...
	Rather than viewing ASR as a bounded tool, the system is better conceptualized as a configurational site—one where its future is negotiated through frontline adaptations, managerial framing, and vendor-driven futures. The imagined “new motor” for ASR,...
	This dynamic reveals that infrastructural endurance is not just about surviving breakdowns, but about how decay is governed. The promise of imminent upgrade served to justify tolerance of existing dysfunctions and reinforced unequal labor arrangements...
	While scholars have documented similar dynamics in physical infrastructure (Velkova, 2019) software-based systems, especially those involving AI, render these phenomena less perceptible. In clinical settings, data lifecycles are largely invisible to u...
	Conclusion

	This study has shown how sustaining AI systems like ASR in healthcare is less about technological maturity and more about the social and organizational labor that keeps them functioning over time. While the ASR system was introduced to improve clinica...
	Rather than prompting system-level change, breakdowns were absorbed into everyday routines, justified by expectations of future system replacement. These imagined upgrades stabilized a present that was increasingly misaligned with clinical needs. User...
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	Abstract

	Automatic speech recognition (ASR) has become a familiar input component for voice user faces, such as texting, preparing structured documents, searching, and voice commands. Inclusive ASR is a premise for a sustainable HCI that supports all types of ...
	Introduction

	Language is an essential part of our everyday lives and identity. According to The Universal Declaration of Human Rights (2015), all people have the right to their own language. Further, European governments must provide equal possibilities for citize...
	One commonly applied input method is text-based. In specific contexts, however, it is more purposeful to apply alternative input methods, such as automatic speech recognition (ASR), a key component in VUIs. Virtual assistants, smart speakers, and smar...
	The ability to input textual content can be affected by permanent or temporarily impaired skills or environmental factors. For instance, due to strict hygiene rules, a surgeon performing an operation cannot conduct search queries or acquire patient in...
	While ASR is commonly applied worldwide, there are still huge differences between majority languages on one side and small and minority languages on the other regarding the quality and robustness of the technology. For example, for languages like Dani...
	Another challenge in the Nordic countries is the presence of several language forms and dialects. Currently, there are approximately 200 different languages spoken within Nordic countries (Nordic Council of Ministers, 2007), comprising national and mi...
	RQ1: What is the state of ASR in terms of usability for smaller and minority languages?
	RQ2: How is automatic speech recognition discussed regarding future development and inclusion?
	This study was exploratory in its nature and adopted an empirical research approach to answer the questions of interest. The paper is structured as follows: the background addresses topics such as language, ASR in a Nordic context, user diversity and ...
	Background
	Language Diversity


	Natural language is an interpersonal communication system (Christensen & Christensen, 2014). Natural language can be regarded as a historically progressed language used to communicate utilizing signs or speech through repetition without conscious plan...
	Language is not a homogeneous unit. In Norway and Denmark, there are approximately 10 million speakers. A language such as Danish could be considered a minority language compared to major languages such as Chinese, Spanish, or English. Danish is an of...
	The Nordic Language Declaration (2006) aims to ensure consistency in the work of the Nordic Council of Ministers regarding democratic language policies and the linguistic rights of Nordic residents. One of the five primary efforts made to ensure langu...
	Minority languages are protected by national law and the European Charter for Regional and Minority Languages (1998) due to their great importance to the Nordic region. This protection benefits a linguistically diverse society that provides better con...
	Developing robust ASR for smaller languages and minority languages is regarded as essential to ensure language diversity and sustainable protection of a linguistically diverse society (De Smedt et al., 2012). Digital transformation and language are cl...
	ASR in the Nordic Regions

	Citizens in the Nordic region use ASR in everyday life and work-related situations within a broad range of contexts. In short, ASR recognizes people's natural language and translates it into text or a command. The technology can support text-related p...
	This paper takes part of departure in linear algorithms not supported by deep learning, which is the fundamental use by public organizations in the Nordic region. ASR is built upon a statistical language model and processes and interprets speech recor...
	ASR receives data from a specific environment, processes this data, and delivers a result back to the environment. In other words, ASR represents an input–process–output structure (Curry et al., 2005) based on three databases: an overall language mode...
	For many years there has been a high-level desire for developers to make ASR adapt to individual voices (Rosen & Yampolsky, 2000). However, it has proven to be a more significant challenge as languages and voices constantly evolve (Ogundokun et al., 2...
	The technological maturation of ASR has become more robust for majority languages than smaller languages. The English language model has to a certain degree become independent from users due to deep learning (Singh et al., 2018; Xiong et al., 2018) an...
	ASR and User Diversity

	Speech recognition is often associated with assistive technology, among others, because ASR can replace the use of mouse, and keyboard. ASR can also compensate for lacking or reduced writing skills and is therefore reported to be the most commonly app...
	For some users, ASR may be a purposeful aid, but due to personal characteristics such as speech impediments it might be difficult to interact with the ASR. For example, for people with Parkinson, keyboard skills are often affected (Adams, 2017), and m...
	Assistive technology may be regarded as an add-on between the user and the system (Wobbrock et al., 2011) and is ”a powerful enabler of participation” (Desmond et al., 2018). Consequently, assistive technologies like speech recognition show great pote...
	Wobbrock and collogues (2011) argue that a shift is needed from focusing on disabilities to addressing people's general abilities: ”In making the shift to ability based design, we move away from assisting human users to conform to inflexible computer ...
	Further development of the ability-based approach is the concept of situated abilities. This concept is related to the acknowledgment that human abilities are situated on a continuum, and they may be affected by many different factors. The concept of ...
	Method

	Researchers have previously investigated the use of ASR in public organizations in a Nordic context. An exploratory approach to usability has been applied, among others by addressing employees' attitudes towards the technology (Alapetite et al., 2009)...
	Empirical Material

	There is a limited amount of peer-reviewed literature on governmental actions and strategies regarding ASR in the Nordic regions (Frostad et al., 2019; Pedersen, B. S, et al., 2012). The methods used in this study were therefore closely aligned with a...
	We conducted a qualitative content analysis (Alvesson & Sköldberg, 2017) of public policy papers comprising the technological development of ASR in Denmark and Norway in the period 2018-2022 (Agency for Digitalization, 2020; Government, 2017; Kommunal...
	The content analysis was carried out to shed light on how ASR is discussed regarding future development and inclusion. Further, suppliers’ suggestions found through white papers and press releases were analyzed as public institutions within the Nordic...
	Interviews

	In the second part of our research, we conducted an additional data collection through nine semi-structured interviews. Interviewing as a method is ubiquitous and significantly discussed within HCI (Abdul et al., 2018) and has become a common approach...
	The interviews were conducted during 2021 and 2022, when Denmark and Norway had restrictions due to the COVID-19 pandemic. Consequently, four interviews took place online and the rest face-to-face. All interviews lasted between 40 minutes and two hour...
	A coding scheme was developed and divided into 20 text sections contemplating ASR in public use and the science and technology expectations of the technology’s development. From here, these sections were divided into further themes regarding future ex...
	Perspectives on Inclusive ASR
	Barriers Towards Inclusive ASR from a User Perspective


	Two main barriers to inclusive ASR were identified throughout the analysis: i) linguistic diversity, and ii) speech or pronunciation. The first barrier represents humans who speak a dialect, a minority language, or a divergent accent. Barriers related...
	An example of excluded users are students with severe dyslexia who cannot use ASR due to certain dialects. This lack of usability represented a significant barrier during education, a context where ASR could have reduced the workload and cognitive eff...
	Potential users who speak Sami (a minority language in the Nordic Region) can use ASR applied in Norwegian municipalities. However, the technology used in many Norwegian municipalities only supports Sami letters and not speech (Kommunal- og distriktsd...
	ASR is not always applicable for those who speak with an accent, being non-native speakers. To accommodate such users, ASR must be more robust to translate all words correctly. Presently, workflows regarding EHRs need secretaries to translate doctors’...
	Another example where ASR could be valuable is humans with conditions affecting their speech, particularly the pronunciation of words. Speech impediments occur in all types of languages. However, due to more robust and better-developed technology, ASR...
	There is an increase of people with speech impairments (Dua et al., 2014) and a higher demand for digital tools to facilitate and ease communication for such users (Balaji & Sadashivappa, 2015). The demand for such technologies is increasingly influen...
	Digital Transformation Requires New Competencies for ASR

	According to Danish and Norwegian digital strategies, Nordic countries are undergoing a digital transformation that is in constant motion and must be prepared for significant change (Government, 2017; Ministry of Local Government & and Modernisation, ...
	A significant area of interest in Nordic policy documents is the expected increased use of AI that supports the use of ASR in the public sector (Kommunal- og moderniseringsdepartementet, 2020; Ministry of Local Government & and Modernisation, 2019). I...
	Digitalization and data in general are referred to as ”two sides of the same coin” (The Danish Health Data Authority, 2018). Data is repeatedly seen as the link between ASR and the development of AI. As part of the Danish National Strategy for Artific...
	To improve the performance of ASR and enable a shift to real deep learning and reach a goal of artificial intelligence, a very dense data resource is needed. This counts for all the Nordic countries. So, for Denmark and Norway to get a better system, ...
	Concerning language resources, data density is essential to conduct a sustainable and diverse ASR where citizens are expected ”to take part in increasingly advanced services in their language” (Kommunal- og moderniseringsdepartementet, 2020). In this ...
	It is mainly the legal and assets that are the challenge. [...] Previously, we collaborated with other suppliers to create a language resource. However, it is a bit difficult if they do not have the assets to run the project. So, we sit on the edge an...
	How Denmark and Norway collect language data to form open-source language models is not clear from public policy papers.
	Challenges Concerning Data

	To a certain extent, ASR built on the English natural language has become independent of users due to the application of multiple deep learning algorithms (Xiong et al., 2018). The technological maturation of ASR has also become more robust for small ...
	There is a lack of international interest to develop ASR for Nordic countries (Fournier, 2018; Pedersen, et al., 2012) and public organizations realize such an absence of awareness. During one of the interviews, an IT project manager at a regional hos...
	The development of algorithms that can support deep learning requires public language resources and must be openly available. These language resources will build on the already available phonetic or written data. It is unclear where these data can be ...
	It would be great to have a large common language resource that we could all use. Because then we could also start to support lawyers, and then we could also develop our area and go for new markets […] It’s probably not going to happen […] we’re very ...
	The public language resources intended to support the possible development of ASR are seemingly dependent on data from private providers. It is challenging for private providers to share this data due to financial reasons as ”suppliers stop and evalua...
	Potential for Usability

	Despite the challenges associated with ASR, there is great awareness of the potential of this technology in institutions and environments where technology can provide alternative inputs to graphical and text-based interfaces. National strategies in De...
	Incomplete datasets represent a challenge for the use of AI and the future expectation for increased use of ASR. The Norwegian Ministry of Local Government and Modernization (Ministry of Local Government & and Modernisation, 2019) states that ”Demogra...
	We have not encountered any government announcements on how usability should be involved in developing ASR or national language resources. However, the attention to a diverse development of language resources helps to create a sustainable development ...
	Norwegian Considerations Regarding Future ASR

	Norway is a country that contains far more minority languages than Denmark. The national digital strategies reflect a particular focus on the languages Norwegian and Sami, in addition to Bokmål and Nynorsk, two language variants of Norwegian. Ministry...
	A unification of languages in Norway should improve the correlation between the state and the citizens. There is a language challenge because ”many residents constantly experience receiving incomprehensible information from the public sector. We who w...
	Danish Considerations Regarding Future ASR

	A part of the Danish National Strategy for AI is The Government’s Vision which expects Denmark to be a front-runner in the responsible development and use of AI, which ”will change the way we work. It will place new demands, but it will also provide o...
	One of five major initiatives in the Danish National Strategy of AI is a Danish language resource that ”will be established to support and accelerate the development of languagetechnology solutions in Danish” (2019). The language resource will be free...
	Due to scarce governmental initiatives for language technology such as ASR and to this extend the development of AI (Kirchmeier et al., 2020) Danish has been ranked as one of the lowest in language technology development of languages in Europe (Peders...
	Two years ago we launched the sprogteknologi.dk platform, which is a data distribution platform where we exhibit or where we have metadata about a whole lot of language data, so we sort of tried to map what usable data there is because the biggest cha...
	Data is often collected for purposes other than the public language resource, so the Danish Agency for Digitization cannot legally use these. Therefore, the Agency must construct a speech resource and follow a written corpus that encounters many work ...
	Discussion

	In this paper, we wanted to determine how ASR is discussed regarding the future development of the technology while applying an inclusive perspective. Speech is the most natural form of communication for humans. Machines are anything but natural, so i...
	In terms of usability, the majority languages are accommodated relatively well in the development of ASR, but the development is behind in the Nordic countries (Frostad et al., 2019). Due to the lack of an official spoken language, Norwegian dialects ...
	Prior studies have noted a lack of research considering ASR and the importance of how the technology meets and represents smaller languages (Frostad et al., 2019). Further, reports call for research within HCI to continuously shed light on the area of...
	Very little was found in the literature on the question of ASR being inclusive which is surprising, as the technology increasingly becomes more commonplace in the Nordic countries and thus gradually touches upon various users in need of assistive tech...
	Private providers and associated developers point out that they do not intend to emphasize minor languages. Their raison d'etre is to be able to offer ASR to a profitable user group. Minor languages are thus not developed through the language models o...
	Private suppliers do not show cooperation considering giving up their developed dictionaries and the following language models, which is why a versatile and inclusive development of future ASR lies in the hands of public institutions. Consequently, AS...
	This study indicates that minor and smaller languages are facing a major shift in ASR, where the public will, in the future, see it as necessary to develop ASR that is adapted to everyone to not exclude particular users. This finding is consistent wit...
	In the context of ASR, it seems like the business model where the suppliers rely on profitability when developing ASR can result in the exclusion of small languages or more narrow target groups. This lack of inclusion is not in line with the Nordic va...
	Regarding majority languages, speech technology shows weaknesses in meeting people’s needs who do not represent the general user (Sutton et al., 2019), e.g., dialects, speech challenges, and temporary impact on one’s voice. These technological challen...
	ASR is purposeful in different work contexts because it can be less time-consuming and improve ergonomic conditions. ASR can reduce workload with writing challenges and become an effective assistive technology. The robustness of ASR in majority langua...
	People who differ from the average users in terms of gender, accents, or dialects are less presented in the data, which may result in lower or no recognition rates (Koenecke et al., 2020). There is a need to broaden the user groups included in the dev...
	ASR that is not accessible for small or minority languages can result in language endangerment and language loss. The lack of technological robustness can result in people giving up their dialect to get access to such technology. ASR has a usability p...
	Localizing software is a significant effort to motivate speakers of nondominant languages to apply their native language and consequently help preserve these languages (Laxström et al., 2017). ASR has often been addressed in the context of assistive t...
	Conclusion

	This study set out to research ASR in terms of usability for smaller and minority languages. The technology is commonly applied in the Nordic region and brings forward expectations for its possibilities regarding assistance and future use of AI. This ...
	From an international perspective, small and minority languages are neglected in ASR development. Consequently, these languages risk exclusion from the digital development of language technology. According to several human rights conventions, it is up...
	Suppose the stagnant situation regarding the missing inclusion of minority languages and dialects persists. In that case, the Nordic region risks a possible override of the responsibility to support the population's right to their own language. The re...
	This paper was limited to Norwegian and Danish use of ASR. This study offers some insight into how Nordic values engage in political deliberations of technology. Moreover, there is a lack of clarity in contemplating how these values will be included i...
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