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• Three topoisomerase inhibitors can be distinguished from phase-contrast microscopy images.
• Phase-contrast images are as good for classification as fluorescence images.
• Classification accuracy is better on images taken 72h after treatment than 24h.
• Classification is better when substance-specific concentrations are used.
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A B S T R A C T
In this work, we classify chemotherapeutic agents (topoisomerase inhibitors) based on their effect on
U-2 OS cells.We use phase-contrast microscopy images, which are faster and easier to obtain than
fluorescence images and support live cell imaging.We use a convolutional neural network (CNN)
trained end-to-end directly on the input images without requiring for manual segmentations or any
other auxiliary data. Our method can distinguish between tested cytotoxic drugs with an accuracy
of 98%, provided that their mechanism of action differs, outperforming previous work. The results
are even better when substance-specific concentrations are used. We show the benefit of sharing the
extracted features over all classes (drugs). Finally, a 2D visualization of these features reveals clusters,
which correspond well to known class labels, suggesting the possible use of our methodology for drug
discovery application in analyzing new, unseen drugs.

1. Introduction
Drug discovery aims to search for effective treatment

of diseases with minimum side effects. Machine learning
methods [4] can significantly reduce the time, effort and
costs involved. Here we shall focus on one step of this
process — cellular phenotypic screening, where the effect
of a large set of potential candidate chemical compounds
is evaluated on standard target cell lines [20, 38]. The goal
is to examine as many combinations of chemicals and cell
lines as fast as possible. The combinations are contained in
so-called ‘wells’, and a single array may contain hundreds
of them. The fastest and least invasive way of evaluating
the state of the cells is automatic microscopy imaging. The
whole process can be robotized, producing a vast number
of microscopic images of cells in particular wells at various
time points. Therefore, automated image analysis techniques
are necessary to achieve the desired high throughput.

Existing methods are usually based on fluorescence mi-
croscopy images (Fig. 1 and 2), which provide very clear
images (especially of cell nuclei) that are straightforward to
segment and evaluate automatically, using relatively simple
methods. However, fluorescence imaging requires additional
labeling by fluorescent dye or protein, which increases the
cost and processing time and could affect the cellular mor-
phology and the final analytical output [15]. Furthermore,
only a limited combination of dyes can be used simultane-
ously.

As an alternative to fluorescence imaging, we use phase-
contrast microscopy images (Fig. 1, 2), which do not dam-
age the cells and can be acquired much easier and faster.
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However, these images are more challenging to segment (see
Fig. 3) and analyze because of the intricate cell appearance
and frequent imaging artifacts.

In our previous work [24, 25], we have shown that
it is possible to distinguish the effect of several chemi-
cal compounds on cell culture from phase-contrast images.
However, our procedure was complicated. It used simul-
taneously acquired geometrically aligned fluorescence and
phase-contrast images to learn to ‘translate’ phase-contrast
images to binary segmentations obtained from fluorescence
images. These segmentations were then analyzed using clas-
sical geometric shape features.

Here, in contrast to the previous work, we analyze the
phase-contrast images directly using convolutional neural
networks (CNNs), avoiding the necessity of acquiring the
paired fluorescence and phase-contrast images and the lim-
itation of considering only the shape of the segmented
nuclei. We also show the benefit of sharing the features by
formulating the task as a multiclass classification instead
of solving independent binary problems separately for each
class (chemical compound). This approach leads to a much-
improved classification accuracy compared to the work of
Mertanova et al. [24, 25]. Moreover, we show visually that
clusters of the extracted features correspond to the mecha-
nism of action of the chemical compounds tested. This hints
at the generalization ability of these features, which could be
used as image-based fingerprints [37].
1.1. Related work

Image-based high-throughput screening for drug discov-
ery has become an established and frequently used technique
described in multiple review articles [2, 33, 35]. Classical
approaches typically start by segmenting individual cells and
evaluating especially the shape features, which describe the
cell morphology, a part of the cell phenotype. Cell shape is
known to be related to the cell type, state, and other relevant
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24 hours 72 hours
Figure 1: Example of two pairs of the corresponding fluorescence (left) and phase-contrast (right) images taken 24 hours and 72
hours after being treated with Topotecan.

24 hours 72 hours
Figure 2: Example of two pairs of the corresponding fluorescence (left) and phase-contrast (right) images taken 24 hours and 72
hours after being treated with Etoposide.

properties, such as metastatic capacity [30]. The final step
involves machine learning for feature-based classification or
clustering. Such pipelines can be implemented using open
software such as ImageJ/Fiji [34], Icy [7], CellProfiler [3],
and EBImage [28]. Later on, deep learning methods [13]
appeared, combining feature extraction and classification
for single-cell analysis [8]. An independent segmentation
step [12] can be avoided by processing the input images
directly [29, 31]. These methods are usually based on well-
known neural network architectures from computer vision
for image segmentation (e.g., U-Net [32]) and classification
(e.g., ResNet [14]). The networks are adapted to microscopic
images, for example by adding color normalization [5] and

the multi-scale approach [9] to capture both short and long-
range patterns.

Note that this work addresses the task of classifying the
whole sample (slide or well) into one class. It is also possible
to classify individual cells in the image [42], which is outside
of this article’s scope.

The high-throughput screening for drug discovery de-
scribed in the aforementioned publications works mainly
with fluorescence images [2, 11], which is also the ma-
jority modality in dataset repositories such as the Broad
Bioimage Benchmark Collection [22] used for performance
evaluation. Phase-contrast images are much rarer in high-
throughput applications because of their more complicated

Figure 3: Fluorescence image (in red) overlaid over a phase-contrast image (A). The fluorescence image can be segmented by
standard tools, such as the Columbus software by PerkinElmer (B). The same method fails when applied to phase-contrast
images (C). In (B,C), segmented objects are individually colored and overlaid over the grayscale input image.
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analysis. Nevertheless, there are methods to perform some
processing steps, for example segmentation of individual
cells [1], mitosis detection [16], classification [26] and seg-
mentation [27] of different cell types, or morphology classi-
fication of individual cells [40]. However, we are not aware
of any work where phase-contrast cell culture images similar
in appearance to ours would be analyzed with the goal of
drug discovery.

In our previous work [24, 25], we have taken the round-
about way of learning to transform the phase-contrast images
using the pix2pix model [18] to look similar to fluorescence
images, which are then straightforward to segment using
a U-Net [32]. Shape-based features were extracted from
the segmented images and fed to a support vector machine
(SVM) [6] for binary classification. The approach required
paired fluorescence and phase-contrast images.

2. Data
We are using the same dataset as in [24, 25]: The U-2

OS cell line, derived from human osteosarcoma (American
Tissue Culture Collection), was transduced by fluorescent
mCherry-NLS (nuclear localization signal, cat. n. 0023VCT,
Vectalis-TaKaRa, Japan). The cells were seeded at a density
of 1500 cells per well and treated with three topoisomerase
inhibitors, Topotecan, Daunorubicin, and Etoposide, at a
final concentration 0.5 𝜇M. The treated and control cells
were imaged at 20× magnification and sampled at five loca-
tions per well and two time points — 24 and 72 hours after
the treatment. The images are of size 2560 × 2160 pixels.
The original dataset also contained images taken before the
treatment. However, we have decided not to use these images
to reduce the over-representation of cells with no treatment.

Fluorescence images were acquired in parallel with the
digital phase-contrast images. We use them here only for
comparison with existing methods.

There are five different image classes. Topotecan, Dau-
norubicin, and Etoposide are each applied to 8 wells. The
remaining two classes are controls: 8 wells with a 0.05%
solution of DMSO (Dimethyl Sulfoxide) and 12 wells with
no treatment. In total, we have 440 phase-contrast images
from 44 wells. Excluding controls, there are 120 images from
24 wells with active treatment for each time point. Finally,
skipping images containing less than three cells—mostly
due to failed acquisition—leads to class sizes summarized
in Table 1.

Table 1
The number of images per class.

Class Fluorescence Phase-contrast

Topotecan 79 64
Daunorubicin 78 67
Etoposide 80 71
DMSO 79 74
No treatment 119 116

Total 435 392

3. Method
We formulate the task as a standard multiclass image

classification: given an input phase-contrast image, a convo-
lutional neural network (CNN) assigns it to one of the 𝑛 = 5
classes defined above.
3.1. Tiling

The input images are too big and cannot be fed directly to
the CNN due to the limited GPU memory. Instead, we uni-
formly divide each image into 𝑚 = 16 partially overlapping
tiles of size 1024 × 864 pixels (see Sec. 4.1 for experiments
with other tile sizes).

Each tile 𝑖 is processed separately by the CNN, and the
resulting tile-wise class probabilities 𝑝𝑖𝑘 are aggregated by
averaging to obtain image-wise probabilities

�̄�𝑘 = 1
𝑚

𝑚
∑

𝑖=1
𝑝𝑖𝑘. (1)

Maximization over the class index leads to the final image-
wise prediction

𝑘∗ = argmax
𝑘

�̄�𝑘. (2)

See Sec. 4.2 for an experimental comparison of this approach
with (i) maximum-based aggregation and (ii) no aggrega-
tion, considering all tiles independently and sharing the
same image label.
3.2. Network architecture

We use the ResNet18 [14] network, known to perform
well on a number of tasks. It uses residual blocks with skip
connections for regularization and to combat the vanishing
gradient problem. In our case, we have used the smaller,
18-layer version due to the limited size of our dataset. The
final layer has 𝑛 = 5 outputs, one for each class, to which
we apply the softmax transformation [10] to obtain class
probability estimates 𝑝𝑘 for each class 𝑘. Since our batch size
is small (5, due to GPU memory limitation), we use instance
normalization [19, 41] instead of the more standard batch
normalization [17].

Apart from the multiclass approach, we have also trained
binary classifiers (𝑛 = 2) for each class pair (Sec. 4.2 and
4.3). The binary classifiers were either trained in two ways:
either from scratch or by fine-tuning the final layer of a pre-
trained multiclass classifier.
3.3. Training and evaluation

The network is trained by minimizing the cross-entropy
loss using the Adam optimizer. We use class weights in-
versely proportional to class sizes to account for class imbal-
ances. The initial learning rate 𝜆 = 10−4, determined by the
cyclical method [39], is reduced 10× during training when-
ever the validation loss stops improving. For augmentation,
we apply random horizontal and vertical flipping and color
adjustments. The best model with respect to the validation
loss is used for the final evaluation on the test set.
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Figure 4: The evolution of the training and validation accuracy
and loss during training for the Etoposide vs. Topotecan
classification on phase-contrast images. Mean (solid line) and
standard error (shaded region) are shown.

4. Experiments
All experiments were conducted using 10-fold stratified

cross-validation. In each fold, 10% of the training data is
used for validation, e.g., for learning rate adaptation. Aver-
age results and standard errors are reported. The number of
training epochs for the binary and multiclass classification
was set to 80 and 120, respectively, which seems sufficient
for convergence (see Fig. 4 and 5).

We first experimentally justify the choice of the tiling
parameters (see Section 3.1) and compare our deep learning
approach with previous work on fluorescence images in
Sections 4.1 and 4.2. The main experiments on supervised
classification of phase-contrast images are in Sections 4.3
and 4.4. Furthermore, we analyze the effect of the time
delay between drug application and image acquisition in
Section 4.5 and the dependency on the dataset size in Sec-
tion 4.6. We visualize the features extracted by our network
in Sec. 4.7. Finally, we illustrate the effect of equalizing the
effects of the substances by using substance-specific concen-
trations in Section 4.8. See Appendix A for a summary of the
used statistical measures.
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Figure 5: The evolution of the training and validation 5 class
accuracy and loss during training for phase-contrast images.
Mean (solid line) and standard error (shaded region) is shown.

4.1. Tiling effect
For the binary classification of phase-contrast images of

Topotecan and Etoposide, we have tried tile sizes 256×216,
512 × 432, 768 × 648, and 1024 × 864. The classification
accuracies were 0.76 ± 0.17, 0.88 ± 0.18, 0.90 ± 0.15, and
0.96 ± 0.07, respectively, increasing monotonously with the
tile size. Moreover, greater tile size leads to faster process-
ing. This justifies our choice of 1024 × 864. Larger sizes are
not feasible due to GPU memory limitations.
4.2. Fluorescence images

We first apply our CNN to the binary classification task
of distinguishing between a pair of classes from fluores-
cence images to enable a direct comparison with earlier
work [24, 25]. We consider all ten possible pairs of our
five classes. In Table 2, note that distinguishing Topotecan
from Daunorubicin and DMSO from the No treatment class
(last two rows) seems to be much more difficult than for the
remaining pairs. This holds for all methods and both types
of input data. We call these pairs ambiguous and do not
consider them in the observations below. See Section 5 for
more discussion.

We compare the average and maximum aggregation
operators (see Sec. 3.1) with the tile-wise accuracy, i.e., no
aggregation. We see that average aggregation outperforms
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Table 2
Pairwise class accuracies for average and maximum tile aggregations and no-aggregation (tile-wise accuracy) for fluorescence
images. The last column (SVM) shows accuracies obtained by the previous method [24, 25]. Cross-validation means and standard
errors are reported, and a bold font denotes the best results for a particular class pair. Ambiguous class pairs are denoted by
a star (⋆).

Image-wise

Classes Tile-wise Average Maximum SVM [25]

Topotecan vs. Etoposide 0.96 ± 0.01 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.85 ± 0.04 0.85
Topotecan vs. DMSO 0.92 ± 0.02 0.97 ± 0.02 0.75 ± 0.06 𝟎.𝟗𝟖
Topotecan vs. No treatment 0.94 ± 0.02 0.94 ± 0.03 0.94 ± 0.03 𝟎.𝟗𝟔
Daunorubicin vs. Etoposide 0.97 ± 0.01 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.82 ± 0.05 0.95
Daunorubicin vs. DMSO 0.92 ± 0.01 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.80 ± 0.05 𝟏.𝟎𝟎
Daunorubicin vs. No treatment 0.95 ± 0.02 0.98 ± 0.02 0.89 ± 0.09 𝟏.𝟎𝟎
Etoposide vs. DMSO 0.97 ± 0.01 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.84 ± 0.03 0.97
Etoposide vs. No treatment 0.99 ± 0.03 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.96 ± 0.03 0.98
DMSO vs No treatment⋆ 0.61 ± 0.04 0.62 ± 0.04 𝟎.𝟔𝟔 ± 𝟎.𝟎𝟓 0.64
Topotecan vs. Daunorubicin⋆ 0.62 ± 0.04 0.42 ± 0.04 0.37 ± 0.04 𝟎.𝟓𝟐

Average (all) 0.89 ± 0.04 𝟎.𝟖𝟗 ± 𝟎.𝟎𝟔 0.79 ± 0.05 𝟎.𝟖𝟗 ± 𝟎.𝟎𝟓
Average (unambiguous) 0.95 ± 0.02 𝟎.𝟗𝟗 ± 𝟎.𝟎𝟏 0.86 ± 0.02 0.96 ± 0.02

Table 3
Pairwise class accuracies on phase-contrast images, with the binary classifiers obtained by training from scratch or by fine-tuning
a pre-trained multiclass classifier. We show both the tile-wise and image-wise accuracies (after aggregation). The last column
(SVM) shows accuracies obtained by the previous method [24, 25]. Cross-validation means and standard errors are reported, and
a bold font denotes the best results for a particular class pair. Ambiguous class pairs are denoted by a star (⋆).

From scratch Fine-tuning

Classes Tile-wise Image-wise Tile-wise Image-wise SVM [25]

Topotecan vs. Etoposide 0.79 ± 0.06 0.93 ± 0.03 0.82 ± 0.04 𝟎.𝟗𝟔 ± 𝟎.𝟎𝟐 0.78
Topotecan vs. DMSO 0.89 ± 0.03 0.94 ± 0.03 0.93 ± 0.02 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.79
Topotecan vs. No treatment 0.94 ± 0.01 0.99 ± 0.01 0.95 ± 0.01 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.77
Daunorubicin vs. Etoposide 0.88 ± 0.02 0.95 ± 0.02 0.84 ± 0.03 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟏 0.79
Daunorubicin vs. DMSO 0.88 ± 0.02 0.97 ± 0.02 0.91 ± 0.01 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.91
Daunorubicin vs. No treatment 0.94 ± 0.01 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.95 ± 0.01 0.99 ± 0.01 0.95
Etoposide vs. DMSO 0.87 ± 0.03 0.94 ± 0.04 0.93 ± 0.01 𝟎.𝟗𝟕 ± 𝟎.𝟎𝟐 0.72
Etoposide vs. No treatment 0.98 ± 0.01 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.95 ± 0.01 0.99 ± 0.01 0.77
DMSO vs. No treatment⋆ 0.61 ± 0.04 0.63 ± 0.05 0.46 ± 0.04 𝟎.𝟔𝟓 ± 𝟎.𝟎𝟑 0.54
Topotecan vs. Daunorubicin⋆ 0.60 ± 0.06 0.53 ± 0.08 0.46 ± 0.04 𝟎.𝟓𝟖 ± 𝟎.𝟎𝟔 0.41

Average (all) 0.84 ± 0.04 0.89 ± 0.05 0.82 ± 0.06 𝟎.𝟗𝟏 ± 𝟎.𝟎𝟓 0.74 ± 0.05
Average (unambiguous) 0.90 ± 0.02 0.97 ± 0.02 0.91 ± 0.02 𝟎.𝟗𝟗 ± 𝟎.𝟎𝟏 0.81 ± 0.03

maximum aggregation and no aggregation. We shall there-
fore use average aggregation for all the remaining experi-
ments.

The rightmost column of Table 2 shows the result of
the previous method from [24, 25] using hand-crafted shape
features and an SVM classifier. We see that the new CNN
method either outperforms the earlier SVM method or
matches its performance.
4.3. Phase-contrast images

We repeated the binary classification experiment from
Section 4.2 with phase-contrast images (see Table 3). We
see that fine-tuning a pre-trained multiclass classifier (see
Section 3.2) is almost always better (and never signifi-
cantly worse) than training each classifier independently

from scratch. This is probably because the images in all
classes are similar, so high-quality features learned on a large
dataset work well for all pairs of classes. Another advantage
of sharing the features is speed, as fine-tuning is faster than
repeated tuning-from-scratch by a factor of at least 6.
4.4. Multiclass classification

Our main result is the multiclass classification method
for phase-contrast images. Table 4a shows the confusion
matrix (for the sum of all folds). The ambiguous classes
identified earlier (Topotecan vs. Daunorubicin and DMSO
vs. No treatment) are often confused, leading to the average
classification accuracy of only 70%. We, therefore, also
report results where the ambiguous class pairs are consid-
ered together (Table 4b). Then the classification is almost
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Table 4
Confusion matrices for the multiclass classification of phase-contrast images. We provide (a) a confusion matrix for the five-class
classification, where the average prediction accuracy is 70%, and (b) a reduced confusion matrix, where the ambiguous classes
are joined together, leading to the average prediction accuracy of 98%. The matrices were obtained as a sum of matrices from all
folds.

(a) Five classes
Prediction

True class Topot. DMSO Daun. Etop. No treat.

Topot. 16 0 15 0 0
DMSO 1 4 0 0 28
Daun. 10 0 25 0 0
Etop. 1 0 0 31 1
No treat. 0 1 0 0 59

Recall [%] 51.6 12.1 71.4 93.9 98.3
Precision [%] 57.1 80.0 62.5 100.0 67.0

(b) Reduced
Prediction

Daun. No treat.
True class + Topot. Etop. + DMSO

Daun.+ Topot. 66 0 0
Etop. 1 31 1
No treat.+ DMSO 1 0 92

Recall [%] 100.0 93.9 98.9
Precision [%] 97.1 100.0 98.9

Table 5
Confusion matrices for the multiclass classification of fluorescence images. We provide (a) a confusion matrix for the five-class
classification, where the average prediction accuracy is 65%, and (b) a reduced confusion matrix, where the ambiguous classes
are joined together, leading to the average prediction accuracy of 99%. The matrices were obtained as a sum of matrices from all
folds.

(a) Five classes
Prediction

True class Topot. DMSO Daun. Etop. No treat.

Topot. 21 0 19 0 0
DMSO 0 4 1 0 32
Daun. 14 0 14 0 0
Etop. 0 0 0 33 0
No treat. 1 0 0 0 51

Recall [%] 52.5 10.8 50.0 100.0 98.1
Precision [%] 58.3 100.0 41.2 100.0 61.4

(b) Reduced
Prediction

Daun. No treat.
True class + Topot. Etop. + DMSO

Daun.+ Topot. 68 0 0
Etop. 0 33 0
No treat.+ DMSO 2 0 87

Recall [%] 100.0 100.0 98.0
Precision [%] 97.0 100.0 100.0

perfect, with an average classification accuracy of 98%. On
fluorescence images, the results are similar (Tables 5a and
5b).
4.5. Time delay effect

To investigate the effect of the delay between drug ap-
plication and image acquisition, we divided the dataset into
two subsets, acquired 24h and 72h after application. We
examined different combinations of these subsets for training
and testing.

Table 6a shows that for the 5 class formulation, the 24h
images seem about as difficult to classify as 72h images,
with accuracies 61% and 63%, respectively. Interestingly, the
two subsets seem quite different, as we observe a significant
drop in accuracy when training on one and testing on the
other subset (24h vs. 72h). On the other hand, aggregating
the ambiguous classes leads to almost perfect classification
results for the 72h data in the 3 class formulation (Table 6b),
with a weaker performance on the 24h subset. We can con-
clude that given more time, the effects of the drugs are more

substantial.1 We have repeated the same experiments also
for fluorescence images with qualitatively similar results
(Tables 7a and 7b).
4.6. Dataset size impact

To understand the effect of the training data size on the
generalization ability, we evaluated the multiclass classifi-
cation accuracy using 20 ∼ 100% of the original data for
training. We found that, for the 5-class formulation, the test
image accuracy already gets saturated at 60% of the data
(Figure. 6). However, this is probably due to the ambiguous
classes, since for the 3-class problem, the accuracy continues
to improve with more data, albeit slowly.
4.7. Feature visualization

This experiment illustrates the potential usefulness of the
features extracted by our CNN to analyze unseen data. We
took the 512-dimensional feature vectors from the penulti-
mate layer of the multiclass CNN classifier trained on the im-
age tiles from one of the cross-validation folds. We employed

1The slight difference between reported accuracies in Tables 6a and 4a
is caused by averaging accuracies over runs instead of averaging the counts.
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Table 6
Multiclass classification accuracy as a function of the time between drug application and image acquisition for phase-contrast
images for (a) 5 classes and (b) 3 aggregated classes.

(a) Five class
Tested on

Trained on 24h 72h all

24h 0.61 ± 0.06 0.39 ± 0.08 0.51 ± 0.05
72h 0.36 ± 0.04 0.63 ± 0.04 0.48 ± 0.03
all 0.72 ± 0.05 0.74 ± 0.04 0.73 ± 0.03

(b) Reduced
Tested on

Trained on 24h 72h all

24h 0.88 ± 0.06 0.71 ± 0.06 0.81 ± 0.05
72h 0.57 ± 0.05 0.98 ± 0.02 0.76 ± 0.03
all 0.95 ± 0.03 1.00 ± 0.00 0.96 ± 0.03

Table 7
Multiclass classification accuracy as a function of the time between drug application and image acquisition for fluorescence images
for (a) 5 classes and (b) 3 aggregated classes.

(a) Five class
Tested on

Trained on 24h 72h all

24h 0.55 ± 0.05 0.50 ± 0.04 0.53 ± 0.04
72h 0.42 ± 0.06 0.64 ± 0.04 0.55 ± 0.05
all 0.64 ± 0.07 0.53 ± 0.05 0.61 ± 0.04

(b) Reduced
Tested on

Trained on 24h 72h all

24h 0.92 ± 0.04 0.93 ± 0.03 0.92 ± 0.03
72h 0.58 ± 0.05 0.98 ± 0.01 0.78 ± 0.04
all 0.98 ± 0.02 0.99 ± 0.01 0.99 ± 0.01
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Figure 6: Dependency of the multiclass image classification
accuracy on the training dataset size. We show a curve for the
5-class problem and also the 3-class formulation with the two
ambiguous class pairs merged into two classes. Mean (solid
line) and standard error (shaded region) are shown.

the t-SNE [23] dimension reduction method to visualize the
features corresponding to unseen test image tiles as two-
dimensional vectors. Three distinct clusters emerge (Fig. 7),
with the ambiguous classes belonging to the same clusters.
This indicates that the features characterize well the drugs’
mechanism of action.
4.8. IC50 concentrations

The response to different active substances varies both in
the appearance of the affected cells as well as in their num-
ber. We want to focus on appearance since the concentration

etoposide
daunorubicin
DMSO
topotecan
no treatment

Figure 7: The extracted features from the penultimate layer
of the classification CNN visualized using the t-SNE mapping
algorithm.

will be unknown in real use cases. To eliminate the differ-
ences in the effect size, we have repeated the data acquisition
not with equal concentrations but with substance-specific
IC50

2 concentrations of the active substances, chosen so that
50% of the cells are affected. In particular, we used: To-
potecan (1.24𝜇M), Daunorubicin (0.18𝜇M), and Etoposide
(5.88𝜇M). We then repeated the multiclass classification
experiment on phase-contrast images (Section 4.4). Very
interestingly, the classification results have much improved
from 70% to 87.5% in the 5 class case — compare Tables 8a
and 4a. The formerly ambiguous Topotecan and Daunoru-
bicin can be distinguished in this case. Aggregating DMSO

2half maximal inhibitory concentrations
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Table 8
Confusion matrices for the multiclass classification of phase-contrast images with biologically-active drug concentrations:
(a) a confusion matrix for the five-class classification with the average prediction accuracy of 87.5%, and (b) a reduced confusion
matrix, where DMSO and No treatment are joined together, leading to the average prediction accuracy of 97.7%.

(a) Five class
Prediction

True class Topot. DMSO Daun. Etop. No treat.

Topot. 44 0 1 0 0
DMSO 0 22 0 0 12
Daun. 0 0 39 1 0
Etop. 1 1 0 37 0
No treat. 0 6 0 0 12

Recall [%] 97.8 64.7 97.5 94.9 66.7
Precision [%] 97.8 75.9 97.5 97.4 50.0

(b) Reduced
Prediction

True class Topot. DMSO Daun. Etop.
+ No treat.

Topot. 44 0 1 0
DMSO + No treat. 0 52 0 0
Daun. 0 0 39 1
Etop. 1 1 0 37

Recall [%] 97.8 100.0 97.5 94.9
Precision [%] 97.8 98.1 97.5 97.4

and no treatment classes (which are truly ambiguous) leads
to an almost perfect classification accuracy of 98% for this
4 class problem (Table 8b), the same as we had previously
for the 3 class problem (Table 4b). See the next section for
more discussion.

5. Discussion and conclusions
We created a method capable of distinguishing the effect

of several cytotoxic compounds on a cell line population
from phase-contrast microscopy images instead of the more
commonly used fluorescence images. This paves the way
to a much simpler and faster high-throughput screening for
new potential drugs. Moreover, we could visually observe a
meaningful separation between classes in the feature space.
This is very promising for the future task of clustering yet
unseen drugs according to their mechanism of action, which
we believe will be one of the primary use cases of this
methodology. Finally, we saw that the drug effects are easier
to distinguish after 72 hours than after 24 hours.

Our method can improve the speed and accuracy of
the cellular micro-array screening, potentially leading to
improved efficiency of the drug discovery process and, thus,
to better clinical outcomes in the long term. Of course, we
need to be aware that high-throughput cellular screening
under standardized conditions is only one of the many steps
in the drug discovery process.

It is well known that the cell response can be different
in vivo than in vitro, vary for different cell lines, and be
influenced by multiple genes. This is not a problem for our
use case where the conditions are well controlled, and the
cell lines are identical. However, they would need to be
addressed for this technique to be used for predicting the
effect in more general situations with more confounding
factors. The principal limitation of our study is the relatively
small dataset size — we plan to extend it to a much larger
dataset with more active substances, various mechanisms
of action and possibly more cell line types and other con-
founding factors, which should improve the robustness of the
classification.

The preliminary results in Section 4.8 suggest that sub-
stance concentration is one of the confounding factors that
have an essential effect on classification accuracy. In par-
ticular, by optimizing the concentrations, it was possible
to distinguish Topotecan and Daunorubicin, which could
not be discerned in the fixed concentration dataset, possibly
because they are both topoisomerase inhibitors [21] and their
mechanism of action is similar. Although the concentration
will be unknown in real use cases, it should be possible to
analyze images at several dilution levels and automatically
choose the most relevant ones, complicating the experiment
and increasing the number of necessary acquisitions. We
also cannot distinguish between DMSO and no treatment,
which is not surprising since DMSO is not supposed to affect
the cells.

In theory, our method could be used directly on histologi-
cal images in the clinical setting, similar to [36], although the
network would have to be retrained. The principal difficulty
would be obtaining a sufficiently large and comprehensive
database.
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A. Statistical evaluation measures
The classification performance is evaluated via accu-

racy, the proportion of correct classifications,

accuracy =
|

|

|

correctly classified instances||
|

|

|

|

all instances||
|

.

For each class 𝑖 separately, we also report recall (also known
as sensitivity),

recall =
|

|

|

correctly classified instances of 𝑖||
|

|

|

|

all instances of 𝑖||
|

,

and precision (or positive predictive value),

precision =
|

|

|

correctly classified instances of 𝑖||
|

|

|

|

instances classified as 𝑖||
|

.

We do not use specificity, which we consider less relevant in
the multiclass setting.
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