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 A B S T R A C T

High-throughput phenotypic screening enables large-scale analysis of compound effects on cells using mi-
croscopy images. Typical approaches to phenotypic screening rely on fluorescence images, which are relatively 
straightforward to analyze but require fluorescence staining—a time-consuming process that can perturb 
cells. In this work, we focus instead on digital phase-contrast imaging. This imaging alternative avoids 
staining and is therefore faster and non-invasive, but it produces visually complex images that are more 
challenging to analyze. We address classifying 1 280 diverse compounds solely from digital phase-contrast 
images. To account for a priori unknown drug-specific potency and temporal effects, we propose a method 
that classifies groups of images acquired at varying compound concentrations and exposure times, rather than 
processing individual images. Our approach achieves 50% top-1 accuracy on the classification problem of 
1 280 compounds. Moreover, we demonstrate that the learned image encoder transfers effectively to related 
tasks, including mechanism-of-action prediction and control-versus-treated classification. The presented results 
highlight the potential of combining digital phase-contrast imaging with appropriate machine learning models 
to enable scalable, cost-effective, and minimally invasive phenotypic screening.
1. Introduction

Drug discovery is a process of identifying and developing com-
pounds with therapeutic potential while minimizing side effects (Smith, 
2002). A typical pipeline begins with assembling a library of candidate 
compounds based on prior knowledge and computational modeling. 
These compounds are then evaluated using cellular phenotypic screening, 
which tests their effects in vitro on standardized cell lines. This step 
is valuable because it can reveal therapeutic selectivity, mechanisms 
of action, and potential unintended off-target interactions (Lang et al., 
2006; Zheng et al., 2013). In high-throughput image-based screening, 
thousands of compounds are tested in parallel using automated robotic 
platforms. Microscopy images captured at defined time points serve as 
the main output, generating large image datasets, which highlights the 
need for automated image analysis.
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This study addresses the problem of classifying pharmacological 
compounds, or drugs, directly from digital phase-contrast images of 
treated cells. In earlier work, we demonstrated the feasibility of com-
pound classification on a small set of four compounds (Baručić et al., 
2022), and further compared the performance of phase-contrast and 
fluorescence imaging within that experimental context. The results in-
dicated that phase-contrast images alone captured sufficient phenotypic 
information for compound discrimination, motivating a label-free imag-
ing strategy. Here, we extend the previous work to a substantially larger 
and more diverse compound library of 1280 compounds. A key feature 
of this work is the exclusive use of phase-contrast microscopy (Hecht, 
2017; Zernike, 1942), in contrast to most studies that rely on fluo-
rescence microscopy (Moshkov et al., 2023; Stossi et al., 2024; Wang 
et al., 2008). Fluorescence microscopy produces images with clear 
cell boundaries, which allows for simple cell segmentation and thus 
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Fig. 1. Example microscopy images displaying untreated U2OS cells. Brightness and contrast were adjusted for clarity.
facilitates downstream analysis (see Fig.  1(a)). However, it requires flu-
orescence staining, which increases cost and experimental complexity 
and potentially perturbs cells. Phase-contrast microscopy is stain-free, 
faster, cheaper, and thus well-suited for large-scale and longitudinal 
studies. On the other hand, the cells are more difficult to distinguish 
due to low contrast, complex textures, and indistinct cell boundaries 
(see Fig.  1(b)), making the automated analysis more challenging. To 
our knowledge, this is the first demonstration of large-scale compound 
classification directly from raw digital phase-contrast images, with our 
method performing better than recent fluorescence-based approaches 
(see Section 6). 

The second distinguishing feature of this work is the use of groups of 
images of the same compound across multiple concentrations and expo-
sure times. Previous studies (Baručić et al., 2022; Cox et al., 2020) have 
highlighted the importance of choosing these parameters carefully. If 
the dose is too low, no observable effects may appear, whereas exces-
sively high doses can result in cell death, making different compounds 
difficult to distinguish. Because optimal parameters are drug-specific 
and unknown in advance, optimizing the concentration for each com-
pound individually would be unsuitable in a high-throughput setting. 
Our approach instead relies on providing images in several different 
configurations (concentration and exposure time) and lets the algo-
rithm choose the most informative ones automatically. Conceptually, 
this is similar to the attention mechanism (Bahdanau et al., 2015) or 
multiple instance learning (MIL) (Dietterich et al., 1997; Ilse et al., 
2018). However, we show that our approach outperforms standard 
methods on an extensive dataset of cells treated by biologically active 
compounds (see Section 5.2).

Compound classification can also be regarded as a proxy task for 
learning suitable features. We demonstrate that intermediate features 
of our classifier are highly informative and can be used also for re-
lated tasks such as mechanism-of-action prediction and treated-versus-
control discrimination (Sections 5.5 to 5.7). This represents a step 
towards the broader goal of predicting the properties of new, unseen 
compounds in high-throughput phenotypic screening.

2. Related work

2.1. Cell image analysis

Automatic analysis of microscopy images of cells has numerous 
applications in fields such as digital pathology or cell biology (Xing 
et al., 2018). Here, we focus on multiclass image classification, where 
the goal is to assign a label to each image. In the context of image-
based cell profiling (or phenotyping), this involves distinguishing subtle 
2 
perturbations in population of cells from the same line, caused by 
exposure to tested compounds. However, similar methods can be used 
for other classification tasks, such as identifying different cell types, 
their developmental stage, senescence (cellular aging), or states of 
biological activity.

Traditional approaches to cell phenotyping rely on hand-crafted 
features describing individual cells (Caicedo et al., 2017; Li et al., 
2020; Prasad & Alizadeh, 2019; Smith et al., 2018), which can be 
extracted by specialized software such as CellProfiler (Carpenter et al., 
2006; Moshkov et al., 2023; Stirling et al., 2021) or CellPhe (Wiggins 
et al., 2023). These features typically capture shape, morphology, 
intensity, or texture. Subsequently, the extracted features are passed 
to a classifier, such as support vector machines (Wang et al., 2008) or 
random forests (Ko et al., 2011). The advantage of such an approach is 
processing speed and interpretability, and so it is used even in recent 
works (Stossi et al., 2024).

In recent years, deep learning has become the dominant approach 
for cell phenotyping and related image classification tasks (Krentzel 
et al., 2023; Li et al., 2020; Moen et al., 2019; Pratapa et al., 2021), 
using standard classification architectures such as ResNet or Incep-
tion (Kensert et al., 2019). The image can be processed as a whole, 
or cells can be segmented first and analyzed individually (Zagajewski 
et al., 2023), following the classical pipeline. Sometimes, deep learning 
and classical tools are combined, with deep learning used only for 
specific steps (Stossi et al., 2024). A multi-scale approach can help 
capture phenotypic features at multiple spatial resolutions (Godinez 
et al., 2017). In single-cell imaging, deep learning was used to classify 
cell types (Meng et al., 2018; Yao et al., 2019) or mechanisms of 
action (Perakis et al., 2021) from bright-field or fluorescence images.

Approaches that process individual cells or extract classical features 
critically depend on the segmentation quality of analyzed cells (or 
their parts). While cell segmentation is relatively straightforward in 
fluorescence images—either through simple thresholding (Pham, 2007) 
or more sophisticated methods such as deep networks (Dubach & 
Dubach, 2024; Pratapa et al., 2021; Stringer et al., 2021)—it remains 
a challenge in label-free modalities. Consequently, fluorescence imag-
ing continues to dominate large-scale cell profiling studies. It is possible 
to use generative adversarial networks to synthesize fluorescence im-
ages from bright-field or phase-contrast images (Cross-Zamirski et al., 
2022; Mertanová et al., 2022). However, while visually convincing, the 
information content of synthesized images is limited, reducing their 
utility for downstream tasks.

Direct use of phase-contrast images for cell analysis via deep learn-
ing has been explored only in several works, such as detecting cells
(Essa & Xie, 2018), determining differentiation (Niioka et al., 2018; 
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Waisman et al., 2019) or DNA fragmentation (Kikuchi et al., 2024), 
identifying cancer cells (Kang & Kim, 2025), or detecting senescence
(Kusumoto et al., 2021). These studies addressed narrow problems 
but demonstrated the feasibility of phase-contrast image analysis. To 
the best of our knowledge, no prior work has attempted large-scale 
compound classification directly from raw phase-contrast images.

2.2. Group classification

The problem of classifying groups of instances has been studied in 
multiple variants, each characterized by different assumptions about 
dependencies between the instances in a group and the relationship 
between the instance and group labels. For example, Samsudin and 
Bradley (2010) consider group classification where all instances share 
the same label. We have the same assumption, but we also account for 
the fact that not all instances are equally informative or relevant. Vural 
et al. (2006) consider a setting where instances within a group are 
correlated. We, in contrast, assume conditional independence of the 
instances in a group given the group label.

According to the taxonomy of group classification problems by
Cheplygina et al. (2015), our problem falls into the MI–MI class, where 
labeled groups—but not labeled instances—are provided for training 
and unlabeled groups are processed during testing.

In Multiple Instance Learning (MIL) (Dietterich et al., 1997), a no-
table representative of the MI–MI class of problems, a group is labeled 
positive if and only if it contains at least one positive instance, corre-
sponding to a logical disjunction over the hidden instance labels. Three 
established methods based on deep learning that solve this problem 
model are mi-Net (Wang et al., 2018), MI-Net (Wang et al., 2018), 
and Attention-based MIL (AMIL) (Ilse et al., 2018). The first, mi-Net, 
predicts instance-level scores and aggregates them using differentiable 
pooling, such as LogSumExp, enabling end-to-end learning. The latter 
two, MI-Net and AMIL, employ a pooling operation to aggregate the 
feature vectors extracted from the instances in a group. The aggregated 
feature vector is then used to classify the group. MI-Net employs a fixed 
pooling such as mean pooling. AMIL introduces an attention mech-
anism that learns to assign high weights to key (positive) instances. 
AMIL is derived from Deep Sets (Zaheer et al., 2017) that describe 
deep learning models for tasks defined on sets. CytoSummaryNet (van 
Dijk et al., 2024) uses Deep Sets to aggregate single-cell features for 
image-based cell profiling.

3. Data

This section outlines the data acquisition methods and summarizes 
the resulting datasets. See Appendix  B for a detailed description of the 
data acquisition. The data and all annotations are published online.2

3.1. Cell treatments

U2OS cells were seeded in 384-well PhenoPlates and, after 24 h 
without media exchange, treated with reference compounds from the 
LOPAC1280 Library of Pharmacologically Active Compounds (Sigma-
Aldrich, product LO1280) at three concentrations: 50 μM, 5 μM, and 
0.5 μM. In parallel, separate plates were treated with JUMP Target 
compounds (Specs, product CR-12417) at concentrations of 50 μM, 
5 μM, and 0.8 μM. All compounds were reconstituted in DMSO, and 
source plates included wells reserved for DMSO vehicle controls. To 
minimize positional effects, compounds were dispensed randomly into 
destination plates containing cells, with randomized layouts differing 
between replicates.

2 https://lifedata.cz/BIOIMG_0002.
3 
3.2. Digital phase-contrast imaging

Plates were imaged at two timepoints, 24 h and 72 h after compound 
application, to capture early and late responses, using a Yokogawa 
CV8000 high-throughput spinning disk confocal microscope config-
ured for digital phase contrast. Digital phase-contrast imaging was 
performed with a 20× objective, acquiring a 3-plane z-stack (1 μm
apart with on-the-fly image merging) and six fields of view (FOVs) 
per well. Under these conditions, a full 384-well plate was imaged in 
approximately 45 min, generating around 4.5GB of data. The spatial 
resolution of each image was 1000×1000 pixels. The data comprise two 
datasets: LOPAC (Section 3.3) and JUMP Target (Section 3.4).

3.3. LOPAC

The primary dataset consists of cells treated with 1280 compounds 
from LOPAC1280 (see Fig.  2).

The dataset consists of three equivalent replicates. In each replicate, 
every compound was applied to one well per concentration, and 768 
wells were reserved for DMSO controls. With six FOVs per well, this 
yielded:

• 3 replicates×1280 wells×3 concentrations×2 time points×6 FOVs
= 138 240 images of treated cells,

• 3 replicates × 768 wells × 2 time points × 6 FOVs = 27 648 control 
images of untreated cells.

3.3.1. Cytotoxic and non-cytotoxic compounds
Cytotoxicity data for all LOPAC1280 compounds was measured by 

an MTS metabolic assay performed on U2OS cells. Compounds were 
considered cytotoxic if they showed measurable activity at 50 μM, and
non-cytotoxic if no significant activity was observed at that concentra-
tion. Of the 1280 compounds, 225 were labeled as cytotoxic and 1055 as 
non-cytotoxic. All procedures were fully automated using a HighResBio 
robotics platform (Veselovská et al., 2020).

3.3.2. Mechanism of action and cell viability
We used compound Mechanism of action (MoA) annotations and 

cell viability profiles derived from the PRISM drug repurposing dataset
(Corsello et al., 2020). The MoA annotations were cross-verified using 
two additional databases (Corsello et al., 2017; Santos et al., 2017). 
While an MoA annotation in general corresponded to a set of multiple 
mechanisms of action, the sets for different compounds were either 
equal or disjoint, allowing us to map each set to a single label.

Cytotoxic activity was quantified using the log2-fold change (LFC) 
values reported in the dataset. The LFC reflects the relative cell via-
bility after compound treatment compared to controls; a negative LFC 
indicates reduced cell viability, i.e. inhibitory effect of the compound. 
Of the 1280 LOPAC compounds, 247 overlapped with the PRISM drug 
repurposing dataset and had assigned both MoA annotations and LFC 
values. In total, 138 unique MoA labels were represented among these 
compounds. 

3.4. JUMP target

We generated another dataset by treating U2OS cells with 302 
JUMP (Joint Undertaking in Morphological Profiling) Target com-
pounds (including DMSO, which should have no effect and serves 
as control),3 as defined by the JUMP-Cell Painting Consortium (Ch 
et al., 2023) (see Fig.  3). In contrast to the LOPAC1280 library, the 
compounds in the JUMP Target library were curated to modulate 
a variety of cellular targets, which should in principle make them easier 
to classify.

3 https://github.com/jump-cellpainting/JUMP-Target.

https://lifedata.cz/BIOIMG_0002
https://github.com/jump-cellpainting/JUMP-Target
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Fig. 2. Digital phase-contrast images of two drugs at different configurations from the LOPAC dataset.
Fig. 3. Digital phase-contrast images of two drugs at different configurations from the JUMP target dataset.
The dataset contains three independent replicates. In each replicate, 
79 wells were reserved for DMSO-treated controls, and 305 wells were 
treated with active compounds—four compounds (BVT-948, dexam-
ethasone, ME-0328, and thiostrepton) were present in duplicate in the 
compound library and thus applied to two wells each. Six fields of view 
(FOVs) were acquired per well at two time points. This experimental 
setup yielded:

• 3 replicates × 305 wells × 3 concentrations × 2 time points × 6
 FOVs = 32 940 images of treated cells,

• 3 replicates × 79 wells × 3 concentrations × 2 time points × 6
 FOVs = 8532 control images.

Due to acquisition errors, 102 treated and 30 DMSO images were 
excluded from analysis.

4. Methods

4.1. Problem formulation

Let  be the set of all possible images and  = {1,… , 𝐾} the set 
of all labels (classes or compounds). Instead of classifying individual 
images (instances), we formulate the task as a group classification. 
Specifically, we partition the images into disjoint groups, each contain-
ing images of cells from one biological replicate treated with the same 
drug across multiple configurations. Given a group, our construction 
allows the classifier to focus on the configurations most representative 
of each drug’s effect. In order to maximize the number of labeled 
groups while still capturing the effects across all configurations, each 
configuration is included exactly once per group.

As a result, each group 𝐗 ∈ 𝑛 consists of 𝑛 images with the same 
label 𝑦, where 𝑛 is the number of configurations. We get 18 groups per 
compound for the LOPAC dataset, a relatively small number for deep 
4 
learning methods. Note, however, that our method described below is 
agnostic to the particular grouping scheme used.

Given a training dataset of labeled groups  =
{

(𝐗𝑗 , 𝑦𝑗 )
}𝑚
𝑗=1, the task 

is to learn to estimate the unknown labels from a similarly defined test 
dataset. The difference from a standard supervised classification setting 
is that we can use information from several images to predict the group 
label. On the other hand, some of the images may not be useful for the 
classification.

4.2. Image-level class probabilities

We start with a standard CNN-based encoder 𝑓𝜃 ∶  → R𝐷 with 
parameters 𝜃 to map an input image 𝐱 to a 𝐷-dimensional feature 
vector, 𝑓𝜃(𝐱) ∈ R𝐷. A classifier 𝑔𝜑 ∶R𝐷 → R𝐾 with parameters 𝜑 then 
maps the features to a vector of real scores for every class 𝑦 = 1,… , 𝐾. 
The elements of this vector will be denoted [𝑔𝜑

(

𝑓𝜃(𝐱)
)]

𝑦.
We apply softmax normalization to turn the scores 𝑔𝜑

(

𝑓𝜃(𝐱)
) into 

probabilities, 

𝑃 (𝑦 ∣ 𝐱) =
exp

(

[

𝑔𝜑
(

𝑓𝜃(𝐱)
)]

𝑦

)

∑𝐾
𝑦′=1 exp

(

[

𝑔𝜑
(

𝑓𝜃(𝐱)
)]

𝑦′

) . (1)

We employ ResNet-18 (He et al., 2016) as the image encoder 𝑓𝜃 in 
all experiments. The encoder produces vectors of 𝐷 = 512 elements. 
The classifier 𝑔𝜑 consists of two linear layers with a ReLU activation in 
between (see Fig.  4).

4.3. Aggregation

To aggregate the class probabilities (1) within each group, we take 
their product and normalize the results, obtaining estimated group label 
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Fig. 4. Architecture of classifier 𝑔𝜑. The labels below the arrows indicate the 
dimension of vectors passed between the respective layers. In our experiments, 
𝐷 = 512 and 𝐾 depends on the particular classification task.

probabilities 𝑄, 

𝑄(𝑦 ∣ 𝐗) =
∏

𝐱∈𝐗 𝑃 (𝑦 ∣ 𝐱)
∑𝐾

𝑦′=1
∏

𝐱∈𝐗 𝑃 (𝑦′ ∣ 𝐱)
, (2)

which can be simplified using (1) to a softmax activation of the sum of 
scores 𝑔𝜑 in a group, 

𝑄(𝑦 ∣ 𝐗) =
exp

(

∑

𝐱∈𝐗
[

𝑔𝜑
(

𝑓𝜃(𝐱)
)]

𝑦

)

∑𝐾
𝑦′=1 exp

(

∑

𝐱∈𝐗
[

𝑔𝜑
(

𝑓𝜃(𝐱)
)]

𝑦′

) . (3)

We argue that the product-based aggregation is even more powerful 
than the alternative, attention-based aggregation (Ilse et al., 2018). 
The image-based probabilities 𝑃 (⋅ ∣ 𝐱) may be uniform if the image 𝐱
does not carry any useful information for the classification. This would 
correspond to a low weight in the attention formulation. However, if 
the evidence is sufficiently strong, 𝑃 (⋅ ∣ 𝐱) can also rule out one or more 
classes (if 𝑃 = 0) or force one of the classes (if 𝑃 = 1).

4.4. Learning and inference

Given annotated training data  =
{

(𝐗𝑗 , 𝑦𝑗 )
}𝑚
𝑗=1, we learn the 

parameters (𝜃, 𝜑) of the encoder 𝑓𝜃 and the classifier 𝑔𝜑 by maximizing 
the likelihood of  , which is equivalent to minimizing the logarithmic 
loss 𝐿: 

𝐿 = − 1
𝑚

𝑚
∑

𝑗=1
log𝑄(𝑦𝑗 ∣ 𝐗𝑗 ). (4)

At inference time, to predict the class of a given group 𝐗, we predict 
the most probable label according to 𝑄, 
𝑦̃ = argmax

𝑦
𝑄(𝑦 ∣ 𝐗). (5)

This is equivalent to 
𝑦̃ ∈ argmax

𝑦

∑

𝐱∈𝐗

[

𝑔𝜑
(

𝑓𝜃(𝐱)
)]

𝑦, (6)

since the normalizing term in Eq. (3) is constant with respect to 𝑦.

4.5. Related aggregation strategies

The proposed model of 𝑄(𝑦 ∣ 𝐗) (2) resembles Product of Experts
(PoE) (Cao & Fleet, 2014; Hinton, 2002). Like PoE, our approach 
combines 𝑛 predictions via a product of probabilities (2) to form an 
overall distribution. However, unlike PoE, which uses 𝑛 models—called 
experts—to produce 𝑛 distributions from a single input, we employ 
a single model that accepts 𝑛 distinct inputs and predicts a separate 
distribution for each (see Fig.  5).

The main contribution of PoE is that each expert can focus on 
modeling a different aspect of the target distribution. It uses relatively 
simple models, the combination of which is more powerful than each 
constituent model. In contrast, our goal is to integrate information from 
multiple input images using a common, relatively complex classifier.

The well-known Naive Bayes (NB) classifier also aggregates pre-
dictions from multiple sources via a product. The difference is that 
it uses the product to model the likelihood 𝑃 (𝐗 ∣ 𝑦), instead of the 
posterior probability 𝑃 (𝑦 ∣ 𝐗). Moreover, the individual probability 
models 𝑃 (𝐱 ∣ 𝑦) are usually simple and unsuitable to classify images.
𝑖

5 
5. Results

Section 5.2 evaluates our method’s performance on the main task of 
compound classification using the primary dataset. Next, Section 5.3 
analyzes the impact of compound cytotoxicity on the classification 
performance. Section 5.4 shows the benefits of our group-based formu-
lation. Section 5.5 evaluates mechanism-of-action prediction, and Sec-
tion 5.6 test treated-versus-control recognition. Section 5.7 evaluates 
compound prediction on a secondary dataset containing a curated set 
of compounds with observable effects on the cells. The last three experi-
ments demonstrate the feature encoder’s generalization ability. Finally, 
we evaluate the classification performance on perturbed inputs to test 
the robustness of the proposed aggregation strategy (Section 5.8).

5.1. Training and testing

We trained all models for 350 epochs. We used the AdamW opti-
mizer (Loshchilov & Hutter, 2019) with weight decay fixed to 10−4
and learning rate initialized to 10−4 and adjusted via the cosine an-
nealing with warm restarts (Loshchilov & Hutter, 2017) with periods 
of 50, 100, and 200 epochs. To prevent overfitting, we augmented the 
training images via flipping, affine transforms, contrast and brightness 
adjustments, blurring, and adding noise.

To obtain quantitative experiment results, we performed a 6-fold 
cross-validation. In each cross-validation run, we partitioned the image 
groups into disjoint training (5∕6 of the total) and testing (1∕6) subsets 
using stratified sampling to ensure that the class distribution was 
identical in the training and testing subsets. A validation subset was 
not needed since all hyperparameters were fixed.

The evaluation was always performed on the group level (not the 
image level). We computed standard evaluation metrics for classifica-
tion tasks (see Appendix  A).

All experiments were performed on a computer with an AMD EPYC 
7543 (32 cores, 3.7GHz), a single NVIDIA Tesla A100 (40GB), and 
180GB of memory. Training one model using our data took approxi-
mately three days, with a batch of 24 image groups taking about 800ms. 
Our implementation of the proposed method is available online.4

5.2. Compound classification

We tested the group classification performance on the LOPAC 
dataset (Section 3.3). Recall that there are 1280 classes (compounds), 
each group consists of 6 images taken in 6 different configurations (3 
concentrations and 2 exposure times). There are 15 groups per class in 
each training splits and 3 groups per class in each test split. The groups 
are created according to the formulation in Section 4.1. Given a group 
of images, the objective is to predict the applied drug.

We compare the performance of the proposed method with a base-
line classification method, which considers every image as an inde-
pendent instance,  and three existing group classification approaches: 
AMIL (Ilse et al., 2018), MI-Net (Wang et al., 2018), and mi-Net (Wang 
et al., 2018) (see Section 2.2). We use mean as the pooling operation 
in MI-Net. The baseline method is a naive group classifier trained 
on individual images (not groups) using a cross-entropy loss. During 
inference, predictions were aggregated over the instances within each 
group using the proposed strategy (5), ensuring a fair comparison with 
the group-based methods. Note that the baseline and proposed methods 
are equivalent during inference but differ in training. All alternative 
methods use the same architecture for the networks 𝑓 and 𝑔 as our 
group-based method (Section 4).

Table  1 shows the top-𝑘 accuracy, i.e., the probability that the cor-
rect class appears among the top 𝑘 ∈ {1, 5, 10} candidates determined 
by a given method. Fig.  6(a) shows a graph of top-𝑘 accuracy for 

4 https://github.com/barucden/comp-class-groups.

https://github.com/barucden/comp-class-groups
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Fig. 5. Schematic comparison of two related approaches to modeling aggregate distributions.
Fig. 6. Performance of compound classification based on the results collected from all six cross-validation runs.
Table 1
Top-𝑘 accuracy [%] of compound classification achieved 
by the tested methods. The bottom part shows results 
achieved by the baseline method when processing only 
one concentration and both exposure times. The values 
represent the mean and standard deviation computed 
over six cross-validation runs.
Approach Top-1 Top-5 Top-10

Proposed 49.98±0.96 72.84±0.53 81.84±0.46
AMIL 43.84±1.00 67.17±0.57 76.85±0.39
MI-Net 43.11±0.97 67.96±1.15 78.02±1.07
mi-Net 26.04±0.42 46.48±0.47 56.04±0.46
Baseline 44.12±0.76 68.18±0.75 78.64±0.74

Baseline (0.5 μM) 8.04±0.69 23.47±0.89 33.69±0.90
Baseline (5 μM) 13.43±0.59 30.43±0.90 41.00±0.54
Baseline (50 μM) 36.68±0.60 57.37±0.81 66.44±0.58

𝑘 = 1,… , 1280. The proposed method consistently and significantly 
outperformed the other tested methods. AMIL, MI-Net, and the baseline 
method performed comparably, whereas mi-Net’s performance was the 
lowest. In particular, the proposed method’s accuracy (𝑘 = 1) was 
almost 50%.

Some compounds were easier to classify than others. We report the 
histogram of the achieved 𝐹1 scores for each class (see Appendix  A) in 
Fig.  6(b). The proposed method accurately classified (𝐹1 > 0.9) over 
200 compounds and failed to recognize (𝐹1 < 0.1) approximately 150 
compounds. Compounds varied widely in difficulty, but our approach 
classified more compounds accurately than alternatives.

5.3. Effect of cytotoxicity

To investigate why some compounds were easier to classify, we 
plotted the log2-fold change (LFC) values against the 𝐹1-score for the 
subset of 247 compounds from the LOPAC dataset with available LFC 
measurements (Section 3.3.2). Compounds with a strongly negative LFC 
(i.e. high inhibitory effect) were classified accurately (see Fig.  7a). On 
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the other hand, a LFC around zero corresponded to both good and 
bad predictions. To explore the misclassifications in more detail, we 
show also the compounds’ mechanism-of-action (MoA) information (see 
Fig.  7b) to see whether specific mechanisms could explain the vari-
ation in classification performance among non-cytotoxic compounds 
(LFC ≈ 0). Interestingly, calcium channel blockers and dopamine 
receptor antagonists tended to cluster in regions with higher 𝐹1 scores, 
suggesting that certain MoAs may be easier to detect even when their 
effects on proliferation are minimal. A few exceptions—two calcium 
channel blockers (felodipine and levetiracetam, which do not target L-
type channels) and the dopamine receptor antagonist amisulpride, a 
benzamide derivative with a distinct pharmacological profile—likely 
reflect differences in selectivity and target engagement. Other MoA 
classes were distributed more broadly across the 𝐹1-LFC space.

We further analyzed the classification accuracy separately on the 
subsets of cytotoxic and non-cytotoxic compounds (Section 3.3.1). 
Technically, this is done by zeroing the predicted probabilities of all 
compounds not belonging to the subset of interest, without retraining 
the network.

While the accuracy on the non-cytotoxic subset (45.50%) was com-
parable to that on the whole set of compounds (49.98%), the accuracy 
on the cytotoxic subset (86.74%) was substantially higher (see Table 
2). This result indicates that recognizing the cytotoxic compounds is—
as expected—easier, but recognizing the non-cytotoxic compounds is 
also possible to some extent. Our proposed method again outperformed 
others.

5.4. Configuration relevance

We evaluated the baseline method on individual compound concen-
trations. Specifically, we used groups of images corresponding to the 
given concentration and both exposure times (24 and 72 h). Higher 
concentrations resulted in higher classification accuracy (see Table  1). 
In particular, the lowest concentration (0.5 μM) yielded an accuracy 
of only 8%, whereas the highest concentration (50 μM) achieved 37%. 
On the other hand, using all concentrations together worked even 
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Fig. 7. Dependency between the achieved 𝐹1-scores and the corresponding log2-fold change values for (a) 247 compounds and (b) a subset of compounds 
associated with selected mechanisms of action.
Table 2
Top-𝑘 accuracy [%] of compound classification achieved by the tested methods on the subset of 
cytotoxic and non-cytotoxic compounds. The bottom part shows results achieved by the baseline 
method when processing only one concentration and both exposure times. The values represent 
the mean and standard deviation computed over six cross-validation runs.
Approach Cytotoxic (225 drugs) Non-cytotoxic (1055 drugs)

Top-1 Top-5 Top-10 Top-1 Top-5 Top-10

Proposed 86.74±0.78 97.70±0.35 99.31±0.35 45.50±0.92 70.16±0.71 80.26±0.52
AMIL 82.96±1.10 96.99±0.48 99.21±0.22 39.02±0.99 63.74±0.48 74.49±0.36
MI-Net 83.80±0.57 97.48±0.51 99.53±0.22 40.18±1.14 64.56±1.38 75.85±1.21
mi-Net 63.38±1.94 87.14±1.93 93.75±0.82 22.65±0.45 42.27±0.57 52.31±0.93
Baseline 83.63±1.31 97.31±0.40 99.31±0.29 39.25±0.65 65.34±0.53 76.99±0.80

Baseline (0.5 μM) 27.41±2.33 57.85±1.59 74.35±1.45 7.82±0.49 24.47±0.96 35.35±0.72
Baseline (5 μM) 46.17±1.34 77.51±1.20 88.22±0.41 11.05±0.62 27.83±0.73 38.67±0.62
Baseline (50 μM) 73.98±1.05 93.19±0.66 96.81±0.44 32.45±0.74 53.41±0.85 63.26±0.84
better in the baseline method and even this result was outperformed 
by our group method. This indicates that there is no configuration that 
would be uniformly better for all compounds. This trend held true even 
when considering cytotoxic and non-cytotoxic compounds separately 
(see Table  2).

Fig.  8 illustrates that the optimal configuration (concentration and 
exposure time) to identify a particular compound varies. We collected 
the image-level predictions (1) and used them to compute the 𝐹1-scores 
for each concentration separately. We observe that there are, for exam-
ple, compounds that are much better recognized at low concentration 
than at high concentration and vice versa. Moreover, we see that all 
three concentrations and both times worked best for at least some 
compounds, i.e., all concentrations are useful. Note also that the group 
classification performance is always better than the performance at the 
best single configuration.

Similarly, Table  3 evaluates each configuration in terms of the 
relative number of compounds best recognized at that configuration 
according to the 𝐹1-score. We see that most compounds (63%) were 
best recognized at the highest concentration of 50 μM. In terms of 
exposure time, both 24 and 72 h were optimal for approximately half 
of the compounds.

5.5. Mechanism of action

In drug development, the mechanism of action (MoA), i.e., how the 
compound influences the cell, is often more relevant than the identity 
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Table 3
Proportion of compounds best recog-
nized at each configuration according to 
𝐹1-score.
Time [h] Concentration [μM] Total

0.5 5 50  
24 7% 7% 29% 42%
72 10% 14% 35% 58%

Total 17% 20% 63% 100%

of an individual compound. MoA classification should also generalize 
better to unseen compounds. For example, the goal might be to discover 
new compounds that act through the same MoA as existing compounds 
but with fewer side effects. We only report the results of the proposed 
method, which performed best in the previous experiments. We used 
a subset of the LOPAC dataset containing the 247 compounds for which 
the MoA annotations were available (see Section 3.3.2). Please note 
that the classes are highly imbalanced (see Fig.  9).

We kept the encoder 𝑓𝜃 , trained on the compound prediction task 
(Section 5.2), frozen. The classifier 𝑔 was retrained from scratch, once 
with 𝐾 = 247 outputs to classify the compounds and once with 
𝐾 = 138 outputs for MoA classification. We used cross-validation with 
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Fig. 8. 𝐹1-scores obtained by the proposed method for individual compounds at different configurations (using Eq. (1) for prediction) or by considering whole 
groups (using Eq. (2)). Each line corresponds to a single drug. When plotting the results for a concentration, we always plot the highest 𝐹1-score associated with 
that concentration and any exposure time; similarly for exposure times. For visual clarity, we plot only the compounds where 𝐹1 ≥ 0.5 at any configuration and 
where the difference between the plotted 𝐹1-scores is at least 0.1.
Fig. 9. Summary of the numbers of compounds belonging to a MoA class. Out 
of the total of 138 MoA classes, 95 contain just a single drug. On the other 
hand, only two MoA classes contain more than seven compounds.

identical splits as in the compound prediction task, guaranteeing that 
the encoder had not been exposed to the test data during training.

The MoA classifier achieved an accuracy of 60.01% ± 1.34%. Inter-
estingly, predicting compounds on the same data resulted in a higher 
accuracy of 68.40% ± 1.64%, despite the larger number of classes (247 
compound classes vs. 138 MoA classes). This suggests that predicting 
MoA is more challenging than predicting individual compounds, possi-
bly because the mapping between compounds and MoAs is often not 
clearly defined and majority of small molecules are known to have 
multiple effects (Lin et al., 2019). Nevertheless, the MoA performance 
demonstrates the usefulness and generalizability of the encoder.

5.6. Treatment recognition

In this experiment, we addressed the binary classification task of 
predicting whether a group of images was drug-treated or consisted 
entirely of untreated controls. Similarly to the previous experiment, 
we employed a frozen encoder 𝑓𝜃 from the compound classification 
task (see  Section 5.5) and only trained a classifier 𝑔𝜑 (with 𝐾 = 2). 
The model achieved a very high testing accuracy of 91.66% ± 0.61%
with the area under the ROC and Precision–Recall curves of 95.46% 
and 99.06%, respectively (see Fig.  10).

As in the compound prediction task (see Section 5.2), we wanted 
to see whether the classification results depended on the tested com-
pound. To this end, we computed the number of false negatives (FNs) 
for each compound, i.e., the number of groups associated with the 
compound that were predicted as controls. Since the number of groups 
per compound is constant (18), FN is complementary to the number of 
true positives (TP), i.e. TP + FN = 18 for each class.
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For the vast majority of compounds (1133 out of 1280), there were 
two or fewer FNs (see Fig.  11). Only for 15 compounds the model 
produced more than five FNs, with a maximum of nine.

5.7. Classification of JUMP target compounds

In the final experiment, we evaluated compound classification on 
the JUMP Target dataset (Section 3.4), which is distinct from LOPAC. 
We reused the encoder trained on the LOPAC dataset and only trained 
a new classifier with 𝐾 = 302 classes from scratch. The classifier 
achieved a top-1 accuracy of 68.23% ± 0.65%, notably higher than the 
accuracy obtained on the whole LOPAC dataset (∼50%). This result is 
consistent with expectations, as the compounds in the JUMP Target 
dataset were selected to modulate diverse cellular targets.

5.7.1. Target connectivity analysis
As a preliminary step toward understanding why classification accu-

racy on the JUMP Target dataset plateaued at approximately 68%, we 
manually analyzed compound pairs that were frequently misclassified 
as each other. We examined their annotated protein targets using the 
STRING database of known and predicted protein–protein interactions 
(version 12.0 (Szklarczyk et al., 2023)). Target information was re-
trieved from the dataset annotations and queried in STRING using 
a high-confidence interaction threshold (0.7). As illustrative examples, 
we present four misclassified compound pairs in Fig.  12.

In these cases, the predicted protein interaction networks showed 
that the annotated targets corresponding to the misclassified compound 
pairs were interlinked and connected to common broader cellular 
processes through multiple interactions. This suggests that some JUMP 
Target compounds target proteins involved in multiple cellular signal-
ing pathways and processes. Such target pleiotropy could contribute 
to overlapping phenotypic outcomes, thereby reducing separability 
between compounds and limiting classification performance.

To assess whether this observation extends beyond anecdotal ex-
amples, we calculated STRING network distance across all compound 
pairs (see Appendix  A.1 for details). Using the co-expression and exper-
imental interaction evidence channels, we compared the distribution of 
network distances for misclassified pairs against those for all pairs (see 
Fig.  13). In both channels, misclassified pairs showed a higher tendency 
towards close proximity in the network. However, the difference with 
respect to the experimental interaction is small and the co-expression 
information is only available for a small number of proteins.

Our results indicate that target network proximity may contribute 
to classification ambiguity, but additional factors beyond direct target 
connectivity are likely required to fully explain the performance limits 
observed on the JUMP Target dataset.
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Table 4
Classification accuracy [%] for groups with perturbed images using either Gaussian blur or 
noise.
Approach Original Gauss. blur (kernel size) Gauss. noise (std. dev.)

3 5 11 0.1 0.2 0.5

Proposed 50.0±1.0 49.8±0.7 49.5±0.6 33.6±1.6 49.8±0.9 48.7±1.0 33.2±0.4
AMIL 43.8±1.0 43.7±1.0 43.5±1.1 30.1±1.5 43.7±1.0 43.0±0.9 30.0±0.5
MI-Net 43.1±1.0 42.8±0.9 42.7±0.8 28.5±0.9 42.9±1.0 42.1±0.8 29.0±0.8
mi-Net 26.0±0.4 25.9±0.5 25.8±0.4 20.3±1.1 25.8±0.5 25.7±0.5 19.3±0.6
Table 5
Classification accuracy [%] for groups with different numbers of inserted (duplicate)
images.
Approach Original Number of inserted images

1 2 3 4 5 6

Proposed 50.0±1.0 48.4±0.5 44.5±0.5 40.7±0.6 36.9±0.4 33.5±0.5 30.9±0.3
AMIL 43.8±1.0 41.1±0.8 34.9±0.6 29.5±0.8 25.1±0.7 21.8±1.0 19.3±0.7
MI-Net 43.1±1.0 40.8±1.1 36.2±0.8 31.1±0.8 26.9±0.7 23.5±0.8 20.9±0.6
mi-Net 26.0±0.4 26.0±0.4 25.9±0.5 25.9±0.4 25.9±0.4 25.9±0.4 25.8±0.4
Fig. 10. ROC and precision–recall curves for the binary treatment recognition, where the positive and negative class is treated and control, respectively. The 
operating point corresponds to the probability threshold of 1∕2.
Fig. 11. Histogram of false negatives per compound for the treatment recog-
nition. Each compound has 18 examples in total.

5.8. Robustness

We evaluated the robustness of the tested methods to input pertur-
bations. Each input image was perturbed either by applying Gaussian 
blur or by adding Gaussian noise. For Gaussian blur, we considered 
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three kernel sizes (3, 5, and 11 pixels), while Gaussian noise was 
applied with one of three standard deviations (0.1, 0.2, and 0.5). 
The standard deviation of pixel intensities prior to perturbation was 
approximately 1. All models were evaluated on the compound classifi-
cation task described in Section 5.2 without fine-tuning for the applied 
perturbations.

As expected, classification accuracy decreased with increasing per-
turbation strength for all methods (see Table  4). The relative perfor-
mance degradation was comparable across methods, with the exception 
of mi-Net, which exhibited low accuracy already on the unperturbed 
inputs.

Next, following a similar experimental setting, we evaluated ro-
bustness to repeated inclusion of a low-information image within each 
group. Beginning with the original groups of six images, we pro-
gressively increased the group size by duplicating a single image, 
corresponding to the least informative configuration 24 h and 0.5 μM
(see Table  3), inserting one duplicate at a time for up to six insertions 
(i.e., doubling the group size).

As the number of duplicated images increased, the classification 
performance of all evaluated methods deteriorated (see Table  5). Nev-
ertheless, the proposed method consistently achieved the highest clas-
sification accuracy across all group sizes and exhibited the smallest 
relative performance degradation compared to its original accuracy. 
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Fig. 12. STRING protein–protein interaction networks for representative misclassified JUMP Target compounds. Networks show annotated targets for four 
compound pairs: (A) Diltiazem — Ro-20-1724, (B) Torcitabine — AZD1283, (C) NBQX — Baclofen, and (D) Saclofen — Somatostatin. Targets for the first and 
second compound in a pair are highlighted in black and red, respectively. In each case, the targets form interconnected clusters. Edges represent protein–protein 
associations supported by different evidence channels in STRING.
Fig. 13. Histogram of distances in STRING network according to two channels, co-expression and experimental, between all compound pairs and misclassified 
compound pairs.
Specifically, with six inserted images, the classification accuracy of the 
proposed method retained 61% of its original value, whereas AMIL and 
MI-Net retained only 44% and 49%, respectively.

6. Discussion

The primary focus of this work was compound classification directly 
from digital phase-contrast microscopy images. We demonstrated that 
a model trained specifically for this task could be repurposed for 
various related applications, including mechanism-of-action prediction 
(Section 5.5), treated-versus-control recognition (Section 5.6), and clas-
sification of a completely independent set of compounds (Section 5.7). 
This transferability demonstrates that the learned vector represen-
tations capture biologically meaningful features rather than dataset-
specific artifacts. Such an observation is encouraging for the long-term 
goal of analyzing the effects of previously unseen compounds, which 
could ultimately revolutionize visual in vitro drug screening.

Classification difficulty varied across compounds (Section 5.2). To 
understand the factors influencing classification difficulty, we com-
pared performance with cell viability data from the PRISM assay
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(Corsello et al., 2020). Compounds with substantial negative effects on 
cell viability or proliferation (low LFC values) tended to be classified 
more accurately (Section 5.3). To investigate misclassifications among 
compounds that were not cytotoxic, we analyzed their MoA classes 
(Fig.  7(b). L-type calcium channel blockers and dopamine receptor 
antagonists clustered in regions with higher F1 scores, indicating 
that these MoAs are more readily recognized even in the absence of 
strong proliferation effects. This is consistent with the observation 
that L-type calcium channel blockers, even when non-cytotoxic—or 
often even pro-proliferative—induce morphological changes, including 
cytoskeletal remodeling, altered cell shape, and organelle reorganiza-
tion, through modulation of intracellular calcium signaling (Jacquemet 
et al., 2016; Timar et al., 1992). Such phenotypic alterations can be 
captured by a CNN-based analysis, explaining why these non-cytotoxic 
compounds can still be classified accurately. Dopamine receptor an-
tagonists, which are also highly distinguishable in our analysis, are 
known to exert diverse effects on cancer cells (Chiang et al., 2022; 
Consoli et al., 2025; Park et al., 2025), potentially giving rise to het-
erogeneous but still detectable phenotypic signatures. Together, these 
results suggest that distinct morphological signatures associated with a 
compound’s MoA may contribute to classification performance, beyond 
simple effects on proliferation. Nevertheless, cytotoxicity emerged as 
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a key factor: prediction accuracy on a subset of 225 cytotoxic com-
pounds (87% Top-1, 98% Top-5) was substantially higher than for 
non-cytotoxic compounds and approached the accuracy reported in 
prior work conducted in a simpler setting with only four compounds 
and drug-specific configurations (98% Top-1) (Baručić et al., 2022). 
Accurate recognition of cytotoxic compounds is consistent with the 
strong morphological disruptions they induce, such as proliferation 
arrest, cell shrinkage, detachment, fragmentation, or loss of conflu-
ency. In contrast, non-cytotoxic compounds often act through subtler 
mechanisms that may not generate distinct morphological signatures, 
e.g., signaling modulation or metabolic interference.

Distinguishing treated from untreated samples performed very well, 
with an accuracy of 92% (Section 5.6). For context, this exceeds 
reported single-cell treatment recognition accuracies on three fluores-
cence datasets (94%, 85%, and 81%; average 87%) (Wiggins et al., 
2023). Such a predictor is particularly useful for primary phenotypic 
screening, where the main question is whether a compound has any 
detectable effect on cells.

Mechanism-of-action (MoA) classification was more challenging 
than compound identity prediction (Section 5.5). Besides technical 
challenges, the biology itself introduces ambiguity: many compounds 
act pleiotropically on multiple pathways and targets, and thus MoA 
labels are often based on dominant or historical definitions rather than 
strict molecular exclusivity. For example, 5-fluorouracil is annotated as 
a thymidylate synthase inhibitor, but it also interferes with RNA and DNA 
metabolism through incorporation into nucleic acids and interactions 
with other proteins (Longley et al., 2003). Such multifunctional activity 
leads to heterogeneous phenotypic outcomes that cannot be mapped 
cleanly onto a single MoA. Conversely, compounds with distinct molec-
ular targets may converge on shared outcomes such as apoptosis or cell 
cycle arrest. Nevertheless, the achieved MoA classification accuracy 
(60%) exceeded that of a recent study (45%) based on fluorescence 
images (Stossi et al., 2024). Kensert et al. (2019) reported a prediction 
accuracy of 95%–97%. However, their study was limited to only twelve 
MoAs exhibiting distinct a priori known visual features in the processed 
fluorescence images. Cox et al. (2020) also predicted MoAs from 
fluorescence images but restricted their analysis to active compounds. 
Despite these restrictions, they could accurately recognize only about 
half of the MoAs (41 out of 83).

Our STRING-based inspection of frequently misclassified compound 
pairs (Section 5.7.1) suggests that some JUMP Target compounds act on 
proteins within interconnected signaling and functional modules. In the 
examples in Fig.  12, the targets of confused compounds were linked by 
high-confidence protein–protein interactions and shared cellular pro-
cesses, consistent with pathway-level or pleiotropic targeting producing 
overlapping phenotypes and reduced separability. Extending beyond 
these examples, the network-distance analysis across all compound 
pairs showed that misclassified pairs are, on average, more closely 
positioned in STRING than arbitrary pairs, although the difference 
between the distributions was small. This indicates that target network 
proximity contributes to classification ambiguity but is not a dominant 
or sufficient explanation for the ≈68% performance plateau. Together, 
these findings suggest that while pathway connectivity and shared bi-
ological context shape confusion patterns, more research is required to 
explain the remaining performance limits on the JUMP Target dataset.

We confirmed a previous hypothesis (Baručić et al., 2022) that no 
single optimal concentration or exposure time exists for identifying 
all compounds. Both too high and too low compound concentrations 
can obscure phenotypic signatures. Similarly, some compounds act 
only after prolonged exposure, while others act rapidly. Our results 
show that grouping across multiple concentrations and exposure times 
consistently outperforms single-concentration or single-configuration 
analysis, which is in agreement with fluorescence-based findings on 
15 reporter cell lines (Cox et al., 2020). This reflects the biological 
reality that drug-induced phenotypes emerge progressively rather than 
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at discrete thresholds. Future studies should examine whether expand-
ing the range of experimental conditions, e.g., more concentrations, 
exposure times, or using multiple cell lines of different histogenetic 
origin and bearing different genetic alterations, could further improve 
classification performance.

From a machine learning perspective, our contribution is a simple 
yet effective group-based classification method, which yielded consis-
tent improvements over existing, more complex alternatives. Interest-
ingly, even the baseline method matched the performance of these 
more complex alternatives. Since the baseline method employed the 
same product-based aggregation for inference as our approach, this 
result highlights the suitability of the product-based aggregation for 
the problem at hand. Despite the limited number of training examples 
per class (15 groups per compound), our method was able to achieve 
high performance. The robustness of the proposed method to input 
perturbations (blurring and noise addition) is comparable to that of the 
alternative methods. Sensitivity to such perturbations seems indepen-
dent of the aggregation strategy and is likely attributable to the feature 
encoder. In contrast, the proposed product-based aggregation strategy 
proves beneficial when handling groups containing a high proportion 
of low-information images.

Finally, our study underscores the broader advantages of digital 
phase-contrast imaging. Biologically, the method is non-invasive, pre-
serves cell physiology, and enables longitudinal imaging of the same 
treated cells — a capability not offered by endpoint fluorescence assays. 
It also offers significant economy and efficiency gains: a full 384-
well plate can be imaged in about 45 min, compared with three to 
five hours reported for fluorescence-based campaigns (Stossi et al., 
2024). This reduction in acquisition time directly alleviates one of the 
primary bottlenecks in high-throughput screening. We emphasize that 
comparisons to fluorescence-based methods in this work are indirect 
and rely on published results rather than experiments conducted under 
identical conditions.

Despite strong performance, challenges remain for future work. 
Dataset diversity was limited to two libraries, and further studies 
on larger and more heterogeneous compound collections are needed 
to confirm generalizability. While the learned representations are bi-
ologically meaningful, their interpretability is limited. Future work 
should explore integrating phase-contrast imaging with complementary 
modalities (e.g., transcriptomics or proteomics), expanding the range of 
experimental conditions, and developing interpretable ML approaches 
to link features more directly to mechanisms.

7. Conclusion

We present a deep learning-based method for identifying com-
pounds applied to cultured cells from digital phase-contrast microscopy 
images. The method achieves high classification accuracy on more than 
1000 compounds from a large library, demonstrating its suitability for 
high-throughput phenotypic drug screening.

A key innovation of our approach is the use of image groups, where 
each group combines multiple concentrations and exposure times of 
a given compound. This formulation reflects the biological reality that 
compound responses are both concentration- and time-dependent.

Beyond compound identity, the learned feature encoder generalizes 
to related tasks, including MoA prediction and treated-versus-control 
classification, as well as classification of an independent compound li-
brary. This transferability indicates that the model captures biologically 
meaningful features rather than dataset-specific artifacts.

Despite relying solely on label-free digital phase-contrast imag-
ing, our approach achieved performance that matched or exceeded 
the performance reported by prior fluorescence-based methods across 
several tasks. These results highlight the potential of digital phase-
contrast imaging, when paired with appropriate machine learning mod-
els, as a viable, scalable, cost-effective, and non-invasive alternative for 
phenotypic screening.
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Appendix A. Evaluation metrics

Consider a sample of 𝑚 labeled groups {𝐗𝑗 , 𝑦𝑗}𝑚𝑗=1, where 𝑦𝑗 is the 
true label. Let 𝑇 𝑗

𝑘  denotes a sequence of predicted labels, with 𝑇
𝑗
1 = 𝑦̃𝑗

being the most likely label, 𝑇 𝑗
2  the second most likely label, etc. The 

notation [[⋅]] is the Iverson bracket. For a binary problem, we assume 
𝑦 = 0 for the negative class and 𝑦 = 1 for the positive class.

 Problem Metric Formula  

 General Accuracy (Top-1 
accuracy) 

Acc = 1
𝑚

𝑚
∑

𝑗=1
[[𝑦𝑗 = 𝑦̃𝑗 ]]  

 Top-𝑘 accuracy Acc𝑘 = 1
𝑚

𝑚
∑

𝑗=1
[[𝑦𝑗 ∈ 𝑇 𝑗

𝑘 ]]  

 Binary Precision Prec =

∑𝑚
𝑗=1[[𝑦

𝑗 = 1 ∧ 𝑦̃𝑗 = 1]]
∑𝑚

𝑗=1[[𝑦̃𝑗 = 1]]
 

 Recall (True 
positive rate)

Rec =

∑𝑚
𝑗=1[[𝑦

𝑗 = 1 ∧ 𝑦̃𝑗 = 1]]
∑𝑚

𝑗=1[[𝑦𝑗 = 1]]
 

 False positive 
rate 

FPR =

∑𝑚
𝑗=1[[𝑦

𝑗 = 0 ∧ 𝑦̃𝑗 = 1]]
∑𝑚

𝑗=1[[𝑦𝑗 = 0]]
 

 Multiclass Precision (for 
class 𝑙) 

Prec(𝑙) =

∑𝑚
𝑗=1[[𝑦

𝑗 = 𝑙 ∧ 𝑦̃𝑗 = 𝑙]]
∑𝑚

𝑗=1[[𝑦̃𝑗 = 𝑙]]
 

 Recall (for class 
𝑙) 

Rec(𝑙) =

∑𝑚
𝑗=1[[𝑦

𝑗 = 𝑙 ∧ 𝑦̃𝑗 = 𝑙]]
∑𝑚

𝑗=1[[𝑦𝑗 = 𝑙]]
 

 𝐹1-Score (for 𝐹1(𝑙) =
2 ⋅ Prec(𝑙) ⋅ Rec(𝑙)
Prec(𝑙) + Rec(𝑙)

 

class 𝑙)
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A.1. STRING network distance

Each JUMP Target compound 𝑘 is associated with a set of target 
proteins 𝑃𝑘. We computed the distance between two compounds 𝑘 and 
𝑙 as

min
𝑝𝑘∈𝑃𝑘

min
𝑝𝑙∈𝑃𝑙

𝑑(𝑝𝑘, 𝑝𝑙),

where 𝑑(𝑝𝑘, 𝑝𝑙) is the number of edges between proteins 𝑝𝑘 and 𝑝𝑙
in the STRING network. We considered a high-confidence interaction 
threshold (>700∕1000) and employed the stringdb library for Python 
to query the STRING network. Compound pairs for which no connecting 
path was present in the STRING network were excluded from the 
analysis.

Appendix B. Data preparation

B.1. Cell culture and treatments

The U2OS cell line was obtained from ATCC and cultured in 
McCoy’s 5 A Medium supplemented with 10% fetal bovine serum (FBS) 
and penicillin/streptomycin. Cells were routinely screened for my-
coplasma contamination via qPCR. For experiments, cells were seeded 
in 384-well PhenoPlateTM (Revvity, cat 6057328) at a density of 1000
cells per well in 30 μL and allowed to settle at room temperature for 
30 min before being transferred to a rotating incubator at 37 ◦C with 5% 
CO2. After 24 h, without media exchange, cells were treated with the 
reference compounds at three concentrations: 50 μM, 5 μM, and 0.5 μM. 
All compounds were reconstituted in DMSO at stock concentrations of 
10mM or 1mM. The first and last two columns of each source plate were 
reserved for DMSO controls. Compounds and DMSO were dispensed 
at the desired concentrations in randomized order using a Labcyte 
Echo 550 acoustic liquid handler to minimize positional effects. Refer-
ence compounds were sourced from the LOPAC1280 library (LO1280; 
Sigma-Aldrich). Each experimental batch also included a plate treated 
with JUMP Target compounds purchased from Spec with product num-
ber CR-12417. While the JUMP consortium recommends a standard 
concentration of 5 μM, compounds were additionally screened at 50 μM
and 0.8 μM to allow direct comparison with the LOPAC dataset. As with 
the LOPAC plates, the JUMP source plate was reconstituted in DMSO 
at a stock concentration of 10mM and included DMSO controls dis-
tributed across the plate and compounds were dispensed in randomized
order.

B.2. Digital phase-contrast imaging

Plates were imaged at two timepoints, 24 h and 72 h, to capture 
early and late responses, using a Yokogawa CV8000 high-throughput 
spinning disk confocal microscope configured for digital phase contrast. 
Imaging was conducted with a 20 ×𝑊 ∕1.0 objective, acquiring a short 
z-stack (3 z-planes, 1 μm apart) with on-the-fly image merging. Six fields 
of view (FOVs) were captured per well. Under these settings, a full 
384-well plate could be imaged in approximately 45 min, depending 
on exposure time and the number of FOVs, generating a total file 
size of approximately 4.5GB per plate. The spatial resolution of each 
image was 1000 × 1000 pixels. All imaging steps were automated 
using a HighResBio robotics platform, which included a fully integrated 
plate-loading system synchronized with the Yokogawa CV8000 and 
a SteriStore incubator.
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B.3. Fluorescence imaging

Following the acquisition of digital phase-contrast images at the 72-
hour treatment timepoint, the same plates were subsequently stained 
with the Hoechst 33342 nucleic acid stain (Thermo Fisher, cat. no. 
62249) at a final concentration of 2 μM for 20 min. Stained plates were 
then imaged using a Yokogawa CV8000 high-content imaging system 
with a 10× objective. A short z-stack (2 z-planes, 1 μm apart) was ac-
quired with on-the-fly image merging. The Hoechst signal was excited 
with a 405 nm laser and detected using a 445∕45 nm emission filter. Four 
fields of view (FOVs) were captured, each covering a different quadrant 
of the well. Under these settings, a full 384-well plate could be imaged 
in approximately 20 min, depending on exposure time and number 
of FOVs, with each plate generating approximately 11.5GB of image 
data. All imaging steps were automated using a HighResBio robotics 
platform, which included a fully integrated plate-loading system syn-
chronized with the Microplate Sample Processor (BioTek Precision XS), 
the Yokogawa CV8000, and a SteriStore incubator. Fluorescent image 
data were imported into Signals Image Artist (Revvity) for analysis, 
including quantification of nuclear count, size, and intensity, which 
served as internal quality control metrics for assessing cell health and 
consistency across plates and batches.

B.4. Cytotoxicity MTS assay

Cytotoxicity assays were performed using the MTS tetrazolium salt,5 
which serves to quantify the number of metabolically active cells in the 
culture. Briefly, cells were seeded into 384-well clear-bottom Corning 
plates using a MultiDrop Combi dispenser (Thermo Fisher Scientific) 
at a density of 1000 cells per well in 30 μL of medium. The following 
day, cells were treated with test compounds at a final concentration 
of 50 μM, along with vehicle control (DMSO) and positive cytotoxic 
controls—Actinomycin D (2.67 μM) and Mitomycin C (100 μM). Com-
pound addition was performed using an Echo 555 acoustic liquid 
handler (Labcyte, USA). The same compound source plates were used 
as in the imaging experiments. After 72 h of compound exposure, 
5 μL of MTS reagent (Promega) was added to each well, and plates 
were incubated for additional 1–4 h. Absorbance was then measured 
at 490 nm using an EnVision multimode plate reader (PerkinElmer). 
All experiments were performed in technical duplicates with at least 
three independent biological replicates. This was a single-concentration 
primary screen; therefore, IC50 values were not determined. Instead, 
compounds were considered cytotoxic if they showed measurable ac-
tivity compared to control at 50 μM and non-cytotoxic if no significant 
activity was observed at that concentration.

Data availability

All data and analysis code are openly available in our repository and 
on GitHub. Persistent open links to both are provided in the manuscript.
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