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A B S T R A C T

Aims: Appropriate analysis of big data is fundamental to precision medicine. While statis-

tical analyses often uncover numerous associations, associations themselves do not con-

vey predictive value. Confusion between association and prediction harms clinicians,

scientists, and ultimately, the patients. We analyzed published papers in the field of dia-

betes that refer to ‘‘prediction” in their titles. We assessed whether these articles report

metrics relevant to prediction.

Methods: A systematic search was undertaken using NCBI PubMed. Articles with the terms

‘‘diabetes” and ‘‘prediction” were selected. All abstracts of original research articles, within

the field of diabetes epidemiology, were searched for metrics pertaining to predictive statis-

tics. Simulated data was generated to visually convey the differences between association

and prediction.

Results: The search-term yielded 2,182 results. After discarding non-relevant articles, 1,910

abstracts were evaluated. Of these, 39% (n = 745) reported metrics of predictive statistics,

while 61% (n = 1,165) did not. The top reported metrics of prediction were ROC AUC, sensi-

tivity and specificity. Using the simulated data, we demonstrated that biomarkers with

large effect sizes and low P values can still offer poor discriminative utility.

Conclusions: We demonstrate a landscape of confused reporting within the field of diabetes

epidemiology where the term ‘‘prediction” is often incorrectly used to refer to association

statistics. We propose guidelines for future reporting, and two major routes forward in

terms of main analytic procedures and research goals: the explanatory route, which con-

tributes to precision medicine, and the prediction route which contributes to personalized

medicine.
� 2020 The Author(s). Published by Elsevier B.V. This is an open access articleunder theCCBY-

NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Translational biomedical research requires the ability to

translate findings from exploratory studies of associations

between biomarkers to causal models, or models that are able

to predict future disease occurrence, disease comorbidities, or

individual responses to therapies in the clinic. In biomedical

research, the terms precision medicine and personalized medicine

have unclear definitions. While they are often used inter-

changeably [1], in 2011 the U.S. National Research Council

expressed preference for the term precision medicine instead

of personalized medicine in order to avoid the misinterpretation

of the word ‘‘personalized”, which implied that clinical deci-

sions (e.g. treatments or preventive actions) are developed

uniquely for each individual [1], a feat not considered widely

feasible at the time. However, translational biomedical

research has been undergoing a fast-paced shift: the acceler-

ating accumulation of multi-level data, coordinated efforts in

data integration, novel, sophisticated machine learning algo-

rithms and high-capacity computing, are driving a shift

towards personalized prediction in the clinic [2]. If we recog-

nize value in individualized prediction, the term personalized

medicine is now, perhaps, better suited than the more widely

accepted precision medicine term, which generally refers to

clinical decision making at the group level [3]. In contrast,

prediction models are capable of assigning a personalized risk

to an individual and thereby, able to classify them, in a person-

alized or individualized fashion, according to their future dis-

ease status and guide individualized, data-driven clinical

decision-making.

Individualized clinical decision making in diabetes has

always been a part of clinical work – medical decision mak-

ers, such as diabetologists, clinicians, nurses and dietitians

have always strived to consider the individual when recom-

mending a specific preventive action, making a diagnosis,

prescribing medications, or suggesting a treatment or diet.

It is safe to say that to date, most of these decisions were

guided by conversations with the patient, patient histories,

a handful of clinical biomarkers, acquired medical knowl-

edge and personal intuition. However, as highlighted above,

the medical decision making process is becoming more and

more data-driven, automated and faster. For instance, using

machine learning, it is now possible to analyze retinal scans

automatically to test for the presence of diabetic retinopathy

[4–6]. While this process merely mirrors the task that has

been routinely performed by a doctor or a technician, it is

likely that novel algorithms will emerge that incorporate

multiple other layers of personal data to recommend the

right treatment options, in the right dose, at the right time,

for the right patient. As another example, genetic screening

has provided information for treatment decisions for indi-

viduals with rare, monogenic forms of diabetes, in a person-

alized fashion [7,8].

In making a shift towards personalized medicine, there is

sometimes the desire to equate disease association and

the summary statistics emanating from association studies

(e.g. effect sizes, risk ratios, odds ratios and hazard ratios)
with individualized disease prediction, when in fact these pre-

dictions are at the group level and cannot provide informa-

tion at the individual level. It is our observation that the

available scientific literature demonstrates a common ten-

dency to claim predictive value from studies aimed at deter-

mining associations. However, as Poldrack et al. claim in

their recent review in JAMA Psychiatry, ‘‘A significant statisti-

cal association is insufficient to establish a claim of prediction”

[9]. In order to safely and realistically enter the personalized

medicine era, where individualized, data-driven clinical deci-

sions are an everyday reality, the thorough understanding of

the differences between association and prediction, and

their utility in driving clinical decisions, is a crucial step

for researchers, clinicians and other medical decision-

makers.

In the present study, we have systematically reviewed pub-

lished papers in the field of diabetes epidemiology that make

claims about prediction in their titles, and assessed whether

they report findings with proper relevant measures of predic-

tion in their abstracts. Based on our results, we propose a way

forward in terms of reporting terminology and propose speci-

fic methodological routes for future studies aiming to draw

clinically actionable inference from data.

2. Materials and methods

2.1. Search term

A flowchart of the search strategy is presented in Fig. 1. The

‘‘diabetes[Title] AND (prediction[Title] OR predict[Title] OR predicts

[Title] OR predictive[Title] OR predicting[Title]) AND (hasabstract[-

text] AND ‘‘humans”[MeSH Terms])” search-term was used to

search for published articles using National Center for

Biotechnology Information (NCBI) PubMed [10]. The search

was undertaken on the 12th June 2019. The search covered

articles published between 1976 and 2019, and yielded 2,182

results, from which 272 were eliminated for the following rea-

sons: 1 duplicate, 155 reviews or meta-analyses, 6 commen-

taries or editorials, 53 laboratory or in-silico studies, 5

method-oriented studies, 5 study descriptions, 7 economy-

oriented studies, 5 case reports, 3 non-human studies and

32 studies with ‘‘PREDICT” in the cohort’s name but not mak-

ing claims on prediction. All remaining titles contained the

words ‘‘prediction”, ‘‘predict”, ‘‘predicts”, ‘‘predictive” or ‘‘pre-

dicting” and the word ‘‘diabetes”. The purpose of the search-

term was to identify titles where certain biomarkers were

evaluated for their predictive ability in relation to diabetes

of any type as an outcome, and vice versa, where diabetes

would predict another outcome. All of these articles were kept

and analyzed downstream due to their relevance to diabetes

epidemiology. Non-English articles with available English

abstracts (n = 41) were also considered. After discarding all

non-relevant articles, the final number of titles and abstracts

analyzed were 1,910. The systematic review was undertaken

according to PRISMA guidelines, and the PRISMA flow dia-

gram and PRISMA checklist are available in Supplemental

Text 1.



Fig. 1 – Search strategy flowchart.
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2.2. Analytic strategy

The EndNote X9 reference management software was used to

curate and annotate references. All titles were scanned (first

round) and subsequently, all titles and abstracts were read

twice (second and third rounds) by the first author of this

manuscript. The core premise of this research project was:

‘‘If the title makes claims related to prediction, the abstract needs

to report a measure of predictive validity, and not association statis-

tics”. Thus, only titles and abstracts were considered for

downstream analysis, the main texts of the manuscripts were

not assessed.

While scanning the abstracts, all measures of prediction

were recorded in an iterative fashion (see Supplemental Text

2 for the identification strategy and full list of terms identi-

fied). In case no metrics of prediction were mentioned, the

abstracts were assigned broad keywords related to the

methodology reported in the abstract (e.g. ‘‘association”, ‘‘cor-

relation”, ‘‘logistic regression”, ‘‘Cox proportional hazards

models”, ‘‘linear regression”, ‘‘log-rank test”, ‘‘regression”).

The categories ‘‘logistic regression” and ‘‘Cox proportional

hazards models” were inferred and assigned when an

abstract reported odds ratios or hazard ratios, respectively.

The category ‘‘undefined” was assigned if no clear methodol-

ogy was reported. Unclear metrics of prediction (e.g. ‘‘predic-

tive value”, ‘‘predictive power”, ‘‘discrimination statistics”)

were also recorded.

To evaluate whether our approach considering only titles

and abstracts was appropriate, we assessed the full texts of

100 randomly selected articles that did not report metrics of

prediction in their abstracts for metrics of prediction in their

Materials and Methods sections.
2.3. Data collection, statistical methods and visualization

Network analysis of metric co-reporting was performed using

Cytoscape [11]. Simulated data (N = 2,000 for binary predictors

in relation to a binary outcome and N = 2,000 for continuous

predictors in relation to a binary outcome) was used to illus-

trate statistical differences between associations and predic-

tive statistics. Logistic regression was performed and ORs, P

values, ROC AUC values and the Matthews Correlation Coeffi-

cient (MCC) [12] were extracted. The MCC is considered one of

the best metrics of predictive validity in binary classification

problems, as it considers all four classes of the confusion

matrix. Of note, while ROC AUC ranges between 0 and 1,

the MCC ranges between�1 and 1, with 0 representing no cor-

relation between predictor and outcome. The simulation was

performed using R 4.0.0 [13].

3. Results

After discarding non-relevant articles (such as duplicates,

reviews, in vitro studies, non-human articles, etc.), 1,910

abstracts were scanned and evaluated. From these, 39%

(n = 745) reported metrics of prediction, while 61%

(n = 1,165) did not (see Supplemental Text 3 the full reference

list for the two categories). Where metrics of prediction were

reported, in total, 53 separate keywords were identified (Fig. 2)

– the occurrence of these ranged from 66% (n = 491) to 0.1%

(n = 1). The top reported measure (66%) was receiver operating

characteristic area under the curve (ROC AUC). Other commonly

used terms (reported >5%) were sensitivity, specificity, positive

predictive value, negative predictive value and accuracy (metrics

of discrimination that can be calculated from the confusion



Fig. 2 – Percentages of reported metrics in abstracts that report metrics of prediction (N = 745). The plot visualizes the reported

percentages of the identified 53 unique metrics of prediction in the 745 abstracts that report metrics of prediction

(745 = 100%). As reported metrics can overlap, the sum of percentages is greater than 100%.
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matrix), calibration (a collection of methodologies in predic-

tion modeling), net reclassification improvement/index and inte-

grated discrimination improvement/index (measures for the

comparison of prediction models), and the term discrimination

(a general term that reflects predictive analysis). The rest of

the terms (43 out of 53) occurred in less than 5% of the

abstracts amongst those that report prediction statistics.

The visualization of the co-reporting network and the correla-

tion heatmap of the 53 terms (Supplemental Text 4) revealed

that ROC AUC, sensitivity, specificity and discrimination are

often co-reported.
Amongst the abstracts without metrics of prediction

(n = 1,165), 36% (n = 418) did not report a clear methodology

for assessing predictive validity, while 26% (n = 302) con-

ducted Cox proportional hazards modeling and 23%

(n = 269) conducted logistic regression modeling (some

reporting both) and/or inferred predictive validities from

hazard- (HR) and odds ratios (OR), respectively (Fig. 3). One

hundred abstracts without metrics of prediction were

randomly selected and the Materials and Methods sections

of their full texts were scanned for metrics of prediction. This

step was included in the analytic framework to test whether



Fig. 3 – Percentages of reported methods in abstracts that do not report metrics of prediction (N = 1,165). The plot visualizes the

percentages of reported methods in the 1,165 abstracts that do not report metrics of prediction (1,165 = 100%). As methods

can overlap, the sum of percentages is greater than 100%.
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the strategy of only assessing titles and abstracts would pro-

vide an accurate picture of the reporting landscape. Of these

100 articles, 15% reported metrics of prediction, while 85%

did not.

Simulated data was generated to illustrate the differences

between associations and predictive statistics. When consid-

ering a categorical predictor of a binary outcome, we illustrate

a simple example where from 1,000 individuals without a

hypothetical biomarker, 2% (20 individuals) will develop dia-

betes, while from 1,000 individuals with the biomarker pre-

sent 8% (80 individuals) will develop diabetes (Fig. 4). Using

logistic regression, we demonstrated that the biomarker has

a strong statistical association with diabetes (OR = 4.3, P = 1

� 10�8). Subsequently, three different classifiers were evalu-

ated: (i) everybody will develop diabetes, (ii) only the group

with the biomarker will develop diabetes and (iii) nobody will

develop diabetes. We drew confusion matrices and calculated

specificities and sensitivities for the three classifiers, drew a

ROC curve and calculated ROC AUC to be 0.66 (poor to med-

iocre prediction). The maximum MCC value (0.14) was

achieved using the classifier that only classified one group

to develop diabetes, and reflects poor predictive validity.

When considering a continuous predictor for a binary out-

come, we illustrate an example where 1,000 individuals, who

will not develop diabetes, have an initial distribution of a con-

tinuous predictor of mean = 0 and standard deviation = 1,

while another 1,000 individuals, who eventually develop dia-

betes, have an initial distribution of mean = 0.25 and standard

deviation = 1 (Fig. 5). Using logistic regression, we demon-

strated that the biomarker has a strong statistical association

with diabetes (OR = 1.3, P = 3 � 10�8). Subsequently, the ROC

curve was drawn and ROC AUCwas calculated to be 0.57 (poor

prediction). The calculated MCC value was 0.12, reflecting

poor predictive validity.

4. Discussion

In the present study, we demonstrate that the majority of

papers that are supposed to report predictive biomarkers for

diabetes provide no methodology to evaluate prediction per

se. Of these, a large fraction describes disease associations.
This result likely relates to the widespread misunderstanding

that association statistics reflect predictive utility. This confu-

sion has been raised before by others [9,14–17] but, prior to

this paper, has not been comprehensively evaluated in the

diabetes epidemiology field.

Association results provide measures related to statistical

inference for the overall population (e.g. group differences,

regression slope, additional risk attributed to a one-unit

change in a biomarker). In contrast, predictive studies for a

binary outcome evaluate the correct classification of individ-

ual patients, and the most common results are either individ-

ual predicted probabilities or a confusion matrix (true and

false positives, true and false negatives). For example, know-

ing that a group with a biomarker present has four-fold risk

for developing diabetes compared to group without the bio-

marker is an informative result, and given large enough sam-

ple size, would result in a statistically significant finding. This

association, however, does not mean that knowing whether

an individual belongs to the group with (or without) the bio-

marker can predict their future disease status (Fig. 4). In other

words, despite the four-fold risk, we cannot use group status

information to accurately infer whether an individual will or

will not develop the disease. Similarly, while a continuous

trait can have a statistically significant association with a

future outcome resulting in high test statistics and a low P

value, its predictive validity can be poor due to large overlap-

ping distributions when stratified by future disease status,

thus making it difficult to identify good classifiers (Fig. 5).

Indeed, biomarkers with strong associations, causal biomark-

ers, biomarkers with clear roles in disease pathophysiology or

biomarkers with roles in disease prevention can all be poor

predictors of future disease in individuals. Thus, their role

in personalized medicine might be limited.

While many would consider this misreporting trivial (for

example, some might say, ‘‘it is common practice to say that a

biomarker is predictive for a disease when a statistically significant

HR from Cox model is observed”), we find the issue to have seri-

ous implications in a larger context. For clinicians and other

medical decision-makers, a study with strong claims on the

predictive utility of a biomarker might result in the increased

willingness for the screening of that biomarker in patients, in



Fig. 4 – Visual explanation of the difference between association and prediction in case of categorical predictors and binary

outcome. Simulated data was created with 2,000 observations. A categorical predictor feature was created with 1,000

observations assigned ‘‘biomarker not present” status, and the other 1,000 observations assigned ‘‘biomarker present”

status. An outcome feature ‘‘diabetes” was created. From the 1,000 observations with ‘‘biomarker not present” status, 20

observations (2%) were assigned ‘‘diabetes” status, while the rest of the 980 observations (98%) were assigned ‘‘no diabetes”

status. From the 1,000 observations with ‘‘biomarker present” status, 80 observations (8%) were assigned ‘‘diabetes” status,

while the rest of the 920 observations (92%) were assigned ‘‘no diabetes” status. True positives, true negatives, false positives

and false negatives, sensitivities and specificities were recorded in confusion matrices using all three classifiers and the ROC

curve was drawn. Logistic regression was undertaken and odds ratio, P value, ROC AUC and the highest MCC value (achieved

by the middle classifier) were recorded.
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order to predict future disease. However, if the original study

claimed predictive utilities based on association statistics (re-

lated to a population sample), in reality it is impossible to

know how well the biomarker will classify patients individu-

ally without performing the appropriate analyses. Thus, this

type of misreporting could potentially subject patients to

unnecessary screening and lead to significant resources

wasted. We are of the opinion that any scientific report which

claims predictive utility, and in fact only undertook associa-

tion statistics, contributes to an unrealistic and overly opti-

mistic view of the field. This has potentially serious

consequences for the scientific community, the clinic, and

ultimately, the patients.

Two contrasting articles from the critical care literature are

helpful in illustrating the core difference between

association- and prediction-based studies. In the first study,

early administration of intravenous fluids prior to hospital-

ization in patients with sepsis was associated with a decrease

in in-hospital mortality, in patients with lower systolic blood

pressures [18]. While this result might be used to guide fluid

therapy and support the concept that, generally, patients with

lower systolic blood pressure improve with fluids, the study

does not individually predict which of the hypotensive
patients should receive fluids as opposed to other agents. In

contrast, the second study used an artificial intelligence

approach to determine which septic patients in the intensive

care unit should receive fluids or other agents [19]. In this

case, the investigators have built a model to predict the like-

lihood that an individual patient (rather than a group of

patients) would benefit from a particular therapeutic action.

In order to shift towards correct reporting, we call for the

use of precise terminology when demonstrating findings.

Association statistics do bear important information, but they

do not equate to prediction statistics. When only association

statistics have been undertaken, the word prediction should

be avoided, and association should be declared. In case predic-

tive statistics have been undertaken, the terms prediction, dis-

crimination, classification and individual prediction are

encouraged to describe the broad aims of the project. It is

important to avoid using terms with no clear definition or

meaning, such as predictive value, predictive usefulness and pre-

dictive power. Accuracy is a defined metric of predictive validity

(number of correct predictions / all predictions), but it is often

hard to decipher whether it is used in its true sense or

whether the word reflects general predictive validity (e.g.

the sentence ‘‘predictive accuracy was measured using ROC AUC”



Fig. 5 – Visual explanation of the difference between

association and prediction in case of continuous predictors

and binary outcome. Simulated data was created with 2,000

observations. An outcome feature ‘‘diabetes” was created

and 1000 observations (50%) were assigned ‘‘diabetes”

status, while the other 1,000 observations (50%) were

assigned ‘‘no diabetes” status. A continuous predictor

feature was created for the two groups, separately, using the

rnorm() function in R. For the 1,000 observations with ‘‘no

diabetes” status, random numbers were drawn from a

normal distribution with mean = 0 and standard

deviation = 1. For the 1,000 observations with ‘‘diabetes”

status, random numbers were drawn from a normal

distribution with mean = 0.25 and standard deviation = 1.

Logistic regression was undertaken and odds ratio, P value,

ROC AUC, and MCC value were recorded.

d i a b e t e s r e s e a r c h a n d c l i n i c a l p r a c t i c e 1 7 0 ( 2 0 2 0 ) 1 0 8 4 9 7 7
reflects this ambiguity). Of note, a common misleading

expression is the claim that, ‘‘biomarker X is an independent pre-

dictor of an outcome”, or ‘‘biomarker X, alone, predicts the out-

come”. Such statements are generally meant to express that

biomarker X remains statistically significantly associated

with the outcome after adjusting for other variables and thus,

represent a report on association, and not prediction. This

should not be confused with univariate prediction models,

where any biomarker is, by definition, an independent predic-

tor of the outcome (thus making the term independent predictor

flawed, and misleading). To decrease the problem of confused

reporting, thorough statistical reviewing of manuscripts is

imperative.

With the advent of the big data era, biomedical research is

entering a new phase where high-capacity computational

resources and the application of complex models are able to

drive individualized prediction [20,21]. However, various novel

biomarkers with robust associations demonstrate poor over-

all predictive validity, and the translation of biomarkers to

the clinic has been slower than expected [22,23]. In order to

provide a realistic picture of the state of evidence in biomed-

ical sciences, proper reporting of results and rigorous adher-

ence to correct terminology is of utmost importance.
It is the authors’ opinion that studies aiming to draw clin-

ically actionable inferences from data will have two major

routes available; we term these the explanatory route and the

prediction route. Both routes have the potential to produce

clinically actionable results.

Using the explanatory route, investigators will draw from a

vast pool of association tests, make inferences from the data

using a combination of unsupervisedmachine learningmeth-

ods (e.g. clustering) and established statistical methods (e.g.

regression modeling) in order to achieve a thorough under-

standing of the data at hand. The outcome of these explana-

tory analysis will almost always be the detection of subgroups

in the population with different characteristics and associa-

tions compared to other subgroups (e.g. groups with a distinct

disease pathophysiology, a specific most likely prognosis, or

response to treatment). While an arduous task, burdened by

errors related to multiple testing, it is possible to gain a thor-

ough understanding of a dataset using this route. This is

demonstrated by a report identifying distinct diabetes clus-

ters differentially associated with disease progression and

complications using unsupervised machine learning and

regression modeling [24]. Such examples of patient stratifica-

tion are useful in revealing patterns and identifying sub-

groups with different implications in terms of physiology or

treatment options, but the utility of this approach is likely

to be restricted to specific scenarios. One of these scenarios

is where a given biomarker has a pronounced association,

with very large effect sizes, in relation to the outcome (e.g.

the presence of glutamate decarboxylase antibodies [24] or

the presence of MODY-related genetic variants [8] in an indi-

vidual has specific treatment indications). Another scenario

where the explanatory route would be beneficial is when a

stratified approach would result in an intervention or treat-

ment that is entirely beneficial for a subgroup, with minimal

adverse effects, for instance the recommendation of dietary

or lifestyle changes. In any case, insights from the explanatory

route will be restricted to groups and will not allow inference

on specific individuals. In summary, we consider the goal of

the explanatory route to be precision medicine.

Using the prediction route, investigators will assess predic-

tive validity using a range of unsupervised and supervised

machine learning approaches, with a final aim of individual

prediction. While certain machine learning algorithms pro-

vide less transparency (‘‘black box algorithms”), resulting in

less explainable models with our current capabilities, this

approach is advantageous due to its prognostic nature [25],

and relative simplicity compared to the explanatory route,

where one needs to consider a large number of associations

in complex datasets. Using the prediction route, such under-

standing is not warranted, as the overarching aim is to gener-

ate the best performing, reproducible predictive models on

hold-out test sets using the best combination of available

biomarkers. As multiple testing does not pose a challenge

here, investigators will benefit from the possibility of compar-

ing a large number of predictive models in robust algorithmic

frameworks. A good example for this approach is a report on

in-hospital mortality predictions, where the investigators

compared prediction models of varying complexity, to con-

clude that the utilization of individual patient disease histo-

ries has the potential to outperform established and widely
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used mortality prediction models [20]. Another example is a

machine learning algorithm that provides individualized 10-

year risk predictions for end-organ complications for individ-

uals with type 2 diabetes [26]. Compared to the previous

approach, the focus of the prediction route is individualized

prediction, thus, the overall goal here is personalized medicine,

which represents a distinct and more focused term compared

to precision medicine. The authors therefore advise against

using these two terms interchangeably.

It is also worth noting that the outlined prediction routewill

benefit from agnostic approaches and the consideration of all

available features in models. Many studies to date follow the

pipeline of pre-selecting features based on either prior

assumptions or association testing, and subsequently using

these specific, pre-selected sets of markers for prediction pur-

poses. While some features with strong associations do repre-

sent ideal candidates for predictive studies, this pipeline

represents a flawed approach in transforming information

on features into clinically useful prediction models. In con-

trast to association testing and causal frameworks, where

overly complex models are generally avoided for sound rea-

sons, sophisticated supervised machine learning algorithms

often thrive on complexity and interactions between a large

number of features. Pre-filtering features based on their mar-

ginal effects on given outcomes ignores the possibilities of the

same features having a meaningful impact through their own

polynomial terms or interactions with other features. Such

transformations and considerations of feature interactions

are inherent benefits of certain machine learning algorithms,

e.g. neural networks. By introducing prior (human or statisti-

cal) assumptions to such algorithms we risk reducing their

capabilities for extracting potentially relevant information

from the entirety of the original feature space.

It is ouropinion thatwell-establishedpredictivemodelswill

pave a genuine way forwards towards personalized medicine.

Nevertheless, there is still value in statistical methods of asso-

ciation, especially in relation to the assessment of causal rela-

tionships. As predictive models do not require causal

relationships between predictors and outcome, the assess-

ment of causal inference demands expert causal knowledge

[27] and different statistical frameworks that are often based

on associations (e.g. instrumental variables estimation, two-

stage least squares regression, regression frameworks using

propensity scorematching). Of note, novel algorithms and sta-

tisticalmethods, combining sophisticatedsupervisedmachine

learning methods and causal frameworks, are in active devel-

opment. Such examples include neural network architectures

combined with counterfactual frameworks with a dual utility

of prediction and the assessment of causal relationships

between predictors and outcome [28,29], or themethod of pre-

diction invariance that aims to find sets of predictors likely to

be causal based on invariant predictive models in different

experimental settings [30]. As others argued, predictive algo-

rithms incorporating causal frameworks (e.g. counterfactual

evaluation) will likely to be even better suited to help interven-

tional clinical decision-making compared to purely predictive

models without causal domain knowledge [27,31].

We acknowledge the lack of full-text assessments as a

potential limitation of this project. To overcome this concern,

we conducted a sensitivity analysis on a random subset of
articles, which showed that a small fraction (15%) of the ana-

lyzed articles with no report on measures of prediction in

their abstracts do report these in the main text. Our opinion

is that the result of this subset analysis do not change the

main message of our report. A well-written abstract should

accurately convey the paucity in the field, the main research

questions, the applied methodology, core results and summa-

rize the obtained evidence. Although hard to accurately quan-

tify, there are reasons to assume that a significant fraction of

readers only read titles and abstracts [32] and ignore the full

texts of journal articles for various reasons (e.g. time con-

straints, trust in the abstract as a summary, no access to full

text articles, etc.). Furthermore, abstracts can serve as an

important decision point for many to continue to read the full

article or not [33]. Thus, writing an accurate title and abstract

is of utmost importance and confused reporting in these sec-

tions can present worrying implications. Thus, we argue that

confused reporting in abstracts poses a problem regardless of

the correctness of reporting in full texts. Discouragingly, a

recent study that evaluated the adherence to the TRIPOD

Statement, a collection of guidelines for communicating

results from multivariate prediction models [34], reported

that only 2% of all examined articles had satisfactory report-

ing in their abstracts, and only 5% had satisfactory reporting

in their titles [35]. Evaluations of other checklists and state-

ments for appropriate reporting produced similar results

[36] and our paper provides further evidence for such tenden-

cies of unsatisfactory reporting.

This study’s strength lies in the broad assessment of the

diabetes epidemiology field and the thorough analysis of a

large amount of data emanating from the titles and abstracts.

The visual demonstration of the results and the explanatory

figures comparing prediction and association provide a clear

picture of themain results and help convey themainmessage

of the paper. We acknowledge that the lack of assessment of

abstracts in fields related to other diseases is a limitation of

this project. The authors’ assumption is that the landscape

of confused reporting is similar in the literature pertaining

to other chronic metabolic diseases, where a large number

of biomarkers have been identified with individually small

effect sizes.
5. Conclusions

In conclusion, we report a landscape of misleading reporting

in the diabetes epidemiology field concerning the use of the

term prediction while referring to association statistics. The

authors encourage precise reporting in order to assure a real-

istic view of the field of true predictive biomarkers in relation

to disease. Confused reporting ultimately harms the clini-

cians and the patients, and it also makes it increasingly diffi-

cult to navigate the biomedical literature. This summary aims

to clarify this issue and serve as guidelines for future report-

ing. The authors propose two main routes, the explanatory

route and the prediction route, as the two main analytic

frameworks to generate clinically actionable findings. In our

opinion, while the prediction route makes individualized

prediction and contributes to personalized medicine, the

explanatory route, showing statistical associations in groups,
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contributes to precision medicine. Thorough statistical review-

ing of manuscripts claiming prediction is imperative, and

we propose that our reporting guidelines be adopted by

authors and journals.
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