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SUMMARY
It is well known that the development of drug resistance in cancer cells can lead to changes in cell
morphology. Here, we describe the use of deep neural networks to analyze this relationship, demonstrating
that complex cell morphologies can encode states of signaling networks and unravel cellular mechanisms
hidden to conventional approaches. We perform high-content screening of 17 cancer cell lines, generating
more than 500 billion data points from�850million cells. We analyze these data using a deep learningmodel,
resulting in the identification of a continuous 27-dimension space describing all of the observed cell morphol-
ogies. From its morphology alone, we could thus predict whether a cell was resistant to ErbB-family drugs,
with an accuracy of 74%, and predict the potential mechanism of resistance, subsequently validating the role
of MET and insulin-like growth factor 1 receptor (IGF1R) as drivers of cetuximab resistance in in vitromodels
of lung and head/neck cancer.
INTRODUCTION

The �540 human protein kinases (kinome) regulate key pro-

cesses that, when dysregulated, are known to enforce the hall-

marks of cancer (Fleuren et al., 2016). Approximately one-sixth

of kinases have been identified as ‘‘driver’’ oncogenes; however,

this number is likely an underestimate as many functionally rele-

vant mutations are non-recurrent (Fleuren et al., 2016; Creixell

et al., 2015). Kinases are therefore viewed as relevant drug

targets for anti-cancer therapeutics. However, one major

impediment for kinase-specific therapies, as with all anti-cancer

therapies, is the development of drug resistance, which can be

mediated by complex rearrangements of regulatory signaling

networks (Holohan et al., 2013). Studies investigating the deter-

minants of cancer drug resistance have typically taken a bottom-

up approach, where genomic mutations are associated with

phenotypic changes (Hoelder et al., 2012). However, in many

cases, we remain unable to explain the causality and structure

of such relationships (McClellan and King, 2010). Given that

many studies have observed that development of drug resis-

tance is accompanied by a change in morphology (Kobayashi

et al., 1993; AbuHammad and Zihlif, 2013; Huang et al., 2016),

we hypothesized that a top-down approach, using artificial intel-

ligence to link cell morphologies to protein signaling, may be able
C
This is an open access article under the CC BY-N
to derive novel insights on the signaling network rewiring driven

by the development of drug resistance.

Deep learning algorithms are a subset of artificial intelligence

that have proven particularly adept in performing visual tasks,

such as image classification (Krizhevsky et al., 2012), facial

recognition (Schroff et al., 2015), and classic and computer

gaming (Mnih et al., 2015; Silver et al., 2016). This has led to

the recent development of these algorithms for diverse biological

applications including in silico labeling (Christiansen et al., 2018),

outlier detection (Yang et al., 2018), feature extraction (Yang

et al., 2019), and the classification of clinical images. For

example, deep learning has been used to identify skin cancer

from pictures of skin lesions (Esteva et al., 2017); to classify

the stage, type, and subtype of lung tumors from histopathology

slides (Coudray et al., 2018); and to detect breast cancer metas-

tases from lymph node images (Liu et al., 2017), all with success

rates similar to, or better than, pathologists.

Here, we describe the combination of large-scale experimen-

tation with a feature agnostic approach to image analysis using

deep neural networks (Schmidhuber, 2015), a deep learning

technique that utilizes multiple, fully connected layers of ‘‘neu-

rons’’ to construct increasingly abstract representations of the

data (Silver et al., 2016). From a high-content screening study

investigating the effect of kinase knockdown on drug-sensitive
ell Reports 34, 108657, January 19, 2021 ª 2020 The Author(s). 1
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and drug-resistant cell lines, we exported 624 features

describing the size, shape, and texture of cells and their nuclei.

This information was fed into a deep learning model that identi-

fied a continuous 27-dimension space describing all of the

observed cell morphologies. From this model, we were able to

derive predictions on whether a cell, based purely on its

morphology, was likely to be drug resistant or not, and, if drug

resistant, which kinases were potentially driving this phenotype.

We were able to predict drug resistance with an accuracy of

74% and have validated predictions of the involvement of the re-

ceptor tyrosine kinases MET and insulin growth factor 1 receptor

(IGF1R) in the development of cetuximab resistance in lung and

head/neck cancer cell lines.

RESULTS

Assay design and deep learning model
We first generated 12 drug-resistant clones from five human

cancer cell lines (tongue, lung, breast, and esophageal cancers).

Clones were made resistant to either cetuximab, pertuzumab, or

trastuzumab (inhibitory antibodies targeting members of the

ErbB family of receptor tyrosine kinases) over a period of

6 months (Table S1). Following plating, cells were treated with

small interfering RNAs (siRNAs) targeting 536 protein kinases

(Table S2) and then 1 of 11 different ErbB-inhibiting antibody

drugs. In this way, it was possible to compare the effect of inhib-

iting ErbB kinase signaling on cell morphology in the absence of

each of 536 kinases in both drug-sensitive and drug-resistant

cancer cell lines (Figure 1A).

In total, we imaged 848,802,073 cells. From each of these

cells, we exported 624 features (Table S3) using Acapella image

analysis software (PerkinElmer), generating 529,652,493,552

data points. These quantified features were then analyzed

using deep learning (a deep non-linear autoencoder model as

described by Hinton and Salakhutdinov, 2006; Figure 1B) in

order to reduce the dimensionality of the data (Figure 1C). We

ran 46 separate deep learning models, all with the same input

data but with different numbers of output nodes in order to

reduce the dimensionality of the data to greater and lesser ex-

tents. We scored these 46 different models based on their ability

to recreate the input data, termed ‘‘back propagation.’’ We

plotted the reconstruction error (describing how well the model

can recreate the input data) for all models and then we identified

the point at which the error plateaued (Figure 2A). We then

selected the model with the lowest number of dimensions, in

this case 27, that reached this reconstruction error plateau as

the optimal model for further analyses.

Within this 27-dimension space, cells could be compared

using random forest and multivariate analysis of variance

(MANOVA). Random forest was used when a simple classifica-

tion was required, for example, to compare the morphology of

a cell with unknown class to populations of cells classified as

drug sensitive or drug resistant. Conversely, MANOVA was

used to compare multivariate Gaussian populations of cells

within our 27-dimension space in a class-independent manner.

For example, the distribution of cells following knockdown of a

specific kinase could be compared with that of cells treated

with a negative control, i.e., non-targeting siRNA, in order to
2 Cell Reports 34, 108657, January 19, 2021
predict whether that kinase had an impact on cell morphology.

From these ‘‘hit’’ lists, we could then identify kinase knock-

downs that only affected the morphology of drug-resistant

cells, thus generating hypotheses for kinase drivers of resis-

tance development.

Assay reproducibility
In order to monitor the reproducibility of the assay, three siRNA

controls were included on every plate, targeting Polo-like ki-

nase 1 (PLK-1), aurora kinase B (AURKB), and a negative, i.e.,

non-targeting siRNA. A vehicle control was also used in addition

to the various antibody treatments for each cell line. Coefficients

of variation (CVs) were calculated from cell counts of negative

controls (non-targeting siRNA, vehicle antibody treatment) for

each cell line and were all below 10%, indicating high biological

(e.g., cell growth rate) and technical (e.g., cell plating and seg-

mentation) reproducibility (4.2% for H292, 1.6% for HCC827,

8.9% for HN5, 8.1% for MDA-MB-175, and 8.8% for OE19; Fig-

ure S1A). AURKB, which inhibits cell division and results in the

formation of large, multi-lobed nuclei upon depletion (Vischioni

et al., 2006), was used as a transfection control. All parental

cell lines were found to be positive (Z score > 1.96) for large

nuclei following AURKB knockdown, where the threshold for

large nuclei was determined as mean nuclear size of negative

control cells plus 1 standard deviation, indicating successful

transfection (Figure S1B). Five of the 12 drug-resistant clones

also had CVs below 10%; of those that did not, only 2 had CVs

above 20%: OE19 TR4 and OE19 TR6. Similarly, six of the

drug-resistant clones responded significantly to AURKB knock-

down, with OE19-resistant clones being the least responsive. Of

the 187 different combinations of antibody and cell line tested in

this screen, cell number was found to be less than 50% of the

vehicle control in just 13 cases (7%), indicating that significant

numbers of cells were present in all conditions for morphological

analysis (Figure S1C).

In order to investigate the variance of our feature measure-

ments, we randomly selected 33 plates from the screen and

calculated the linear correlation between sample means from

each of the triplicate repeats.We found that themean correlation

of the output features from the 27-dimension autoencodermodel

varied between 0.88 and 0.99, demonstrating that the output

features are, as expected, highly correlated.

Taking all measures of reproducibility together, we concluded

that there wasminimal technical variance in the assay at both the

treatment and feature extraction levels.

Morphology is complex, continuous, and predictive of
drug resistance
As previously noted, analysis of the reconstruction error from the

46 deep learning models trained on this dataset identified the

27-dimension model as being the most optimal for recreating

the input data (Figure 2A). In order to determine whether we

could predict drug resistance from cell morphology, we de-

ployed a random forest classifier on all 46 deep learning model

outputs. The classifier was trained on populations of cells

labeled as either drug sensitive (unperturbed, i.e., negative con-

trol siRNA and vehicle, cells from all 5 parental lines) or drug

resistant (unperturbed cells from all 12 clones) and was then
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Figure 1. A diagrammatic representation of the described method

(A) Cells were exposed to increasing concentrations of drug for 6months to generate drug-resistant clones. Parental lines and clones could then be plated in 384-

well plates and treated with siRNAs targeting 536 kinases. Following a 24-h incubation, cells were exposed to 1 of 11 different inhibitory antibodies for a further

24 h. As all combinations of cell line and antibody perturbation were tested, 187 kinome-wide RNAi screens were performed in total. Following treatment, cells

were imaged and analyzed to extract 624 quantified features per cell. The 624 features were chosen to give a broad and unbiased representation of the

morphology of each cell.

(B) These features were reduced in dimension using deep learning, a type of machine learning algorithm, where v is the starting data, h values are the hidden

layers, h(S) is the output layer, and w values are the weights given to connections between layers. The algorithm learnt the best representation of the data by

recreating the input data from output data and then optimizing the connection weights in order to improve the recreation.

(C) The result of the deep learning algorithm was an aggregation and abstraction of the features defining each cell, depicted here by three examples of real cells

imaged during the screen and a schematic of how these cells may be represented following deep learning analysis. The deep learning output could then be used

to compare cells of interest to a user-defined control in order to determine whether they had significantly different morphology.
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shown in blue, and their corresponding ability to predict drug resistance is shown in red.
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within the contour lines, show regions where cells are equally likely to be drug sensitive and drug resistant. The full 27-dimension feature space is shown in

Figure S2.
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tasked with classifying unlabeled cells. The prediction of the

classifier could then be compared with the known truth, i.e.,

whether the cell in question came from a drug-resistant or

drug-sensitive cell line. Following this method, the classifier

was able to predict drug resistance in our 27-dimension model

with an accuracy of 74%. Interestingly, the random forest classi-

fier was able to make accurate predictions of drug resistance

from far fewer dimensions than the 27 required to accurately

reconstruct the feature data (Figure 2A). The classifier main-

tained close to 74%predictive power at as few as 15 dimensions

and was still 69% predictive in the 5-dimension model.

In order to visualize the 27-dimension model, we performed

principal-component analysis on each pair of dimensions

rendering a two-dimensional representation (Figures 2B and

S2). In contrast to previously reported morphological studies,

which have described 5–7 distinct clusters of cell shape (Bakal

et al., 2007; Yin et al., 2013), we observed a continuous

morphology space (Figure 2B). Within this space, we observed

distinct regions in which it was more likely to observe drug-

sensitive parental cells, regions occupied by drug-sensitive

and drug-resistant cells approximately equally, and regions

where it was more likely to observe drug-resistant cells

(Figure 2B).

These data demonstrate that cell morphology is complex,

continuous, and can be used to make predictions on drug resis-

tance. Interestingly, models that could not optimally recreate the

input data, i.e., explain all observable cell morphologies, could

still be maximally predictive of drug resistance (e.g., 15-dimen-

sion model; Figure 2A).
4 Cell Reports 34, 108657, January 19, 2021
Morphology-based identification of drug resistance
drivers
In order to identify kinases driving drug resistance in our cells, we

used MANOVA to compare the morphology of populations of

treated cells to a ‘‘normal’’ population, i.e., non-targeting siRNA

and vehicle antibody treatment, of cells. This analysis identified

18,152 combinations of cell line, siRNA, and antibody with signif-

icantly different morphology (p < 53 10�7, calculated using Bon-

ferroni correction; Table S4), �18% of all tested combinations.

Of these ‘‘hit’’ combinations, 64% (11,639) were only observed

in drug-resistant cells.

Given the clinical importance of epidermal growth factor re-

ceptor (EGFR)-targeting therapies, resistance development has

been well studied and multiple resistance mechanisms have

been proposed, many of which involve kinases in aberrant

signaling networks or bypass pathways (Huang and Fu, 2015;

Stewart et al., 2015). We reasoned that if siRNA-mediated kinase

knockdowns found to significantly affect the morphology of

drug-resistant cells in our study really were indicating the cause

of drug resistance, at least some known resistance mechanisms

should have been identified by our analysis. Filtering for ‘‘hit’’ ki-

nase knockdowns in the cetuximab-treated cells, we found

known resistance mechanisms (Huang and Fu, 2015; Stewart

et al., 2015) in five of the six cetuximab-resistant clones tested

in this screen: AKT3, BRAF, FGFR2, FGFR3, GSK3B, and

PDGFRA were all predicted for H292 ICR6; AKT1, AKT3, KDR,

MAPK1, MET, MTOR, PDGFRB, and SRC were predicted for

HCC827_cet#3; AKT2, ARAF, FGFR2, FGFR3, GSK3B, IGF1R,

and MAPK3 were predicted for HN5 CR2; AKT2 and MAPK1
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Figure 3. Validation of the morphological predictions for the cetuximab-resistant cell line HCC827#cet3

(A–D) The twomost informative dimensions in the 27-dimension feature space, identified using principal-component analysis (A), following knockdownwithMET-

targeting siRNAs. Areas of the spacemore likely to contain drug-sensitive parental cells are shown in red, and areas more likely to contain drug-resistant cells are

shown in blue; colors refer to the ground truth classification. The effect of vehicle control, cetuximab, and anti-MET antibodies on the proliferation of (B) ce-

tuximab-sensitive HCC827 cells; (C) cetuximab-resistant HCC827_cet#1 cells, in which MET was not predicted to be a driver of resistance; and (D) cetuximab-

resistant HCC827_cet#3 cells, in which MET was predicted to be a driver of resistance. All data points shown are mean +/� standard deviation from triplicate

repeats.
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were predicted for HN5 CR6; and AXL was predicted for HN5

CR14.

Two of these predictions were then validated in vitro using a

colorimetric viability assay. For the HCC827 cell line, knockdown

of the receptor tyrosine kinase MET was found to significantly

change morphology in the cetuximab-resistant HCC827_cet#3

clone, but not the cetuximab-resistant clone HCC827_cet#1 or

the cetuximab-sensitive parental line (Figure 3A). We therefore

inhibited MET signaling using the anti-MET antibody, Sym015,

known to internalize and degrade MET (Grandal et al., 2017).

The parental cells were found to be sensitive to cetuximab, but

viability was not affected by MET inhibition (Figure 3B). The

HCC827_cet#1 clone showed no effect following either cetuxi-

mab treatment or MET inhibition (Figure 3C), while the

HCC827_cet#3 clone showed no effect following cetuximab

treatment but was sensitive to MET inhibition (Figure 3D). These

observations would suggest that MET is acting as a bypass

pathway in the HCC827_cet#3 clone, thus validating the

morphological prediction. This is in line with previous observa-

tions that have shown that amplification of MET mRNA can

lead to sustained activation of kinase signaling, bypassing

EGFR inhibition (Huang and Fu, 2015).

Similarly, for HN5 CR2, morphological analysis identified

IGF1R as a possible resistancemechanism (Figure 4A). To deter-

mine whether this was the case in our cells, we investigated the
effect of inhibition and stimulation of the IGF1R in cetuximab-

sensitive parental cells; the HN5 CR2 cetuximab-resistant clone

for which IGF1R was predicted to be a resistance mechanism;

and HN5 CR14, a cetuximab-resistant clone that was not pre-

dicted to be affected by IGF1R. All three cell types were equally

sensitive to IGF1R inhibition by picropodophyllin (Figure 4B), a

potent and specific inhibitor of signaling (Girnita et al., 2004),

and they were not affected by the addition of IGF1 ligand alone

(Figure 4C). This would indicate a more complex signaling

network-related resistance mechanism than that observed

with MET.

We therefore investigated the effect of IGF1R stimulation, us-

ing IGF1 ligand, on cell viability after exposure to cetuximab.

HN5 parental cells were sensitive to cetuximab, and this sensi-

tivity was not affected by the addition of IGF1 ligand (Figure 4D).

The HN5 CR2 and CR14 clones were both resistant to cetuxi-

mab and potentially became more resistant when IGF1 ligand

was also added (Figures 4E and 4F). However, as the assay win-

dow in the largely drug-resistant HN5 CR2 and CR14 clones

was small, we repeated this assay using a pan-HER antibody

known to inhibit signaling of EGFR, HER2, and HER3 by causing

degradation of the target receptors (Jacobsen et al., 2015). All

three cell lines were found to be sensitive to pan-HER anti-

bodies (Figures 4G–4I). This sensitivity was unaffected by the

addition of IGF1 ligand in the parental and HN5 CR14 cells
Cell Reports 34, 108657, January 19, 2021 5
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Figure 4. Validation of the morphological predictions for the cetuximab-resistant cell line HN5 CR2
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(Figure 4G and 4I). However, IGF1 addition in the HN5 CR2 cells

caused the cells to become resistant to pan-HER antibodies

(Figure 4H). These observations validated the hypothesis that

IGF1R was driving resistance development in the HN5 CR2

clone and demonstrate that analysis of subtle changes in cell

morphology can be used to identify specific changes in cellular

signaling.

Highly regulated genes are more likely to alter cell
morphology
One obvious explanation for the apparent power of morphology

analysis to predict resistance mechanisms is that cells change

morphology when they undergo apoptosis or necrosis. To deter-
6 Cell Reports 34, 108657, January 19, 2021
mine whether our model was simply predicting cell death, we

also quantified the number of nuclei present after each treatment

condition (Figure S3A). We found no significant difference be-

tween the distributions of the genes significantly affecting

morphology compared with those genes that did not (p > 0.05,

t test with Bonferroni correction), demonstrating that changes

in morphology observed in our screen are not simply driven by

cell death.

Given the fact that transcriptomic changes are known to drive

resistance to kinase inhibitors (Zecena et al., 2018), we also per-

formed mRNA sequencing in each of the 17 cell lines in order to

see whether genes that were found to affect cell morphology in

our analysis were highly dysregulated. At the population level,
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we found no significant difference in mRNA expression between

the genes significantly affecting morphology compared with

those genes that did not (Figure S3B; p > 0.05, t test with Bonfer-

roni correction). However, we did observe an enrichment of

morphology affecting genes in highly overexpressed transcripts;

479 combinations of cell line and kinase gene were found to be

significantly modulated following RNA sequencing (RNA-seq)

analysis (Z score greater than 1.96 or less than �1.96). Of these,

305 (64%) were hits in our morphology screen. This was

confirmed using a Mann-Whitney U test to compare the 50

most differentially expressed genes classified as morphology

‘‘hits’’ with the 50 most differentially expressed genes that had

no activity in our morphology screen (p = 1 3 10�12).

Regarding the two validation examples, we observed a signif-

icant increase in MET expression and a decrease in cell number

following knockdown by anti-MET siRNAs in HCC827_cet#3

cells (the cetuximab-resistant clone in which MET was predicted

to be a driver of resistance). Conversely, for the HCC827 parental

cells andHCC827_cet#1 drug-resistant clone (in whichMETwas

not predicted as a resistance mechanism), we observed no sig-

nificant changes in MET expression or cell number following

MET knockdown. Interestingly, we observed no changes in

IGF1R expression, or cell number following knockdown of

IGF1R, in any of the HN5 cell lines. This would suggest that while

genes that affect cell morphology are more likely to be highly

regulated, potentially important genes for resistance develop-

ment may not be identified by more conventional analyses.

DISCUSSION

These data demonstrate that deep learning of cell morphologies

can be used to successfully predict drug resistance state in

cancer cell lines from diverse tissues. We observed that a less

complex representation of our starting data could predict resis-

tance (15 dimensions) compared with that required to accurately

represent all changes in cell morphology (27 dimensions). This

would suggest that while no individual feature could be used

to accurately predict resistance, it was also not defined by the

entirety of the morphological feature space.

In addition, we found that morphological changes were able to

identify specific kinases driving resistance and we experimen-

tally validated two of these kinases: MET and IGF1R. We

observed that MET mRNA was significantly overexpressed in

drug-resistant clones that had altered morphology following

MET knockdown and that this knockdown caused a reduction

in cell number. Conversely, reduced cell number and/or mRNA

expression changes did not accompany the other validated

morphological prediction, IGF1R. This would suggest that

deep learning analysis of complex cell morphologies can, in

some cases, identify relevant signaling networks driving drug

resistance that are hidden to conventional methodologies. It

would thus seem possible that further analysis of the signaling

changes predicted from cell morphology could result in the dis-

covery of novel resistance mechanisms and potential therapies

to combat this. It should be noted that off-target effects, as

with any perturbation, potentially complicate this siRNA-based

analysis (Jackson and Linsley, 2010). While we have tried to miti-

gate this by screening chemically modified siRNAs, at low con-
centration (5 nM) and in simple pools (of 3 siRNAs) to further

dilute off-target effects, we cannot rule out that at least some

of the morphology hits observed in this study are driven by off-

target effects. For the validation experiments, we therefore

used a combination of antibody and small molecule perturba-

tions to confirm that the observed morphology changes were

caused by the expected siRNA target.

Moving forward, we envisage that analyses such as that con-

ducted here using deep learning could finally unlock the potential

of high-content screening, which has historically been relatively

low content, with �90% of all published high-content datasets

using 5 or fewer morphological features to derive phenotypic in-

formation (Singh et al., 2014). While challenges remain, notably

the complexity of the algorithms and computational infrastruc-

ture required to train them, progress is being made. The popular

open source image analysis package CellProfiler (McQuin et al.,

2018) now includes the option to run pre-trained convolution

neural networks (Krizhevsky et al., 2012), which work directly

on images to identify important features within large connected

structures, thus removing the need for segmentation of cells

and feature extraction entirely. This, combined with the growing

knowledge that deep learning algorithms can provide more in-

depth analysis of, and insight from, imaging data, will clearly

open up new avenues for phenotypic cancer drug discovery.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Cetuximab Symphogen A/S n/a

Pertuzumab Symphogen A/S n/a

Trastuzumab Symphogen A/S n/a

anti-EGFR antibody Symphogen A/S n/a

anti-HER2 antibody Symphogen A/S n/a

anti-HER3 antibody Symphogen A/S n/a

anti-MET antibody Symphogen A/S n/a

Chemicals, peptides, and recombinant proteins

Paraformaldehyde Sigma-Aldrich Cat#P6148

Triton X-100 Sigma-Aldrich Cat#X100

Hoechst 33342 Thermo Fisher Scientific Cat#H21492

Rhodamine Phalloidin Thermo Fisher Scientific Cat#R415

IGF1 Sigma-Aldrich Cat#I3769

Picropodophyllin Selleckchem Cat#S7668

Critical commercial assays

Cell Proliferation Reagent WST-1 Sigma-Aldrich Cat#5015944001

RNeasy Mini Kit QIAGEN Cat#74104

Deposited data

Processed RNaseq and nuclei

number counts

Mendeley Data https://doi.org/10.17632/xfzgvz2jsf.1

Raw RNaseq data Sequence Reads Archive PRJNA679968

Experimental models: cell lines

H292 Symphogen A/S n/a

H292 ICR6 Symphogen A/S n/a

HCC827 Symphogen A/S n/a

HCC827_cet#1 Symphogen A/S n/a

HCC827_cet#3 Symphogen A/S n/a

HN5 Symphogen A/S n/a

HN5 CR2 Symphogen A/S n/a

HN5 CR6 Symphogen A/S n/a

HN5 CR14 Symphogen A/S n/a

MDA-MB-175-VII Symphogen A/S n/a

MDA-MB-175-VII PR2 Symphogen A/S n/a

MDA-MB-175-VII PR10 Symphogen A/S n/a

MDA-MB-175-VII PR17 Symphogen A/S n/a

OE19 Symphogen A/S n/a

OE19 TR4 Symphogen A/S n/a

OE19 TR6 Symphogen A/S n/a

OE19 TR11 Symphogen A/S n/a

Oligonucleotides

Silencer Select Human Druggable

Genome siRNA Library v4

Thermo Fisher Scientific Cat#4397922

Silencer Select Human Genome

siRNA Extension Set v4

Thermo Fisher Scientific Cat#4397923

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

Silencer Select Human Druggable

Genome siRNA Extension Set v4

Thermo Fisher Scientific Cat#4397924

AURKB positive control siRNA 1 Thermo Fisher Scientific Cat#s17611

AURKB positive control siRNA 2 Thermo Fisher Scientific Cat#s17612

AURKB positive control siRNA 3 Thermo Fisher Scientific Cat#s17613

PLK1 positive control siRNA 1 Thermo Fisher Scientific Cat#s448

PLK1 positive control siRNA 2 Thermo Fisher Scientific Cat#s449

PLK1 positive control siRNA 3 Thermo Fisher Scientific Cat#s450

Negative Control siPool siTools Biotech Cat#Negative Control siPool

Software and Algorithms

R package package for deep learning GitHub https://github.com/xrobin/DeepLearning

Acapella PerkinElmer n/a

Deep autoencoder Hinton GE, Salakhutdinov RR. Reducing

the dimensionality of data with neural

networks. Science. 2006 Jul 28;313(5786):504-7.

https://doi.org/10.1126/science.1127647

FastQC Andrews, 2010 http://www.bioinformatics.babraham.ac.uk/

projects/fastqc/

Trimomatic Bolger et al., 2014 https://doi.org/10.1093/bioinformatics/btu170

TopHat Trapnell et al., 2009 https://doi.org/10.1093/bioinformatics/btp120

Cufflinks Trapnell et al., 2010 https://doi.org/10.1038/nbt.1621
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Rune

Linding (linding@lindinglab.org).

Materials availability
This study did not generate new unique reagents.

Data and code availability
The R package for deep learning is available at: https://github.com/xrobin/DeepLearning all code is licensed under the GNUGeneral

Public License version 3. The sequencing data have been deposited to the Sequence Read Archive with the accession

PRJNA679968. The raw imaging and feature data have not been deposited in a public repository because of their size but are avail-

able from the corresponding authors upon request. The code is available as a Jupyter notebook, which also contains an outline of the

Acapella image analysis, along with any other data not included in the publication on Mendeley Data: https://doi.org/10.17632/

xfzgvz2jsf.1.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Tissue culture
Cells were cultured in T-75 flasks and passaged twice a week. Passaging was performed by first removing the medium and washing

the cell sheet with phosphate buffered saline (PBS, Thermo Fisher Scientific). Cells were then incubated with 2ml of Trypsin (Thermo

Fisher Scientific) for 1-2 minutes at 37�C. Flasks were struck in order to dislodge the cell sheet prior to the addition of 3ml of medium

(either DMEM or RPMI-1640, Thermo Fisher Scientific, Table S1) to inactivate the Trypsin. Cells were transferred to a new flask and

fresh medium added to give a final volume of 10ml. Antibodies were added directly to the flasks as required.

Development of drug resistant clones
H292, HN5, MDA-MB-175 and OE19 cells were exposed to increasing concentrations of antibody (1–100 mg/mL) for 6 months (ce-

tuximab for HN5 and H292, pertuzumab for MDA-MB-175 and trastuzumab for OE19). The level of resistance to antibody was tested

everymonth in aWST-1 viability assay (Roche Diagnostics), according to themanufacturer’s instructions, until pools of resistant cells

were established. Single-cell clones were then generated by limited dilution cloning. In parallel, untreated HN5 cells were grown in

culture for 6months to exclude resistance development due to long-term culturing. The cell lines HCC827_cet#1 and HCC827_cet#3
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were obtained by harvesting cells derived from mouse xenograft tumors of the cell line HCC827 subjected to long-term exposure to

cetuximab.

METHOD DETAILS

RNAi screening
Silencer Select siRNAs (Thermo Fisher Scientific) targeting 536 kinases (Table S2) were prepared by combining three individual

siRNAs for each gene into an equimolar pool. Pooled siRNAs were diluted in OptiMEMmedium (Thermo Fisher Scientific) before be-

ing combined 1:1 with transfection reagent (Lipofectamine RNAiMAX, Thermo Fisher Scientific). The siRNA/reagent transfection

mixture was incubated at room temperature for 15 minutes before 5 mL of mixture were added to 384-well ViewPlates (PerkinElmer).

Cells were diluted to the required density (Table S1) in medium and 35 mL added to each well to give a final concentration of 5nM

siRNA. The cells were incubated with siRNAs for 24 hours, at 37�C, 5% CO2, 95% humidity. Antibody dilutions were then prepared

inmedium and 10 mL added to eachwell to give a final concentration of 10 mg/mL. Cells were incubated for a further 24 hours, at 37�C,
5% CO2, 95% humidity before being fixed, stained and imaged. On each plate wells D04, D05, L18 and L19 contained AURKB

positive control, D06, D07, L20 and L21 contained PLK1 positive control and wells E04-E07 andM18-M21 contained siPool (siTools)

non-targeting siRNA. All conditions were screened in triplicate.

Imaging
Cells were fixed by adding an equal volume of 4% paraformaldehyde (Sigma), to give a final concentration of 2%. Cells were incu-

bated at room temperature for 1 hour before being washed and permeabilized with 0.1% Triton X-100 for a further 15 minutes. Cells

were then stained with Hoechst 33342 (Thermo Fisher Scientific) and Rhodamine Phalloidin (Thermo Fisher Scientific). For Hoechst

staining, Hoechst 33342 was diluted to 2 mg/mL in PBS and incubated with the cells for 1 hour, in the dark, before being washed out

with PBS. For Phalloidin staining, Rhodamine Phalloidin was diluted to 1 unit/mL in PBS containing 1% bovine serum albumin

(Sigma). Cells were then incubated at room temperature in the dark for 30 minutes. After staining cells were washed with PBS

and imaged on the Opera (PerkinElmer) using a 10X objective with 2-pixel camera binning and 9 images captured per well.

A 405nm excitation line with 450/50nm emission filter was used for Hoechst detection and a 561nm excitation line with 585/40nm

emission filter for Phalloidin detection.

RNA sequencing
RNA extraction was performed using an RNeasy Mini Kit (QIAGEN) according to the manufacturers instructions. Samples were then

sent to Beckman Coulter Genomics (subsequently GeneWiz) for analysis using Illumina TruSeq Stranded sequencing following dele-

tion with Ribo-Zero Gold. An average of 40 million reads were recorded per sample using 2x75 base pair protocol.

Sequences were checked for quality using FastQC, lower quality bases were then removed using Trimomatic (Bolger et al., 2014).

Reads were mapped to the GRCH38 human reference chromosome using Tophat and then analyzed in Cufflinks (Trapnell et al.,

2012) tomap reads to specific genes (defined by UCSC). Z-score analysis was performed for each identified gene; comparing counts

for each cell line to the mean counts from all cell lines.

Image analysis
Single cell segmentation was achieved in two steps; first cell nuclei were detected using the nuclei detection algorithm in Acapella

3.1.1 (Perkin Elmer) with parameters optimizedmanually for each cell line (Table S1). For optimization of the algorithm a set of images

containing both untreated and treated cells was used to ensure detection robustness irrespective of the morphological changes to

the nuclei. Following segmentation of nuclei cytoplasmic regions for each individual cell were defined by a generalized version of the

Voronoi graph (Figure S4). Every point was assigned to the nucleus closest to it with the Voronoi diagram found algorithmically by

iterative dilation (Acapella function ‘‘CalcVoronoi’’). Voronoi size was to limited by a restrictive mask determined by an absolute in-

tensity threshold on the actin channel (15 counts, approximately double the average background intensity). Voronoi were also limited

to a maximum extension of 100 pixels (Euclidian) from the nucleus. These limits ensured that Voronoi regions at the edges of the cell

monolayer did not grow to an erroneously large size. Cells with Voronoi touching the image border were excluded from further

analysis.

Feature extraction
From each segmented cell a set of 624 features were extracted and saved to a SQL database (PostgreSQL 9.1). Cells were indexed

with well and plate information to ensure fast sampling. The full feature set was calculated using custom Acapella 3.1.1 scripts and

scanned with different feature filter parameters in order to generate a broader range of features. Each feature was calculated sepa-

rately from the two channels in each image i.e., the nucleus and cytoplasm. All exported features and functions are listed in Table S3.

Deep Learning & Dimensionality reduction
Quantified features were centered and scaled to the median and interquartile range calculated from a subset of 300,000 cells

retrieved from the database in random blocks of 700 consecutive cells. For the dimensionality reduction cells were retrieved from
e3 Cell Reports 34, 108657, January 19, 2021
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the database in blocks of 70,000. These blocks were comprised of 100 sets of 700 consecutive cells in order to provide a diverse

sampling from both different treatments and cell lines at high performance. Using these data 46 11-layer deep non-linear autoen-

coder models were constructed with the following structure:

624 / 1000 / 250 / 100 / 50 /S/ 50 / 100 / 250 / 1000 / 624

where S˛½5; 50� was a variable inner layer size. Model pre-training was done in the greedy, layer-wise manner described by Bengio

(Bengio et al., 2007) with the scaled features as Gaussian inputs, Gaussian outputs and L1 penalization. Pre-training of the first 5

layers was conducted once, with this output used for the pre-training of all subsequent layers. The number of cells required to repre-

sent all conditions in the dataset was calculated as Nrepr = 106. Each layer was therefore pre-trained with 720 blocks of 70,000 cells

and pre-training was run for 2100 iterations per block with randommini-batches of 100 cells. We initialized theweights (W) and biases

(b and c) by sampling random values uniformly between ±
ffiffiffi
6

p
=

ffiffiffiffi
N

p
, whereN is the number of coefficients inW, b or c respectively, as

described by Glorot and Bengio (Glorot and Bengio, 2010). We used learning rates ε with the following decay over the block time t,

reinitialized for each layer:

εðtÞ = ε0�
t

720

�
+ 1

with ε0 of 0.001 on the first and last restricted Boltzmann machines (Hinton and Salakhutdinov, 2006) and 0.05 on the hidden ones.

Similarly for the penalization terms l we calculated the following decay:

lðtÞ =
2

ffiffiffiffi
N

p .
Nrepr�

t

720

�
+ 1

where N = 1 for b and c and N = m + n for the weight matrix Wn 3 m.

We then unrolled and fine-tuned all networks with back-propagation, as described by Hinton and Salakhutdinov (Hinton and Sal-

akhutdinov, 2006), for 14 blocks of 70,000 cells, each with 2100 iterations of 100 cell mini-batches. 700,000 cells were used to calcu-

late the root mean squared reconstruction error xðSÞ of the 46models. From this the optimal model was chosen by setting a threshold

based on the lowest observed xðSÞ plus the standard error of the exponential fit xðSÞ= ae�bS (bootstrap, n = 10000). The lowest S

passing below this threshold was thus defined as optimal.

QUANTIFICATION AND STATISTICAL ANALYSIS

Predicting resistance
A subset of 215,730 cells, with equal number of cells from each cell line, resistance and treatment combination, were used for pre-

dicting resistance from the morphological feature vector. Random forest classifiers were trained with a splitting feature subset equal

to the square root of the feature length
ffiffiffi
p

p
, with 50 trees per classifier andwith Gini impurity as the split quality measure. The accuracy

score was calculated with 10-fold cross validation.

Measuring morphological effect of gene knockdowns
A set of 11.43 106 cells, randomly sampled from the database, were used to evaluate the effect of perturbations on cell morphology.

MANOVA analysis was performed on this set, comparing negative controls to each treatment and knockdown combination over the

17 parental and clone cells separately. This cross term was used to establish significance.

Assay reproducibility
Three sets of 20,000 randomly sampled cells from the database (all HN5 cells) were used for investigating feature variance. Popu-

lation distributions of each quantified features were compared between the three replicates using ANOVA and Pearson’s correlation

in the Knime Analytics Platform software.

Population analyses
For each combination of cell line, siRNA knockdown and antibody treatment the population distribution of morphology ‘hits’ (54,456

datapoints) was compared to non-hits (255,216 datapoints) for nuclear number data using unpaired, two-tailed t test. Similarly mRNA

expression data for each kinase in each cell line was also compared using unpaired, two-tailed t test from population data of 479

morphology ‘hits’ and 8633 non-hits. A Mann-Whitney U test was also performed comparing mRNA expression in the 50most differ-

entially expressed ‘hit’ and non-hit genes. All analyses were performed using Knime Analytics Platform.
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