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Abstract

In this work, we propose two novel methodologies to study temporal and morphological
phenotypic effects caused by different experimental conditions using imaging data. As a
proof of concept, we apply them to analyze drug effects in 2D cancer cell cultures. We
train a convolutional autoencoder on 1M images dataset with random augmentations and
multi-crops to use as feature extractor. We systematically compare it to the pretrained
state-of-the-art models. We further use the feature extractor in two ways. First, we apply
distance-based analysis and dynamic time warping to cluster temporal patterns of 31 drugs.
We identify clusters allowing annotation of drugs as having cytotoxic, cytostatic, mixed or
no effect. Second, we implement an adversarial/regularized learning setup to improve clas-
sification of 31 drugs and visualize image regions that contribute to the improvement. We
increase top-3 classification accuracy by 8% on average and mine examples of morpholog-
ical feature importance maps. We provide the feature extractor and the weights to foster
transfer learning applications in biology. We also discuss utility of other pretrained models
and applicability of our methods to other types of biomedical data.

Keywords: Self-supervised learning, regularized learning, time-series, distance-based anal-
ysis, classification, feature importance, explainability, interpretability, cancer research.

1. Introduction

Deep learning has been extensively applied to the analysis of biological images (Adam et al.,
2020; Kan, 2017; Meijering, 2020; Suganyadevi et al., 2021). Learning cellular features
from imaging data in an automated way, instead of designing them manually with expert
knowledge, resulted in a remarkable progress across many tasks, such as classification and
segmentation, object tracking and others (Moen et al., 2019).

Among many studies based on deep representation learning, Yang et al. (2020) investi-
gated cell trajectories in the feature space along the time axis. Lu et al. (2019) exploited
distance measures in the feature space to quantify similarity of cells. However, no study
applied distance-based analysis of temporal drug effects using learned representations. In
this study, we develop a workflow to analyze effects of anti-cancer drugs with time.

Many efforts have gone into improving interpretability of deep learning for biomedical
applications (Huff et al., 2021; Singh et al., 2020). Several methods have been used to
study cellular phenotypes using variational autoencoders (VAEs) and generative adversarial
networks (GANs) (Lafarge et al., 2019; Goldsborough et al., 2017). Here, we propose
another way to gain insights into morphological features of cells driving drug classification.
As a proof of concept, we apply it to improve classification of anti-cancer drugs and visualize
image regions contributing to that improvement. Therefore, our main contributions are:
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ˆ We train a convolutional autoencoder (ConvAE) on 1M cancer cell images using ran-
dom augmentations and multi-crops. We provide the source code and the model for
future transfer learning applications at https://github.com/dmitrav/pheno-ml .

ˆ We propose a work
ow to study temporal drug e�ects using learned representations
of images with distance-based clustering analysis.

ˆ We propose an adversarial/regularized learning setup to improve multiclass classi�ca-
tion of drugs and visualize morphological features driving classi�er decisions.

2. Related work

State-of-the-art (SOTA) general purpose pretrained models (e.g., ResNet-50 trained with
SwAV (Caron et al., 2021a) or DINO (Caron et al., 2021b)) are often used for transfer
learning applications (Chandrasekaran et al., 2021). However, their performance may drop
signi�cantly on speci�c datasets such as ours (Grill et al., 2020). Models trained on biological
data are available, but they are usually trained on smaller datasets. Services and tools
exist to assist on biological image analysis (such as CellPro�ler (Carpenter et al., 2006) or
DeepImageJ (G�omez-de Mariscal et al., 2021)). However, they are not designed to handle
high-throughput and often do not provide direct access to extracted feature vectors. In this
work, we train ConvAE on 1M image dataset comprising 21 cell lines and 31 cancer drugs on
5 concentrations. We use random augmentations and multi-crops, prove the representations
contain meaningful biological information and provide the trained model with minimal API
to extract features.

A number of approaches to improve interpretability of deep learning are based on au-
toencoders (Bi� et al., 2020; Hou et al., 2019). Often, they are used to localize and visualize
pathologies or lesions (Uzunova et al., 2019). Perhaps the closest approach to ours is the
one proposed by Chen et al. (2020). The authors train a VAE on healthy subjects and
then use it to detect outliers with MAP-based restoration. That is, the lesions are detected
as noise in the process of image restoration. The detected regions are then visualized by
calculating the di�erence between input and restored images. In this work, we use ConvAE
as a feature extractor in a regularized learning setup to train the lens model conceptually
introduced by Sajjadi et al. (2018). The resulting morphological feature importance maps
are then obtained by calculating the di�erence between the reconstructed and the lensed
images.

3. Data

We used advanced robotics, assay miniaturization and high-throughput imaging to acquire
a dataset comprising 1M phase-contrast images covering 21 cancer cell lines exposed to
31 experimental and FDA-approved clinical cancer drugs at 5 logs of concentration, where
every condition was imaged every 2 hours for up to 6 days (Figure 1 ). Detailed description
of the data is given in Appendix C .
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4. Methods

4.1. Learning representations

Figure 1: Schematic of the dataset and the ex-
pected drug e�ects over time (on the right).

We adopted a convolutional autoen-
coder (ConvAE) to learn image rep-
resentations. We experimented with
architectures to achieve good recon-
struction quality and reasonable train-
ing time, as we used a single Nvidia
GeForce RTX 2060 with 6GB only. We
ended up with an architecture of 3 con-
volutional layers for encoder and de-
coder parts having a relatively large
receptive �eld (maps of 32 � 32 pix-
els in the bottleneck layer). The to-
tal number of parameters stayed rather
low (190k), which allowed faster train-
ing and feature extraction, as well as
lower memory consumption.

4.2. Augmenting and cropping strategies

Since we had naturally grayscale images, we only applied random resized crops (RRCs),
augmented with random Gaussian blur and horizontal 
ip. However, we tested a number
of cropping strategies. The initial 256� 256 images were randomly cropped and resized to
128� 128, but the scale of RRCs varied. We tested combinations of full images and square
crops of about half size and about quarter size (e.g., the following 3-crop strategy: 1 full
image, 1 square crop of random size between 128-256 pixels, 1 square crop of random size
between 64-128 pixels). We tested 12 cropping strategies, always having a full image and
up to 4 additional RRCs of di�erent sizes.

4.3. Evaluation and comparison to the pretrained models

We compared image representations obtained with ConvAE and general-purpose SOTA
models pretrained on ImageNet: i) supervised ResNet-50,ii) self-supervised ResNet-50
(SwAV), iii) self-supervised ResNet-50 (DINO),iv) self-supervised ViT-B/8 (DINO). We
evaluated performance of each model on 3 downstream tasks using multiple metrics.

Similarity of biological replicates First, we analyzed similarity of biological repli-
cates in the latent space. For that, we picked the images of drugs at maximum concentra-
tions and latest time points, where the strongest e�ect must be observable if present. We
did that for each cell line and calculated distances between every pair of images of the same
drug. We used the following distances to estimate similarity: Euclidean, cosine, correlation
and Bray-Curtis. Since biological replicates are expected to display the same e�ects, we
expected the distances to be lower for those methods that capture the similarity well.

Clustering of drug e�ects Next, we performed clustering of images within each cell
line. We retrieved latent representations, reduced dimensions with UMAP (McInnes et al.,
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2020) and ran HDBSCAN (McInnes et al., 2017) clustering over multiple parameter sets.
Since the true labels of drug e�ects were not available in this study, we evaluated the quality
of partitions with the following metrics: percent of noise points, Silhouette score, Davies-
Bouldin measure, Calinski-Harabasz index. We picked the best clustering performance over
parameters sets and averaged them across cell lines.

Classi�cation of drugs vs controls Finally, we formulated a classi�cation problem
to di�erentiate between drugs and controls. We assigned label 1 to the images of maximum
drug concentrations and label 0 to the control (no drug) images. We trained two-layer
classi�ers and calculated a few standard metrics: accuracy, recall, precision, speci�city.
The resulting setting is only weakly supervised, since some drugs did not in fact provoke
any e�ect.

4.4. Analysis of temporal drug e�ects

Figure 2: An overview of temporal analysis.

To characterize temporal drug e�ects, we
calculated distances between drug and con-
trol image representations at every time
point and clustered trajectories of distances
over time. More speci�cally, we aligned im-
ages of drugs and controls along the time
axis �rst. Then, we retrieved their latent
representations, averaged features across bi-
ological replicates and calculated distance
to control for each drug at every time point.
Finally, we normalized distances for each
experimental condition, applied dynamic
time warping (DTW) and k-means to clus-
ter temporal patterns (Figure 2 ). In this
setting, rapidly growing distance (fast di-
vergence from control) is expected for immediate strong drug e�ect. And vice versa, low
distance to control along the entire timeline is expected for no observable e�ect. We tested
several distance metrics as in section4.3. For k-means, we incrementedk by 1 to �nd the
minimum number of clusters covering the expected biological patterns.

4.5. Analysis of morphological drug e�ects

Following the idea of shortcut removal (Minderer et al., 2020), we leveraged an adversarial
learning setup to improve multiclass classi�cation of drugs using the best pretrained model
as feature extractor (Figure 3 ). The lens was trained on the images of the highest drug
concentrations and the latest time points using the following loss function:L = L rec � �L disc ,
where L rec is the image reconstruction loss,L disc is the drug discrimination loss, and � is
an adversary coe�cient. We used the same ConvAE architecture for the lens and ran grid
search for � 2 [� 60; 60], evaluating classi�cation accuracy on the lensed images. Negative
values of � correspond to the regularized learning.
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Figure 3: A schematic of the lens setup.

In cases of improved classi�cation accu-
racy, we visualized regions on the images
perturbed by the lens. We did that by
plotting the absolute di�erence between the
lensed and the reconstructed images. The
resulting regions serve as morphological fea-
ture importance maps, as they highlight re-
gions of altered cell morphology important
for drug classi�cation.

5. Results

5.1. Multi-crops improve performance on downstream tasks

Figure 4: Normalized performance on tasks
versus number of crops.

We experimented with scales of RRCs and
averaged their performance for eachn-crop
strategy, where n 2 f 2; 3; 4; 5g. We used
multiple metrics corresponding to a partic-
ular task to average. We further normalized
performance on each task, so that the top
performance equals to 1.

As expected, we observed that increas-
ing number of multi-crops improves the per-
formance across tasks on average (Figure
4). However, di�erent scales of RRCs some-
times led to sporadic drops in performance
on particular tasks. The best scores across
tasks were achieved by the following 5-crop
strategy: 1 full size image, 1 square crop of
random size between 128-256 pixels, 3 square crops of random size between 64-128 pixels.
That strategy was used for training ConvAE on the entire dataset and further evaluations.

5.2. Comparison of pretrained state-of-the-arts

We compared several pretrained models with the ConvAE on three downstream tasks as
described in section4.3. We report median metrics in Table 1 .

Table 1: Comparison of pretrained models. All metrics are the higher the better.

Similarity Clustering Classi�cation
(Euclidean)� 1 (Cosine)� 1 Silhouette (Davies)� 1 Accuracy F1

ResNet-50 0.10 � 0.01 1.21 � 0.03 0.25 � 0.10 0.46 � 0.18 0.59 � 0.02 0.59 � 0.05
ResNet-50 (SwAV) 2.75 � 0.63 5.37 � 2.39 0.47 � 0.13 0.85 � 0.71 0.77 � 0.01 0.78 � 0.01
ResNet-50 (DINO) 1.07 � 0.02 1.12 � 0.02 0.34 � 0.11 0.52 � 0.27 0.72 � 0.00 0.73 � 0.00
ViT-B/8 (DINO) 2.18 � 0.42 4.57 � 1.91 0.44 � 0.12 0.70 � 0.52 0.81 � 0.00 0.82 � 0.00
ConvAE (trained) 2.26 � 0.68 1.53 � 0.27 0.30 � 0.11 0.39 � 0.24 0.85 � 0.05 0.85 � 0.05
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Surprisingly, ResNet-50 pretrained on ImageNet with SwAV algorithm showed the best
performance on similarity and clustering tasks. That indicates high level of consistency of
the learned representations obtained with SwAV. On the other hand, the best classi�cation
accuracy (drug vs control) and F1 score were shown by our model, followed by ViT-B/8
pretrained with DINO. Therefore, features extracted by the pretrained models lacked some
domain-speci�c information to better di�erentiate between drug and control images. No-
tably, a small model such as ours (ConvAE) can show rival performance with pretrained
state-of-the-arts when trained on a large enough dataset.

5.3. Proof-of-concept: studying temporal drug e�ects

First, we analyzed representations learned by ConvAE and made sure they exhibit expected
spatial and temporal separation patterns (seeAppendix B ). Then, we calculated Euclidean
distance to control for each experimental condition at each time point. We further scaled,
DTW-aligned and clustered the distances as described in section4.4.

Figure 5: Analysis of temporal drug e�ects.

We found three clear patterns: i) no response, where the distance between drug-treated
condition and control either stays constant or decays, so that both conditions become in-
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distinguishable; ii) temporary response (cytostatic e�ect), where an initial divergence from
control is observed, but ultimately reduced towards the end time points; iii) constant re-
sponse (cytotoxic e�ect), where the distance grows throughout the experiment (Figure
5A ). Red lines are mean cluster representatives. Full clustering is given inAppendix E .

Analyzing these patterns, we were able to annotate concentration-dependent e�ects for
all drugs in the dataset (Figure 5B ). Interestingly, we observed that some drugs (e.g.,
Cladribine) switched between cytostatic and cytotoxic modes of action, as the concentra-
tion was increased. Note that this was impossible to detect analyzing classical growth
curves, since the con
uence was growing for all concentrations, but the highest (Figure
5B , bottom-right). Conversely, distance-based analysis of learned representations allowed
picking up another distinct response pattern (Figure 5B , top-right).

To validate such patterns, we visually inspected the corresponding images with time
as shown onFigure 5C for HT-29 cell line and three concentrations of Cladribine. The
�rst row shows no e�ect; images look identical to controls. In the last row, irregular cell
morphology features (such as granules and bubbles) associated with cytotoxic e�ect can be
seen. For 1.1�M concentration in the middle, we indeed observed temporary proliferation
arrest accompanied with increased cell sizes. It proves that our method can distinguish
between di�erent response patterns and allows for studying temporal drug e�ects.

5.4. Proof-of-concept: exploring morphological drug e�ects

We used the trained ConvAE as feature extractor to train the lens, as described in section
4.5. We observed negligible lens e�ects withj� j � 1. Increasingj� j up to 60 we were able to
obtain consistent improvement of top-3 classi�cation metrics (Figure 6 ). With � = � 60,
we were able to improve classi�cation accuracy by 8%, which is signi�cant. We looked into
examples of improved classi�cation and plotted di�erences between the reconstructed and
the lensed images. By design, such di�erences highlight regions on the image that caused
changes in the classi�cation results.

Figure 6: Multi-class classi�cation accu-
racy with no ( � = 0), adversarial ( � =
60) and regularizing (� = � 60) lens.

We considered three cases of improved clas-
si�cation with lens as the most useful to study
morphological drug e�ects: i) when the classi-
�er initially confused a drug with a control, and
the lens resolved the issue;ii) when the classi�er
initially confused a drug with another drug, and
the lens resolved the issue;iii) when the classi-
�er initially had low probability of correct class,
and the lens dramatically increased that proba-
bility. Figure 7 gives examples of the �rst two
cases.

An image of Topotecan (drug) was incor-
rectly classi�ed as DMSO (control) without the
lens, likely due to high con
uence (cell popula-
tion density) on the crop (Figure 7A ). The out-
put probability for DMSO was quite low though.
After the lens was applied, the classi�er got it

7



Dmitrenko Masiero Zamboni

right with very high con�dence. Feature impor-
tance map highlights the regions of altered cell morphology that improved classi�cation.
Figure 7B shows an image with con
uence below 50% corresponding to BPTES (drug)
misclassi�ed as Chlormethine (another drug). However, the lens identi�ed regions of altered
morphology that led to the correct classi�cation with high con�dence. We provide more
examples for the increased probability case in theAppendix A .

Figure 7: Classi�cation results and morphological feature importance maps.

6. Discussion

The applications in 5.3 and 5.4 were done using ConvAE pretrained on a large dataset
of drug-treated cancer cell lines. However, we were able to obtain temporal patterns sim-
ilar to those on Figure 5A for individual drugs using ResNet-50 pretrained with SwAV
(Appendix D ). Thus, based on our empirical �ndings (Table 1 ), we speculate that ResNet-
50 pretrained with SwAV could be used instead of ConvAE to study temporal and morpho-
logical drug e�ects with minimum information loss at no additional training cost. Although
ViT-B/8 pretrained with DINO produced the closest to ConvAE classi�cation results, us-
ing visual transformers may still be prohibitive because of their size. With Nvidia GeForce
RTX 2060, we estimated the forward pass of 1M images with ViT-B/8 to take around 200
hours, with ResNet-50 { 32 hours, with ConvAE { 40 minutes.

Although we demonstrated the utility of our methods on a single biological dataset only,
related works discussed earlier in this paper show comparable approaches applied to many
types of biomedical imaging data. Therefore, we hope our results will contribute broadly
to further development of deep learning methods for fundamental and clinical research.

7. Conclusion

In this work, we proposed two work
ows to study phenotypic changes of experimental con-
ditions using pretrained models. As a proof of concept, we applied them to study temporal
and morphological drug e�ects on cancer cell lines. Besides, we trained a CNN model on
a 1M images dataset comprising 21 cancer cell lines and 31 drugs at 5 concentrations. We
validated the learned representations and provided the model to enable transfer learning
applications. Overall, our �ndings suggest that pretrained models can be used for e�cient
and interpretable deep learning applications in biological and biomedical image analysis.
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Appendix A. Morphological feature importance maps

Figure 8: Morphological feature importance maps for increased classi�cation probability.

11



Dmitrenko Masiero Zamboni

Figure 9: Morphological feature importance maps for increased classi�cation probability.

Appendix B. Spatial and temporal separation of UMAP embeddings

We plotted UMAP embeddings of image representations. Taking the latest time points
only, we observed gradual transition from drug clusters of no e�ect to clusters of strong
cytotoxic drug e�ects. Taking UMAP embeddings of all time points, we saw spatial and
temporal separation of images even more clearly (Figure 10 ). Single drug tracks can be
seen in colors, and some of them diverged dramatically from the initial locus (points of time
< 0), demonstrating a variety of drug e�ects distinct in nature and intensity.

Appendix C. Description of the data

To cover a wide range of phenotypic e�ects in experimental and FDA-approved anticancer
drugs, we selected drugs that displayed at least 3 cell lines as resistant and 3 cell lines
sensitive in the NCI-60 cancer cell line panel (Table 2 ), with a threshold in the log10(GI50)
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