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% Check for updates Cell Painting (CP), as a high-throughput imaging technology, generates

extensive cell-stained imaging data, providing unique morphological insights
for biological research. However, CP data contains three types of technical
effects, referred to as triple effects, including batch effects, gradient-
influenced row and column effects (well-position effects). The interaction of
various technical effects can obscure true biological signals and complicate
the characterization of CP data, making correction essential for reliable ana-
lysis. Here, we propose cpDistiller, a triple-effect correction method specially
designed for CP data, which leverages a pre-trained segmentation model
coupled with a semi-supervised Gaussian mixture variational autoencoder
utilizing contrastive and domain-adversarial learning. Through extensive
qualitative and quantitative experiments across various CP profiles, we
demonstrate that cpDistiller effectively corrects triple effects, especially well-
position effects, while preserving cellular heterogeneity. Moreover, cpDistiller
effectively captures system-level phenotypic responses to genetic perturba-
tions and reliably infers gene functions and interactions both when combined
with scRNA-seq data and independently. cpDistiller also demonstrates pro-
mising capability for identifying gene and compound targets, highlighting its
potential utility in drug discovery and broader biological research.

Advanced high-dimensional assay technologies, such as tran-
scriptomics and epigenomics profiling, offer remarkable depth and
breadth in molecular-level biological research’. Despite their strengths,
these technologies often focus exclusively on specific molecular
changes, lacking the capability to observe changes at the system level
of cell state, which involves many complex and unknown processes. To
obtain information at the cellular system level, high-throughput ima-
ging technologies have been developed to produce useful profiles of
cell phenotypes by imaging stained cells**. However, these image-
based technologies also have their limitations, as they typically focus

on biological processes with known associations or assumptions,
thereby constraining the discovery in existing knowledge’. Moreover,
traditional methods that include both high-dimensional assays and
image-based technologies are often constrained by their complexity
and high costs. To overcome these issues, the technology, known as
Cell Painting (CP), has been proposed as a solution. Specifically, CP
technology involves staining eight cellular components with six
remarkably cheap and easy dyes and imaging them in five channels on
afluorescence microscope®, which is simple to operate and less costly’.
Beyond ease of use, CP technology operates on a new paradigm by

'Centre for Bioinformatics and Intelligent Medicine, College of Computer Science, Nankai University, Tianjin, China. 2School of Mathematical Sciences and LPMC,
Nankai University, Tianjin, China. *MOE Key Laboratory of Bicinformatics and Bioinformatics Division of BNRIST, Department of Automation, Tsinghua University,
Beijing, China. “These authors contributed equally: Chengwei Yan, Yu Zhang, Jiuxin Feng. " e-mail: jianliu@nankai.edu.cn; chenshengquan@nankai.edu.cn

Nature Communications | (2025)16:6886 1


http://orcid.org/0009-0006-7754-7006
http://orcid.org/0009-0006-7754-7006
http://orcid.org/0009-0006-7754-7006
http://orcid.org/0009-0006-7754-7006
http://orcid.org/0009-0006-7754-7006
http://orcid.org/0000-0003-2061-6040
http://orcid.org/0000-0003-2061-6040
http://orcid.org/0000-0003-2061-6040
http://orcid.org/0000-0003-2061-6040
http://orcid.org/0000-0003-2061-6040
http://orcid.org/0000-0002-3503-9306
http://orcid.org/0000-0002-3503-9306
http://orcid.org/0000-0002-3503-9306
http://orcid.org/0000-0002-3503-9306
http://orcid.org/0000-0002-3503-9306
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-62193-z&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-62193-z&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-62193-z&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-62193-z&domain=pdf
mailto:jianliu@nankai.edu.cn
mailto:chenshengquan@nankai.edu.cn
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-62193-z

collecting data on a large scale without an initial focus on specific
hypotheses or known knowledge to reveal unanticipated biology at
play. With these advantages, CP technology has shed light on novel
phenotypes and cellular phenotypic heterogeneity, providing a valu-
able complement to genomics®. It also has been successfully used to
characterize genes’ ™ and compounds*"* in several steps of the drug
discovery process.

As CP technology has developed and been increasingly applied, a
large amount of data has been accumulated”. In 2023, scientists
established the Joint Undertaking for Morphological Profiling JUMP)
dataset, a standardized collection of cell-stained images featuring over
116,000 unique compound perturbations and more than 15,000
unique genetic perturbations™. Despite the dataset’s substantial ana-
lytical potential, technical effects caused by non-biological factors
pose significant challenges in the analysis process. Some of these
technical effects, resulting from variations across different labora-
tories, batches within laboratories, and even different microscopes,
have been observed in the JUMP dataset™'°. As a representative
example, the open reading frame (ORF) overexpression dataset from
cpg0016, used here as a unified data source, exhibits batch effects
arising from technical variation across experiments'. In addition to
these well-recognized technical effects observed in most data collec-
tion techniques, previous studies have found that CP features extrac-
ted using the conventional tool, CellProfiler”, exhibit distinctive well-
position effects'. Concretely, well-position effects arise from the
unique design of the CP experiment. In CP technology, experimental
plates are typically organized into 16 rows and 24 columns, totaling
384 wells, with each well influenced by both row effects and column
effects. We collectively refer to row effects, column effects, and the
effects of different batches as triple effects. The complex and com-
bined triple effects can lead to deviations from accurate biological
profiles and thus need to be corrected urgently.

To the best of our knowledge, no methods have been specifically
designed to correct triple effects, especially well-position effects in CP
profiles. Although there exist some batch correction methods
designed for single-cell data, directly applying them to CP data remains
challenging for several reasons. First, the characteristics of CP data
differ significantly from single-cell data, as CP data is denser and
exhibits lower variability compared to single-cell data’®. Second, well-
position effects in CP data contrast with batch effects in single-cell
data, as row or column effects show a gradient-influenced pattern,
where greater differences in row or column numbers lead to more
pronounced effects. Third, the triple effects, especially row and col-
umn effects, are complexly interactive and need to be corrected
simultaneously. Some methods, such as scVI”’, can correct only one
type of technical effect and are constrained to correct multiple tech-
nical effects. Although methods like Harmony*® model one type of
technical effect at a time and can correct all effects one by one, they are
unable to simultaneously model triple effects in CP data.

Besides the challenges of correcting triple effects, existing studies
that rely on the current standard feature extraction pipeline using the
CellProfiler still encounter several unresolved disputes and
limitations™. First, while well-position effects are primarily introduced
at the imaging level, it remains unclear whether different feature
extraction paradigms, such as traditional pipelines or pre-trained deep
learning models, capture these effects in a consistent manner, parti-
cularly those exhibiting gradient-influenced patterns. Second,
although CellProfiler is a flexible platform that supports deep learning
tools through its plugin ecosystem?®, the current standard feature
extraction pipeline using CellProfiler still predominantly relies on tra-
ditional computer vision features and requires expert selection during
its feature extraction pipeline, which may overlook certain relevant
phenotypic variation®. In contrast, pre-trained segmentation models
extract features through a different paradigm, where spatial and
morphological patterns are learned directly from large-scale image

data, rather than relying on manually engineered processing. This
distinct extraction paradigm may capture phenotypic variations that
are underrepresented in conventional pipelines, thereby providing
complementary information for downstream analysis.

Here, we show a one-stop method named cpDistiller for correct-
ing triple effects and extracting latent patterns in CP data. cpDistiller
mainly comprises three modules: the extractor module for deriving
more comprehensive image information, the joint training module for
integrating dual-source features, and the technical correction module
for simultaneously correcting batch, row, and column effects. Speci-
fically, the extractor module, inspired by transfer learning, employs a
pre-trained segmentation model in an end-to-end manner, which is
adjusted to extract features from nearly 30 terabytes of raw images.
The joint training module aligns the features extracted by both Cell-
Profiler and the extractor module, improving the model’s ability to
better characterize cell-to-cell variation. The technical correction
module employs a semi-supervised Gaussian mixture variational
autoencoder (GMVAE), incorporating contrastive and domain-
adversarial learning strategies, to simultaneously correct technical
effects. Based on comprehensive experiments across various CP pro-
files, we demonstrate that cpDistiller excels in both qualitative visua-
lizations and quantitative metrics, outperforming five baseline
methods in single-batch well-position effect correction as well as
simultaneous triple-effect correction, all while preserving biological
heterogeneity. Besides, we showcase the extensive capabilities of
cpDistiller, including the ability to integrate more information-rich
image features, the support for incremental learning, and the robust-
ness to various feature selection strategies. Moreover, we emphasize
that cpDistiller effectively captures system-level phenotypic responses
to genetic and chemical perturbations, serving as a powerful tool to
complement single-cell RNA sequencing (scRNA-seq) data for unco-
vering gene functions and relationships. In addition to the combina-
tion with scRNA-seq, cpDistiller has the potential to provide unbiased
insights into gene associations independently. Furthermore, by
improving the matching of genetic perturbations with their target
genes and enhancing gene-compound similarity assessments, cpDis-
tiller shows strong promise for accelerating the identification of tar-
gets, which is quite valuable in facilitating drug discovery and various
fields of biological research.

Results

The overall architecture of cpDistiller

cpDistiller maps the input data to the low-dimensional embedding
space that aims to correct triple effects while capturing true biological
signals. Specifically, cpDistiller is composed of three main modules:
the extractor module, the joint training module, and the technical
correction module (Fig. 1).

cpDistiller processes CP images at a resolution of 1080 x 1080
pixels and extracts comprehensive features from each well. These
features form a matrix, where rows represent samples (cells, wells, or
perturbations) and columns correspond to extracted features. We first
extract features from the raw images using CellProfiler, a widely used
approach, and refer to these features as CellProfiler-based features.
Drawing inspiration from transfer learning, we further develop the
extractor module based on an end-to-end pre-trained segmentation
model to automatically extract features, and refer to these features as
cpDistiller-extractor-based features (“Methods”).

Then, the two sets of features are introduced into the joint
training module for integration. The CellProfiler-based features retain
unprocessed, while the cpDistiller-extractor-based features are trans-
formed through an attention mechanism-based encoder, reducing
them to a latent space, and then reconstructed via a decoder. This
encoder-decoder structure, applied exclusively to the cpDistiller-
extractor-based features, ensures feature refinement by reducing
noise and enhancing the quality of the representations. The attention
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Fig. 1| Overview of cpDistiller. a, b cpDistiller takes CP images as input (a) and
extracts features by CellProfiler and the extractor module (b). ¢ The joint training
module integrates features from both the cpDistiller-extractor module and Cell-
Profiler. The CellProfiler-based features retain unprocessed, while the cpDistiller-
extractor-based features undergo the encoder-decoder architecture with an
attention mechanism. These refined features are then input into the technical
correction module. d The technical correction module, built on a GMVAE, infers
pseudo-labels and obtains low-dimensional representations. In the low-
dimensional space derived from the GMVAE, representations pass through a

projection head before applying the triplet loss to restore more accurate nearest-
neighbor relationships. In addition, three discriminators are designed to predict
batch, row, and column labels, and the technical correction module uses the GRL to
enable adversarial learning to correct triple effects. Moreover, the exponential
moving average (EMA) is applied during training, and the averaged parameters are
used as the final model parameters. e The low-dimensional embeddings obtained
by cpDistiller facilitate a range of applications, including data visualization, iden-
tification of gene relationships, and various perturbation retrieval tasks.

mechanism emphasizes key features across dimensions, facilitating a
more effective combination with the CellProfiler-based features while
filtering out irrelevant information (“Methods”).

The technical correction module, with a GMVAE at its core,
infers pseudo-labels for each well in a semi-supervised mode
using the features integrated by the joint training module. These
pseudo-labels represent the Gaussian components that char-
acterize the underlying patterns of each well, capturing the dif-
ferences among these patterns. By combining these pseudo-labels
along with the integrated features, the technical correction
module derives the latent low-dimensional representations for
each well. We also employ both contrastive and domain-
adversarial learning strategies. In contrastive learning, we use
k-nearest neighbors (KNN) and mutual nearest neighbors (MNN)
to construct triplets, applying triplet loss** to restore more
accurate nearest-neighbor relationships for each well. To

facilitate domain-adversarial learning and avoid stage-wise train-
ing in generative adversarial networks (GANs)*, we further apply
the gradient reversal layer (GRL)** in an end-to-end training
approach, making it harder for discriminators to distinguish data
sources and thus removing technical effects. In addition, for
calculating the discriminator loss, we design a soft label dis-
tribution tailored to the gradient-influenced pattern of the CP
data, where each entry in the distribution vector reflects its
proximity to the actual data source for a more accurate
representation.

To the best of our knowledge, no specialized methods are available
for correcting triple effects, especially well-position effects in CP data.
However, a recent benchmark study has explored the application of
single-cell batch correction methods as a potential solution®. In light of
this, we compared cpDistiller with methods that excel at removing batch
effects in single-cell data, including Seurat v5*, Harmony*°, Scanorama®®,
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scVIY, and scDML”. Among them, Seurat v5”, Harmony”, and
Scanorama® can iteratively correct triple effects by sequentially incor-
porating different technical labels (removal of batch, row, and column
effects one after another), as they are based on low-dimensional
representations, which allow for flexible, stepwise corrections. In con-
trast, scVI” and scDML” directly model the original high-dimensional
inputs to obtain low-dimensional representations, making them less
suitable for iterative correction and limiting them to address only one
type of technical effect (one of batch, row, or column effects). Although
established metrics for evaluating technical correction in CP profiles
were previously limited, recent studies have introduced well-motivated
and biologically relevant evaluation criteria tailored to CP profiling
data®. Therefore, we adopted both these profiling-specific metrics and
widely used single-cell analysis metrics to assess the effectiveness of
different methods in correcting technical effects while preserving bio-
logical variation. Metrics such as average silhouette width (ASW)”,
technic average silhouette width (tASW)*° and graph connectivity® are
used to measure the model’s ability to remove technical effects, while
perturbation average silhouette width (pASW)*, normalized mutual
information (NMI)*, phenotypic activity”® and phenotypic consistency®
are used to evaluate the characterization of heterogeneity (“Methods”).
Besides, although our study focuses on triple effects, we also evaluate
the models’ performance in mitigating plate effects, which represent a
well-recognized source of systematic variation in CP assays®, to enhance
the robustness of our assessment (“Methods”).

The features derived from CellProfiler and cpDistiller-extractor
module confirm triple effects

Previous studies have identified three types of technical effects in CP
data: batch, row, and column effects®. Notably, row and column
effects suggest the special well-position effects. Following the prior
study™, we employed CellProfiler to obtain 1,446-dimensional features
(CellProfiler-based features) from the open reading frame (ORF)
overexpression dataset in c¢pg0016, and then performed uniform
manifold approximation and projection (UMAP)* for these features.
From the UMAP visualization, we observed distinct clustering patterns
corresponding to different batches, rows, and columns (Fig. 2a). Batch
effects are evident as patterns from different batches cluster into
separate groups, while row and column effects are displayed as color
gradients in the visualization, highlighting the presence of triple
effects (Fig. 2a). To investigate whether row and column effects are
evident within a single batch, we further observed the CellProfiler-
based features from Batch_7. The UMAP visualizations revealed color
gradients, indicating a gradient-influenced pattern where more distant
rows or columns exhibit more pronounced effects, a phenomenon
consistently observed across 12 batches (Fig. 2a and Supplementary
Figs. 1-3).

To investigate whether different feature extraction paradigms
capture triple effects in a consistent manner, especially unique well-
position effects, we developed the cpDistiller-extractor module, based
on the pre-trained segmentation model Mesmer®, to extract deep-
learning features (cpDistiller-extractor-based features). As illustrated
in Fig. 2a, UMAP visualizations of the cpDistiller-extractor-based fea-
tures from 12 batches display slight batch effects and clear, consistent
effects related to row and column (Fig. 2a). We further plotted and
observed the density distributions of the scatter points along the x and
y axes in the UMAP visualizations. These distributions revealed distinct
peaks corresponding to different batches, indicating the presence of
batch effects (Fig. 2a). In addition, we observed that the distributions
for rows and columns were non-overlapping, with row-specific and
column-specific peaks highlighted in red boxes, suggesting the exis-
tence of row and column effects (Fig. 2a). Furthermore, UMAP visua-
lizations of the cpDistiller-extractor-based features from Batch_ 7
demonstrated clear evidence of row and column effects (Fig. 2b), a
pattern that was consistently observed across all batches

(Supplementary Figs. 4 and 5). These results indicate that cpDistiller-
extractor-based features are also capable of capturing well-position
and batch effects. Compared to CellProfiler-based features, the batch
effects appeared less pronounced, while row and column effects were
still consistently observed. Notably, these deep learning-derived fea-
tures did not exhibit the typical gradient-influenced patterns observed
with CellProfiler-based features. Instead, the well position effects
manifested in a more diffuse and less spatially structured form.

To investigate whether the cpDistiller-extractor module can cap-
ture relevant information, such as the cell nucleus from CP images, we
compared its segmentation results with those obtained from CellPro-
filer. As illustrated in Fig. 2c, the Mesmer model, which serves as the
core of the cpDistiller-extractor module, produced reasonable seg-
mentation results for cell nuclei that were broadly consistent with
CellProfiler software (Supplementary Note 1 and Supplementary
Fig. 6). Before adopting Mesmer, we also assessed the widely used
LACSS* and YOLOV8* models as alternatives. However, neither was
able to accurately locate cell nucleus (Fig. 2c and Supplementary
Fig. 7). We further tested the YOLOv8 model with various parameters,
but the results confirmed that it remained ineffective for cell nucleus
detection and segmentation in CP data (Supplementary Fig. 7). Details
regarding the pre-trained model settings can be found in Supple-
mentary Note 2.

In conclusion, features from both CellProfiler and the cpDistiller-
extractor module captured information about the cell nucleus in CP
images and revealed the inherent batch, row, and column effects of
CP data.

cpDistiller effectively corrects well-position effects and pre-
serves cellular phenotypic heterogeneity

We first conducted experiments on the cpg0016 ORF profiles derived
from the U20S cell type in the JUMP dataset to demonstrate the effec-
tiveness of cpDistiller. The cpg0016 ORF profiles consisted of 12 bat-
ches, and we used Batch_1 as an example. In the visualization of Baseline
(defined in “Methods” as CellProfiler-based features after standard pre-
processing without any correction), UMAP visualization reveals a
gradient-influenced pattern (highlighted with a red box), with more
distant rows or columns exhibiting more pronounced effects (Fig. 3a, b
and results from other methods and batches in Supplementary
Figs. 8-19). We then visualized the low-dimensional embeddings
obtained by cpDistiller and observed that the gradient-influenced pat-
tern was significantly reduced. The data distribution across different
rows was more uniform, and the previously pronounced column effects,
particularly the large differences between low-numbered columns (e.g.,
Column_1) and high-numbered columns (e.g., Column_24), were
well-mixed and greatly corrected, as highlighted by the red boxes in
Fig. 3a, b. These demonstrated that cpDistiller can effectively correct
both row and column effects. Importantly, edge effects are commonly
observed in CP experiments and often appear as similar profiles among
wells located at the outermost rows and columns, such as Row A and
Row P or Column_l and Column_24*. However, the results suggested
that the observed improvements are not attributable to edge effects,
which were minimal in the ORF dataset, but rather reflect cpDistiller's
ability to correct the well-position effects beyond those related to out-
ermost wells (Supplementary Note 3 and Supplementary Figs. 20-22). It
is noted that cpDistiller reconstructs local neighborhoods based on
feature similarity, ensuring that wells are brought closer only when
supported by underlying biological resemblance (“Methods”). As high-
lighted by the blue boxes in Fig. 3b, this integration involves wells from
various positions across the columns, rather than being limited to edge
wells. Moreover, overexpression reagents and compounds are theore-
tically expected to induce significant differences in cell phenotypes
between negative and positive controls. While simple cell counts can
reflect certain phenotypic changes, such as cytotoxicity or cell death®”,
they are insufficient to capture the full spectrum of morphological
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Fig. 2 | CellProfiler and cpDistiller-extractor module confirm triple effects.

a The UMAP visualizations of CellProfiler-based features (left) and cpDistiller-
extractor-based features (right), colored by batch, row, and column, respectively.
b The UMAP visualizations of embeddings obtained by the cpDistiller-extractor
module in Batch_7, colored by row and column, respectively. ¢ Images show

segmentation or detection results of different models. The raw image is derived
from one of the nine sub-images in a well from the CP images. Segmentation results
are shown as black areas for Mesmer and CellProfiler, while detection results in the
LACSS are highlighted with red boxes. YOLOVS fails to produce reliable cell nucleus
segmentation results from CP images. The scale bar represents 100 pm.

variation (Supplementary Note 4 and Supplementary Figs. 23-26). By
utilizing UMAP to visualize the impact of various perturbations, cpDis-
tiller successfully differentiated positive controls, including
JCP2022 037716 (AMG-900), JCP2022 035095 (LY2109761), and
JCP2022_ 012818 (C23H17CI2N504) from negative controls across var-
ious batches, highlighting its ability to extract biologically meaningful
representations beyond cell count alone (Supplementary
Figs. 8-19 and 24). In addition to analyzing the controls, we also
explored the ORF perturbations in treatment. cpDistiller successfully
identified perturbations caused by 12 reagents in treatment and pre-
served their unique stimulatory effects, which were obscured in results
of Baseline due to well-position effects (Fig. 3¢ and Supplementary
Fig. 27). In contrast, UMAP visualizations and hierarchical clustering
results suggest that methods like scDML” and scVI”, which are limited

to correcting only one type of technical effects, struggle to preserve
biological variation while also failing to effectively correct well-position
effects (Supplementary Figs. 8-19 and 27). Although these methods may
achieve partial mixing across rows and columns, they still fail to remove
most non-biological noise, such as the clear striping pattern, particularly
noticeable in Batch_5 and Batch_8 (Supplementary Figs. 12 and 15). While
methods like Harmony®, Seurat v5%, and Scanorama® can iteratively
correct well-position effects, they also fall short in preserving the true
biological variation of ORF perturbations (Supplementary Fig. 27).

It's noted that visual analysis and quantitative metrics do not
always align, and both perspectives are essential for a comprehensive
evaluation of model performance®. To quantitatively demonstrate the
advantages of cpDistiller in correcting well-position effects, we further
conducted experiments in 12 batches, evaluating each batch
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reagents in treatment, graphically rendered based on low-dimensional repre-
sentations generated by different methods. Baseline represents the preprocessed
but uncorrected CellProfiler-based features. d Quantitative evaluation of the per-
formance of different methods on ORF profiles across 12 batches, where each batch
is analyzed independently to assess the correction of well-position effects while
preserving biological variation. The ASW and tASW metrics yield three results

scDML-column [l scViI-row B scVI-column

based on row labels, column labels, and plate labels, respectively. In the boxplots,
center lines indicate the medians, box limits show upper and lower quartiles,
whiskers represent the 1.5 x interquartile range, and notches reflect 95% confidence
intervals via Gaussian-based asymptotic approximation. Each data point represents
one biologically independent batch (n =12), with batches differing in their experi-
mental context and typically containing distinct gene perturbations. e Heatmap
shows p-values from one-sided paired Wilcoxon signed-rank tests. Each cell in the
heatmap reflects the statistical significance of one method’s (row) superiority over
another (column), derived from 132 evaluations across 12 batches using 11
metrics (n=132).

independently without cross-batch integration. Performance was then
assessed by ASW, tASW, and graph connectivity as suggested in refs.
29,30. ASW and tASW were used to assess the extent of data mixing
across different technical labels. Graph connectivity assumed that,
once technical effects were corrected, data with the same biological
labels, specifically perturbation labels, should cluster more tightly.
cpDistiller achieved higher scores than baseline methods in most
evaluation criteria and maintained robust performance across batches

(Fig. 3d), indicating superior performance in both uniformly mixing CP
profiles and accurately reflecting cell phenotype differences induced
by various perturbations.

We further assessed the preservation of biological variation via
metrics such as phenotypic activity, phenotypic consistency, pASW,
and NMI. Phenotypic activity evaluates whether replicates of a per-
turbation produce consistent morphological changes that are distin-
guishable from negative controls, while phenotypic consistency
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assesses whether perturbations with shared biological functions yield
comparable phenotypic profiles. cpDistiller excelled in phenotypic
activity and phenotypic consistency, particularly achieving the highest
scores among all baseline methods, indicating its ability to effectively
detect perturbation effects and retain biologically meaningful rela-
tionships across perturbations (Fig. 3d). In addition, for the clustering
metrics of pASW and NMI, which were used to assess the clustering
quality of replicated experiments involving the same types of pertur-
bations as suggested in ref. 30, cpDistiller also showed robust and
competitive performance compared to other methods (Fig. 3d).
Harmony?® has demonstrated excellent performance in removing
batch effects for CP data in recent benchmark analysis” and also
emerges as the most effective baseline method for correcting row and
column effects in our study. Nevertheless, it does not perform well in
preserving biological heterogeneity, which limits its utility in down-
stream biological interpretation. Interestingly, Baseline also showed
high biological scores. This observation is consistent with prior studies
in omics research, which have shown that uncorrected data can
sometimes preserve biological heterogeneity’>***. Nevertheless,
there is broad consensus that proper correction is necessary to reduce
technical effects while retaining meaningful signals®>**~*., In particular,
we noted that the high scores of Baseline may partially result from
shared well-positions across plates, where replicate samples may
appear more similar due to shared technical effects, potentially
inflating biological consistency scores, a concern also raised in
refs. 42,43. These findings highlight the importance of using appro-
priate correction methods to disentangle technical variation from true
biological signals. To further demonstrate the significant advantages
of cpDistiller, we used one-sided paired Wilcoxon signed-rank tests to
compare the performance of different methods across 12 batches. The
p-values highlighted cpDistiller’s significant advantages in removing
well-position effects and preserving biological variation across bat-
ches, outperforming all baseline methods (Fig. 3e).

Besides, in our previous experiments with baseline methods like
Seurat v5*, Harmony?’, and Scanorama®®, which can iteratively remove
well-position effects, we initially corrected rows before columns. To
investigate whether the performance of these methods was influenced
by the order of correction, we also applied the reverse order, namely
correcting columns before rows. The box plots across 12 batches
showed consistent difference in performance when the same method
was applied with different correction orders (Supplementary Fig. 28a).
However, when we used one-sided paired Wilcoxon signed-rank tests
for a more detailed quantification of performance differences, we
observed that the differences were statistically significant for Harmony
and Scanorama, indicating that correcting rows before columns gen-
erally yielded better results than the reverse order. In contrast, Seurat
v5 did not exhibit a consistent trend between the two correction
orders (Supplementary Fig. 28b).

In summary, cpDistiller demonstrated superior performance on
12 batches of ORF data spanning diverse CP profiles, achieving a
satisfactory balance between correcting well-position effects and
preserving cellular phenotypic heterogeneity.

cpDistiller enables effective and simultaneous correction of
triple effects

After integrating ORF profiles from 12 batches and visualizing them
using UMAP, we observed batch effects in addition to well-position
effects (Fig. 2a). Although these batch effects became less prominent
after applying the median absolute deviation (MAD) normalization
(“Methods”), a commonly used preprocessing step in CP studies, we
further corrected them to ensure reliable cross-batch comparisons,
which is essential for studying biological-process-related mechanisms
of action based on feature similarity**. For competently removing
batch effects, in addition to the discriminators for row and column
labels, we also created an additional discriminator to identify batch

labels, encouraging cpDistiller to learn low-dimensional representa-
tions that are indistinguishable with respect to the sources of batch
labels, thereby removing batch effects (“Methods”). At the same time,
we additionally considered KNN intra batches and MNN inter batches
to construct triplets, using the contrastive learning technique to
restore more accurate nearest-neighbor relationships for each well
(“Methods”). We next verified that cpDistiller can satisfactorily correct
triple effects.

First, we qualitatively compared the performance of different
methods using UMAP visualizations, which showed that cpDistiller,
Seurat v5, and Harmony achieved successful mixing of data across
batches, rows, and columns simultaneously (Fig. 4a and Supplementary
Fig. 26). Moreover, to qualitatively assess how well different methods
preserve the specificity of perturbations, compound perturbations
shared across 12 batches on the target plates provided a reliable
measure®. UMAP visualizations showed that cpDistiller ensured per-
turbations caused by the same compounds had a tendency to be clus-
tered (Fig. 4a). To be specific, cpDistiller successfully identified multiple
perturbations in target plates, including JCP2022_010404 (SB-203580),
JCP2022_000794 (NVP-AEW541), and JCP2022_047545 (SPEBRUTINIB).
Although compounds such as SPEBRUTINIB are known to be associated
with cytotoxic effects, changes in cell count alone cannot fully capture
the morphological variations (Supplementary Fig. 26). The results
indicated that cpDistiller’s ability to capture richer morphological
information allowed it to better differentiate perturbations beyond cell
count (Supplementary Note 4 and Supplementary Figs. 23-26). In
contrast, methods that are limited to correcting only one type of triple
effects, such as scDML* and scVI”, failed to correct well-position
effects, resulting in the persistence of striping pattern for rows and
columns (Fig. 4a). On the other hand, methods capable of iteratively
correcting triple effects, including Scanorama® and Seurat v5%, tended
to overcorrect, leading to fail to preserve true biological signals (Sup-
plementary Fig. 26). Given the known limitations of UMAP, such as its
sensitivity to initialization and parameter choices, we also explored the
use of principal component analysis (PCA) visualizations as a com-
plementary approach to assess the performance. The results indicated
that while PCA provided a more straightforward and interpretable lay-
out of major variance directions, its explained variance ratio was rela-
tively low, and it failed to clearly reveal gradient-influenced well-
position effects or distinguish perturbations as effectively as UMAP
(Supplementary Note 5 and Supplementary Figs. 29, 30).

Moreover, we quantitatively evaluated the performance of dif-
ferent methods. cpDistiller consistently ranked highest for technical
correction and biological conservation in overall metrics, demon-
strating balanced effectiveness in both aspects (Fig. 4b and Supple-
mentary Table 1). Although Scanorama achieved a high NMI score, this
metric tends to favor methods that produce a larger number of
clusters*, even without well-defined biological separation, which may
not reflect true biological structure in datasets with numerous and
imbalanced perturbation labels. Besides, we found that all methods
yielded low phenotypic consistency scores, which likely stems from
our evaluation setup (Supplementary Note 6). To further validate
cpDistiller’s ability to recognize perturbations with biologically similar
mechanisms, we calculated phenotypic consistency scores for the
active genes and compounds identified by other methods. The results
showed that cpDistiller consistently produced higher phenotypic
consistency scores for all methods (Fig. 4c). This suggests that
cpDistiller is particularly effective at identifying perturbations with
similar biological mechanisms, reinforcing its ability to capture bio-
logically meaningful variation in the CP data.

Furthermore, to comprehensively evaluate the advantages of
cpDistiller, we conducted a series of experiments to demonstrate its
utility in multiple conditions, maintain robustness to feature selection,
and support incremental learning for ongoing studies. To investigate
the utility of cpDistiller, we conducted systematic experiments to
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consistent with all visualizations, and the selected 30 representative perturbations
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performance in these two aspects, whereas the overall score represents the
aggregate performance across all metrics for different methods. The ASW and
tASW metrics yield four results based on batch labels, row labels, column labels,
and plate labels, respectively. ¢ Bar plots show phenotypic consistency scores after
triple-effect correction. Each pair of bars represents scores computed on active
perturbation subsets identified by a given method, with one bar for that method
and the other for cpDistiller applied to the same subsets.
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evaluate the performance of cpDistiller under three different settings:
using both cpDistiller-extractor-based features and CellProfiler-based
features, using only CellProfiler-based features, and using only
cpDistiller-extractor-based features. The results indicate that while
cpDistiller-extractor-based features enhance overall performance,
using CellProfiler-based features also yields strong performance,
making cpDistiller flexible and applicable if only CellProfiler-based
features are available (Supplementary Note 7 and Supplemen-
tary Fig. 31).

In addition, cpDistiller demonstrates robustness to feature
selection (Supplementary Note 8). We first extracted features with
dimensions of 4752 from fluorescence images and 7638 when com-
bined with brightfield images by using the CellProfiler software
(“Methods”). We then utilized these two types of features to carry out
two key tasks: correcting well-position effects in a single batch and
simultaneously correcting triple effects. The results showed that even
when dealing with high-dimensional features that may contain sub-
stantial redundant features and noise, cpDistiller consistently out-
performed baseline methods in correcting technical effects and
preserving biological variation (Supplementary Fig. 32a, b and Sup-
plementary Tables 2, 3).

Besides, cpDistiller supports incremental learning (Supplemen-
tary Note 9). Methods like Harmony? and Scanorama® require
reprocessing and realigning the entire dataset to integrate new data,
which can be cumbersome, especially when working with large public
datasets®”. These processes often involve modifying existing repre-
sentations, which can disrupt the continuity of prior analytical results.
In contrast, cpDistiller can leverage the model parameters learned
from previous tasks, enabling the direct integration of new data
without the necessity of realignment (Supplementary Fig. 32c). These
flexibilities are particularly beneficial for ongoing studies, enabling
seamless integration while preserving the integrity of previous
analyses.

Overall, cpDistiller achieved a satisfactory balance between cor-
recting triple effects and preserving biological variation and demon-
strated strong capabilities in the utility, incremental learning, and
robust feature selection.

cpDistiller can combine scRNA-seq data to reveal gene functions
and relationships

Inferring gene functions and interactions, as a fundamental step in
many areas of biological research, often relies on various types of
sequencing data, such as scRNA-seq data and chromatin immunopre-
cipitation sequencing (ChIP-seq) data*®. This inferring task is asso-
ciated with numerous unknown and highly intricate biological
processes, but the sequencing methods tend to focus on only a limited
number of interesting molecular-level changes, making obtaining
thorough and accurate inferences challenging®’. In contrast, we
demonstrated that cpDistiller offers comprehensive system-level
phenotypic characteristics under genetic perturbations and has the
potential to integrate molecular-level RNA data for revealing gene
functions and relationships.

To demonstrate the capability of the embeddings learned by
cpDistiller in preserving system-level phenotypic characteristics of
perturbation heterogeneity, we applied cpDistiller to the controls in
the ORF data from the cpg0016 dataset. Specifically, we focus on
controls, including the positive controls JCP2022_037716 (AMG-900),
JCP2022_012818 (C23H17CI2N504), and JCP2022_035095 (LY2109761),
and the negative control JCP2022_915131 (LacZ). The positive controls
are expected to produce noticeable phenotypic changes, while the
negative control should induce minimal changes'. Theoretically,
phenotypes under identical genetic perturbation in different wells or
different plates should yield consistent patterns. Therefore, we eval-
uated the similarity of identical positive and negative controls dupli-
cated across different wells and plates within a batch, using

embeddings generated by cpDistiller and baseline methods, respec-
tively. Taking Batch_4, Batch_S, and Batch_6 for example, hierarchical
clustering showed that cpDistiller outperformed baseline methods,
including cell count-based clustering, by successfully grouping posi-
tive and negative controls and revealing treatment-specific embed-
dings (Fig. 5a and Supplementary Fig. 25a-c). These results illustrated
that cpDistiller can effectively capture phenotypic signals across var-
ious perturbations.

To elucidate cpDistiller’s capability to integrate with scRNA-seq
data for inferring gene functions, we used the embeddings obtained by
cpDistiller to analyze genetic perturbation data from the ORF dataset.
Given that the ORF dataset encompasses large-scale perturbations
targeting 12,602 genes, we first employed the ARCHS4 tool* to
establish gene groups based on the similarities of their scRNA-seq data,
where genes with highly similar expression patterns were grouped
together (“Methods”). Next, we calculated the Euclidean distance
between the embeddings from cpDistiller for the individual genes in
gene groups and then performed hierarchical clustering based on
these distances. For example, we found gene Group_A and gene
Group_B are highly separated into distinct clusters (Fig. 5b). Gene
Group_A is enriched in Cluster_A, while gene Group_B is enriched in
Cluster_B, indicating that cpDistiller has learned group-specific
embeddings, resulting in significantly distinct morphological embed-
dings for genes in Group_A and Group_B. To elucidate that the mor-
phological embeddings from cpDistiller have the capacity to reveal
gene functions, we conducted cellular component (CC) analyses via
gene ontology (GO) enrichment for the genes in Group_A and Group_B,
respectively (“Methods”). We found that the top significantly enriched
cellular components for the genes in Group_A were associated with
cell-cell junctions and ubiquitin-mediated protein regulation, includ-
ing the ‘Cul3-RING ubiquitin ligase complex’, ‘Tight junction’, and
‘Apical junction complex’ (Fig. 5b). These components are functionally
linked to maintaining epithelial polarity, cell adhesion, and controlled
protein turnover**~., In contrast, the top significantly enriched cellular
components for the genes in Group_B were all involved in
mitochondria-related components, including the ‘Mitochondrial inner
membrane’, ‘Mitochondrial membrane’, and ‘Mitochondrial inter-
membrane space’, indicating their potential involvement in mito-
chondrial organization and energy metabolism®>*>. The CC analysis
results revealed that the genes in Group_A and the genes in Group_B
are associated with distinct functions, which is consistent with the
cluster categorization, where genes in Group_A and Group_B have
distinct embeddings learned by cpDistiller. Notably, while cpDistiller
consistently recovered transcriptomics-defined gene groups as dis-
tinct clusters, such a structure was not observed in the embedding of
Baseline, where different gene groups often appeared intermixed
(Supplementary Fig. 33a). The results demonstrate that cpDistiller not
only retains but in fact enhances the biological signals present in
CellProfiler-based features, enabling more precise separation of gene
groups with distinct functions.

To demonstrate cpDistiller's effectiveness in elucidating gene
relationships when combined with scRNA-seq data, we further ana-
lyzed the resulting gene embeddings in gene groups through multiple
types of biological analyses. To enable a direct comparison, we con-
ducted hierarchical clustering analysis for individual genes in gene
groups using embeddings obtained by both Baseline and cpDistiller
and found that they revealed different clustering patterns for several
gene groups. As shown in Supplementary Fig. 33b, genes from three
groups are intermixed and do not form distinct clusters for Baseline. In
contrast, embeddings learned by cpDistiller exhibit a different struc-
ture. Gene Group_A and Group B, as well as gene Group_A and
Group_C, are distinguishable into different clusters (Fig. 5c and Sup-
plementary Fig. 33b). However, gene Groups_B and Group_C are not
easily separated. These results indicated that although genes within
different groups have dissimilar scRNA-seq expression patterns, they
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Fig. 5 | Analyses of gene functions and gene relationships. a Dendrograms
illustrate the clustering of duplicates of controls, graphically rendered based on
low-dimensional representations generated by different methods. Suffixes “-row”
and “-column” on scDML and scVI indicate the corrected effects. The additional
heatmap visualizes the 50-dimensional embeddings obtained by cpDistiller, high-
lighting the clustering patterns of controls. Baseline represents the preprocessed
but uncorrected CellProfiler-based features. b Hierarchical clustering and heatmap
of the 50-dimensional embeddings obtained by cpDistiller for gene Group_A and
gene Group_B. Detailed views show the cellular compound analysis of GO term
analysis for gene Group_A and gene Group_B. The p-values in the GO term analysis

are derived from one-sided Fisher exact tests, as computed by the Enrichr platform.
These p-values indicate the significance of gene set enrichment under a binomial
distribution assumption with independence. ¢ Circular dendrograms are per-
formed for genes in different gen groups, graphically rendered based on embed-
ding obtained by cpDistiller. d-f The networks of gene relationships are provided
by the GeneMANIA tool for gene Group_A and gene Group_B (d), gene Group_A and
gene Group_C (e), and gene Group_B and gene Group_C (f). Each dot represents a
gene, with the dot’s color indicating its related enrichment functions from Gene-
MANIA. g Dendrogram of hierarchical clustering for genes using the embeddings
learned by cpDistiller.

may have indistinguishable phenotypic embeddings obtained from
cpDistiller. To elucidate that the embeddings from cpDistiller can
illustrate gene relationships, we utilized the GeneMANIA tool** to
construct gene networks to visualize gene relationships based on large
and diverse databases®* (“Methods”). We found that the correlation in
the network for genes in Group_A and Group_B is minimal (Fig. 5d), as
well as the correlation for genes in Group_A and Group_C (Fig. Se). By

contrast, genes in Group_B and Group_C exhibit closer relationships
(Fig. 5f). These findings aligned with the clustering results from
cpDistiller, where genes in Group_A and Group_C, as well as those in
Group_A and Group_B, have significantly different embeddings, while
those in Group_B and Group_C share similar embeddings. These results
indicate that genes with similar embeddings by cpDistiller tend to have
closer relationships, illuminating that cpDistiller can uncover gene
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relationships. Moreover, we used GeneMANIA to predict the sig-
nificantly enriched gene functions within different groups and found
that functional enrichment results consistently aligned with the clus-
tering results (Fig. 5d-f). These confirmed that analyzing the embed-
dings obtained by cpDistiller has the potential to infer gene functions.
In conclusion, these results demonstrated the phenotypic embeddings
obtained by cpDistiller effectively capture gene functions and rela-
tionships, highlighting its potential as a valuable tool for exploring
gene interactions.

In addition to the combination with scRNA-seq data, we further
demonstrated that cpDistiller alone is also capable of uncovering gene
relationships. We first applied cpDistiller to each batch in the ORF
dataset, with each batch containing approximately 2000 genetic per-
turbations. Since many genetic perturbations did not induce significant
phenotypic changes, we then screened for active genes that exhibited
substantial phenotypic changes compared to controls in each batch
(“Methods”). We then selected the top 200 genes exhibiting the greatest
phenotypic divergence from the controls, based on their distances in
the embedding space of cpDistiller, and performed hierarchical clus-
tering using the pairwise distances between their embeddings (“Meth-
ods”). Beyond GO term analysis, we further explored transcriptional
regulation by performing transcription factor (TF) enrichment analysis
using the ChEA and Enrichr Submissions TF-Gene Co-occurrence to
enhance biological interpretability*® (“Methods”). As illustrated in
Fig. 5g, taking Batch_1 as an example, gene Cluster_1 were significantly
enriched for AF4 (AFFI) targets, suggesting involvement in hemato-
poietic transcriptional programs®™. In gene Cluster 2, we observed a
strong enrichment of YY1 targets, linked to transcriptional regulation
processes relevant to kidney development™. Gene Cluster 3 were nota-
bly associated with LBX1, TLX3, and VAXI targets, pointing to the influ-
ence of neural transcriptional regulators®~®. For gene Cluster 4, STATI
target enrichment was predominant, implicating immune response and
cancer-related transcriptional pathways®. The gene Cluster 5 exhibited
significant enrichment for CTCF targets, consistent with roles in chro-
matin organization and cancer regulation®. Finally, the gene Cluster 6
showed prominent enrichment of RUNX2 targets, indicating potential
involvement in bone development and skeletal gene regulation®. In
contrast to the hierarchical clustering of Baseline (Supplementary
Fig. 34a, b), which did not exhibit such well-defined transcriptional
associations, these findings collectively demonstrate that cpDistiller
embeddings not only preserve but also organize biologically meaningful
regulatory programs across distinct gene groups, offering deeper
interpretability beyond Baseline. These results also confirmed that
analyzing the embeddings learned by cpDistiller alone also has the
potential to reveal gene relationships.

cpDistiller shows potential for facilitating gene and compound
target discovery
The JUMP dataset is primarily generated using U20S cells, with all ORF
experimental data in the cpg0016 dataset conducted on this cell type.
However, since biological research often extends beyond U20S cells,
the JUMP dataset includes a pilot dataset, cpg0000, conducted on
A549 cells in a single batch. The cpg0000 dataset provides paired
genetic and compound perturbations targeting the same gene, offer-
ing substantial potential for uncovering biological targets*. Lever-
aging this design, researchers have established simulated tasks to
retrieve gene and compound targets using features extracted by
CellProfiler’. However, as shown in Fig. 6a, b, when we performed
UMAP visualization for A549 cells, we observed noticeable row and
column effects for the embedding of Baseline, which could obscure
real biological signals. To address this, we applied cpDistiller to correct
both row and column effects. As illustrated in Fig. 6a, b, the data
distributions across different rows and columns were more uniform.
We further demonstrated that the cpDistiller-derived embeddings
show potential for facilitating the identification of gene and

compound targets. Specifically, the cpg0000 dataset includes genetic
and compound perturbations for 160 genes in A549 cells, conducted at
both long and short time points. Each gene is perturbed through one
ORF treatment, two gene knockouts by Clustered Regularly Inter-
spaced Short Palindromic Repeats (CRISPR) guides, and two com-
pound experiments*. Using sister CRISPR guides targeting the same
gene, researchers designed retrieval tasks to simulate gene target
identification, calculating the fraction retrieved score to evaluate
retrieval performance*’. Following their workflows, we calculated the
fraction of retrieved scores using the embeddings from cpDistiller and
compared the scores with Baseline. This evaluation design, which
integrates statistical validation and permutation-based significance
testing, ensures a rigorous and biologically meaningful assessment of
cpDistiller's capability to prioritize gene-compound relationships
(Supplementary Note 10). As shown in Fig. 6c, Baseline achieved a
fraction retrieved score of nearly 0.1 for retrieving sister CRISPR guides
at both long time points (long-time CRISPR retrieval) and short time
points (short-time CRISPR retrieval). In contrast, cpDistiller leverages
the perturbation similarity defined by CellProfiler-based features and
refines it through a combination of MNN and KNN relationships,
enabling more accurate recovery of true perturbation neighborhoods.
As aresult, the fraction of retrieved scores improves to 0.240 for long-
time CRISPR retrieval and 0.389 for short-time CRISPR retrieval. This
represented a notable increase, particularly for short-time retrieval
tasks, where cpDistiller achieves over a two-fold increase compared to
CellProfiler-based features. These results highlighted cpDistiller holds
promise for enhancing the accuracy of gene retrieval tasks, making it a
valuable tool for identifying genes involved in similar processes and
uncovering critical gene relationships.

In addition to retrieving sister perturbations, researchers also
conducted cross-modality gene-compound retrieval tasks to simulate
the identification of compound targets*’. Concretely, they searched
for compounds that produced similar effects on cell morphology as
the query gene using CellProfiler-based features. They calculated the
fraction retrieved scores to evaluate retrieval performance. Following
their methodology (Supplementary Note 10), we calculated the frac-
tion retrieved scores using embeddings generated by cpDistiller to
demonstrate that cpDistiller can improve retrieval results. As shown in
Fig. 6d, Baseline yields fraction retrieved scores of nearly 0.008 for
retrieving all compound-CRISPR pairs. In contrast, when using
cpDistiller-derived embeddings for compound perturbations at both
long and short time points, the fraction retrieved scores show a
notable improvement in retrieving compound-CRISPR pairs (Fig. 6d).
Given the complexity and importance of gene-compound retrieval
tasks, even slight improvements hold substantial value*’. While the
current evaluation does not aim to identify definitive targets, the
observed performance gains of cpDistiller over Baseline suggest its
potential to support the prioritization of biologically plausible
gene-compound associations for follow-up validation.

In conclusion, cpDistiller satisfactorily corrected well-position
effects and obtained embeddings that hold potential for exploring
gene and compound targets, providing valuable insights for biological
research and drug discovery.

Discussion

We developed cpDistiller, a method specifically designed to correct
triple effects, particularly well-position effects in Cell Painting (CP)
data. cpDistiller leverages raw CP images by integrating high-level
features via a pre-trained segmentation model with handcrafted fea-
tures from traditional methods, followed by a semi-supervised GMVAE
utilizing contrastive and domain-adversarial learning to correct triple
effects. We first conducted systematic experiments to demonstrate
that CP data inherently exhibits triple effects, including batch, row, and
column effects. Through comprehensive experiments on multiple
batches varying in cell types, plate designs, perturbation types, we
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Fig. 6 | The performance of cpDistiller in retrieval tasks. a, b UMAP visualization
for the A549 cells using the embedding acquired by Baseline and cpDistiller,
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uncorrected CellProfiler-based features. ¢ Fraction retrieved scores for retrieving
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respectively. Short (_short) and long (_Llong) time points mean the experimental
conditions. d Fraction retrieved scores for retrieving gene-compound pairs in A549
cells using the embeddings of Baseline and cpDistiller, respectively. Short (_short)
and long (Jong) time points mean the experimental conditions.

then validated cpDistiller’s superior performance in correcting triple
effects and preserving cellular phenotypic heterogeneity. Moreover,
we highlighted the extensive advantages of cpDistiller, including its
utility in multiple conditions, its support for incremental learning, and
its consistent robustness across various feature selection strategies. In
addition, we conducted various downstream experiments to illustrate
the application of cpDistiller in revealing gene functions and gene
relationships, highlighting its ability to uncover gene associations both
when combined with scRNA-seq data and independently. Scientists
have found that target-based drug discovery can be limited in certain
situations, and phenotypic drug discovery is sometimes more likely to
succeed*. In recent years, research related to CP has expanded sig-
nificantly, offering a better perspective on studying drug targets and
cellular phenotypic heterogeneity due to its simpler procedures and
lower costs. Therefore, we also explored whether cpDistiller could
reveal biologically meaningful patterns that may assist downstream
investigations of gene-compound relationships.

While cpDistiller demonstrated excellent performance, there
are several areas that could be explored for future improvement.
First, compared to CellProfiler-based features, which have specific
and interpretable for each dimension, the low-dimensional
representations learned from cpDistiller may lack interpret-
ability. Enhancing the interpretability of deep learning models
remains a challenge**. Second, we can utilize Segment Anything
Model®® along with expert annotation and refinement to generate
accurate annotations for a subset of CP images. These annota-
tions will serve as a basis for supervised training of the cpDistiller-

extractor module, allowing it to effectively capture more detailed
cellular information. Third, to gain a more comprehensive
understanding of cellular behavior, cpDistiller could be extended
to integrate with multi-omics profiling, connecting morphological
and molecular phenotypes at single-cell resolution, thereby pro-
viding a more detailed insight into genetic perturbations and
their effects®. Fourth, recent efforts have introduced datasets
with multiple time points, which could support more detailed
modeling of cellular responses®. Although these datasets are not
yet available at a large scale, several approaches have emerged
that combine chemical structure data with CP profiles to enhance
biological insight®. Such strategies also suggest potential direc-
tions for future extensions of cpDistiller. Fifth, among triple
effects, our focus on batch effects is limited to technical variation
across experiments within cpg0016. However, integrating distinct
datasets from different sources remains an open challenge for
future work.

Methods

This research does not involve human participants, animal subjects, or
the use of biological samples requiring institutional ethics approval. All
relevant ethical regulations were followed.

Overview of cpDistiller

cpDistiller consists of three main modules: the extractor module, the
joint training module, and the technical correction module. We first
used the cpDistiller-extractor module to extract features from Cell
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Painting (CP) images. Then we integrated cpDistiller-extractor-based
and CellProfiler-based features via the joint training module and pro-
cessed the combined features through the technical correction mod-
ule to remove batch, row, and column effects.

The extractor module

We develop the extractor module to leverage the distinct feature
extraction paradigm of pre-trained segmentation models, where spa-
tial and morphological patterns are learned directly from large-scale
image data. Unlike traditional pipeline using CellProfiler, this approach
minimizes biases from manually engineered features and captures
phenotypic variations that may be underrepresented in a conventional
pipeline. By modeling our extraction task as the segmentation task in
computer vision, we transform raw images into low-dimensional
representations using an end-to-end process. We select Mesmer®, pre-
trained on the TissueNet datasets®, as the base model due to its strong
performance in cell segmentation tasks on cellular images®. By
experimenting with various intermediate layers of Mesmer and con-
sidering factors such as overall effectiveness, number of parameters,
and processing speed, we select the backbone of Mesmer and its pre-
trained parameters.

In the CP assay, each well contains 9 sub-images sized at
1080 x 1080 pixels, captured across five channels: mitochondria
(Mito), nucleus (DNA), nucleoli and cytoplasmic RNA (RNA), endo-
plasmic reticulum (ER), and Golgi and plasma membrane and the actin
cytoskeleton (AGP)". To meet Mesmer’s dual-channel input require-
ments and enhance the visibility of cell contours, we discard the AGP
and Mito channels, focusing instead on the DNA channel and com-
posite cytoplasmic regions created by averaging the ER and RNA
channels, as the information in the AGP and Mito channels is difficult to
predict*. Besides, to align with Mesmer’s specifications for pixel
density and reduce computational resources, we apply a tiling opera-
tion, adjusting the stride and overlap ratio to crop each large sub-
image into multiple small images with dimensions of 256 x 256 pixels.
The number of small images generated from each well’s sub-image is
calculated using the following formula:

H—-h Ww—-w
Ninage = (La - oﬂ ”) g (L(l - o)W * 1)’ @

where H and W represent the height and width of each large sub-
image, while h and w denote the height and width of the cropped
images. s denotes the sliding stride, which refers to the number of
pixels moved per step, while o represents the overlap ratio, indicating
the degree of overlap between adjacent cropped images. To calculate
the starting position of each crop, we determine the top-left corner
coordinates (Xsqye, i» Yseare,;) fOr each small image based on its index

@.J:

Xstart,i =i-s- (1 - 0)

. 2
Ystart,j=J - S - 1-o), 2

where i and j represent the crop index along the height and width.

Specifically, i ranges from O to Lﬁ—:g)-‘ and ranges from O to L”(‘;:gﬂ

After processing each cropped image through Mesmer, we
reverse the tiling operation to reconstruct the large feature map, then
apply a 2D max pooling operation followed by flattening to produce
the embedding for each sub-image. To aggregate the embeddings of
the nine sub-images per well, we sequentially concatenate them to
form a single overall embedding for each well.

Finally, we obtain the feature matrix E, € R"*/e extracted by the
extractor module, where n denotes the number of wells and /, denotes
the feature dimensions. We also refer to these as cpDistiller-extractor-
based features.

The joint training module

We design the joint training module to integrate CellProfiler-based
features and cpDistiller-extractor-based features. To reduce potential
noise and redundancy in the high-dimensional cpDistiller-extractor-
based features, we initially use average pooling to reduce the feature
dimensionality and smooth out irrelevant variation, resulting in the
feature matrix E,q4eq for further processing. Besides, we further
employ two approaches to extract valuable information. For the first
part, we approximate principal component analysis (PCA) using a lin-
ear layer to obtain the low-dimensional representation for each well,
which we refer to as critical information:

Y1 =PCA (Epooled> . (3)

In the second part, we reshape Ej,q01eq4 back into 2D feature maps
and pass them through an attention module to get the global infor-
mation Y,:

Y, =Reshape (Epooled) 00 (Covld (Angool (Reshape <Epooled) ) ) ) ,
“)

where the AvgPool represents a 2D average pooling operation, while
Covld indicates a 1D convolution to capture inter-channel dependen-
cies. 0 denotes the Sigmoid function, which is used to produce a
channel-wise attention map. © represents element-wise multiplication
between the attention map and the reshaped Eqjeq-

To fusing critical and global information in the low-dimensional
space, we apply element-wise addition as the encoding process for
Epooled- The latent representations z,, for Epqq1eq are computed as:

z,=Y; ® (WY, +by), 4)

where @ represents element-wise addition. W; and b; denote the
weight and bias parameters of the encoder. Once the latent
representations z, are obtained, the decoder reconstructs the data
back to the same dimensionality as Epqgpeq-

Ultimately, we combine the CellProfiler-based features with the
cpDistiller-extractor-based features transformed by the attention
mechanism-based encoder-decoder architecture and feed the com-
bined features into the technical correction module for further
refinement.

The technical correction module

The technical correction module removes triple effects from CP data
and generates low-dimensional representations that maintain biolo-
gical variation. Specifically, it consists of three parts: the Gaussian
mixture variational autoencoder (GMVAE) as the core component,
along with the contrastive learning module and the gradient reversal
module.

The Gaussian mixture variational autoencoder. Given the feature
matrix X, € R"*!» integrated by the joint training module, where n
denotes the number of wells and /, denotes the feature dimensions,
the GMVAE takes the input X, to obtain low-dimensional representa-
tions Z,. To illustrate the workflow of the GMVAE, we consider a
sample x from X,,. Since CP data encompasses numerous perturba-
tions that may conform to distinct underlying Gaussian distributions,
we use the GMVAE to identify these categorical distributions (pseudo-
labels, denoted as y), which helps the model capture biological varia-
tion and ultimately contribute to biologically meaningful low-
dimensional representations (denoted as z). The categorical distribu-
tions are inferred from the posterior distribution g, (y|x), which fol-
lows a semi-supervised training pattern. Here, g,(y|X) is represented
by a feedforward neural network as: g,,(y|x) = Cat(y|my(x)) and my(X)
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is a probability vector. Since the categorical distribution cannot be
backpropagated in the neural network, we use the Gumbel-Softmax
distribution® to facilitate gradient backpropagation, which allows the
categorical distribution to be approximated using a continuous
distribution.

In GMVAE, the objective is to optimize the Evidence Lower Bound
(ELBO), which is expressed as follows:

Logps(¥) 2 Eq y,2x) [log Po(x|2) + log pg(zly) — log q,(zix, y) — log q,(y|x) + log p(y)},
(6)

where these components can be broadly divided into three main
optimization directions. The first optimization direction focuses on
the reconstruction loss, represented by the expectation
Eqw(y,z\x) [log po(x|2)]. This loss is measured using mean squared error
(MSE), which ensures that the low-dimensional representations z
effectively capture the key information of the original input x.

The term Eqw(y,z‘x)[logpg(z\y) —logq,(zix,y)] represents the
Kullback-Leibler (KL) divergence between the variational posterior
distribution g,(z|x,y) and the conditional prior distribution py(z[y).
This divergence ensures that the variational posterior distribution
aligns with the prior, meaning that the learned latent representations z
conform to the expected Gaussian distribution. Specifically,
Po(zZly) =N (zlug(y), 04(y)) represents the prior Gaussian distribution
conditioned on the category y, while g,(z|x, y) =N(z|z, (X, ), oé(x, y)
represents the variational posterior distribution conditioned on the
input X and category y.

qy(yIx) provides the probablllty that x originates from various
Gaussian distributions, satisfying Zn 19¢(yIX)=1, where N is the pre-
defined number of Gaussian distributions. We use cross-entropy loss
to refine the probabilities, guiding them towards high-confidence
regions. We treated the prior p(y) as a constant during loss back-
propagation, as it does not influence the updates to the model’s
parameters.

The gradient reversal module. Within the low-dimensional space
derived from the GMVAE, discriminators are employed to identify the
source of each well’s representation z, specifically the batch, row, and
column labels of the corresponding well. To implement adversarial
learning similar to generative adversarial networks (GANs)*, different
batches, rows, and columns can be treated as distinct domains. We
then employ domain-adversarial learning, specifically the gradient
reversal layer (GRL)*, to remove triple effects across these domains.
Here, discriminators are denoted as: Dpgscns Dyowr Deotumn, Which are
used to predict the batch, row, and column labels of z.

Specifically, the GRL reverses the gradient during back-
propagation, causing the parameters of the GMVAE's encoder, which
acts as the generator, to be updated in the opposite direction of the
discriminators, thereby achieving the adversarial objective. The GRL
can be described as a pseudo-function: GRL,(x). During the forward
pass, the GRL functions as an identity operation, leaving the input
parameters unchanged. However, during the backward pass, it scales
the gradients from the following layers by —A before sending them
back to the preceding layers. The forward and backward passes are
described by the following two equations:

GRL,(x)=x
OGRL,(x) - )
0x !

where A is a hyperparameter that undergoes a non-linear transforma-
tion, varying from O to 1. In the early stages of training, its value is kept

increases to strengthen adversarial interactions between the encoder
part of the GMVAE and the discriminators. The calculation formula for
Ais as follows:

2
S — 8
T+ exp(— ) ®
where y is a hyperparameter, and p represents the percentage of the
total iteration progress during training. To be specific, we denote the
encoder part of the GMVAE as follows:

z=E<x; Gg), 9)

where 6, denotes the learnable parameters of the GMVAE’s encoder.
Subsequently, the low-dimensional representations z are passed
through the GRL and discriminators, followed by the Softmax function
to obtain the probability distribution for batch, row, and column
predictions. We further describe the discriminators in detail as:

D(GRLA(Z), 90,)' i € {batch, row, column}, (10)
where 6p, ., 0p ~and 6,  denote the learnable parameters of the
batch, row, and column discriminators, which are updated to minimize
the discriminator loss. Meanwhile, 6, is updated through the GRL to
maximize the discriminator loss, ensuring that the discriminators
cannot distinguish the source of the low-dimensional representations,
thereby obtaining representations free of technical effects.

Using the column discriminator loss as an example, the loss
function is inspired by the label smoothing cross-entropy loss®®. This
approach is similarly applied to the batch and row discriminators for
avoiding overconfidence:

calumn

K
= Z { 1 - 6) IOg pcalumn(k )6?’);umn te IOg (pcalumn(k)) Biolumn} 4
=1
1D

where [ represents the index of the true label, and ¢ is a hyperpara-
meter representing the proportion of soft labels considered when
calculating the loss. 6“””’"” is a one-hot encoding, where the position
corresponding to the true label is 1, with others set to 0. The
probability that the z originates from k-th column, as predicted by the
discriminator, is represented by peouma (k). 65°"™ represents the soft
labels, which indicate the weight assigned to the k-th column.

To be specific, standard cross-entropy loss focuses solely on
optimizing the predicted probability of the true label, which can lead
to overconfidence and neglect the uncertainty in the model’s pre-
dictions. Label smoothing cross-entropy loss addresses this limitation
by redistributing a portion of the probability mass from the true label
to the other classes, applying a uniform distribution across them to
reduce overconfidence. However, this approach assigns equal
importance to all non-true labels, which may not be appropriate for
tasks where the predicted probabilities for non-true labels carry
varying degrees of significance. In the context of our study, UMAP
visualizations of the raw CP data show a gradient-influenced pattern
that more distant column indexes exhibit more apparent column
effects. This suggests that predicted probabilities closer to the true
label index carry more meaning. To better capture this, we define a
soft label distribution @5°“™, that reflects the differences among
predicted probabilities, assigning varying significance to them based
on their distance from the true label, while still avoiding over-
confidence:

small to allow the discriminators to train sufficiently and develop geotumn { ZX’ if k=1 1)
discriminative capabilities. As training progresses, A gradually glk-1l, otherwise”
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where the hyperparameter a represents the weight assigned to the
true label, and g is the common ratio that determines the weights for
the other labels based on their distance from the true label I. The value
of g is determined by solving the higher-degree equation:

f=a—aq"' —ag"' —1+q+aq

q:f(@=0, st0<g<l], 13)

where n represents the number of categories for the technical effects
(in this case, the number of column labels). The solution to this
equation ensures that the soft label distribution is normalized, mean-
ing that the sum of all probabilities equals 1, while also reflecting a
geometric decay in significance as the distance from the true label
index increases.

The contrastive learning module. We first establish nearest neighbor
relationships by utilizing k-nearest neighbors (KNN) intra technical
effects and mutual nearest neighbors (MNN) inter technical effects,
based on CellProfiler-based features and cpDistiller-extractor-based
features, using cosine distance as the similarity metric. This approach
is applied to batch, row, and column effects, respectively. The inter-
section of the nearest neighbors is used to construct the adjacency
matrix that captures nearest neighbor relationships between wells. We
then leverage the relationships identified across multiple technical
effects to form triplets and use triplet loss® to restore more accurate
nearest-neighbor relationships for each well.

Specifically, we need to select a triplet (a,p,n) to act as the
anchor, positive, and negative samples. Each data point serves as the
anchor in turn. For each anchor, data points with nearest neighbor
relationships to that anchor are considered positive, while those
without such relationships are considered negative. Specifically, (a, p)
pairs are either in the k-nearest neighbors set Sy, . or in the
mutual nearest neighbors set Sy, , . Conversely, (a, n) pairs are
not found in either of the two sets. The specific formula is as follows:

USimn
Y Smnn

(a' p) € Sknr|
(a' n)¢sknn

(a,p,n) = { , (14)

where Sy, . represents the set of all pairs of data points that
originate from the same type of technical effects and are k-nearest
neighbors within the same category. Sy, . represents the set of
all pairs of data points that originate from the same type of technical
effects but are mutual nearest neighbors in different categories. To
accommodate the distinct role of negative controls, we incorporate an
additional sampling strategy during triplet construction. When the
anchor is not a negative control, negative samples are preferentially
drawn from negative controls that are not part of the KNN or MNN sets
related to the anchor. In the absence of such candidates, other samples
without nearest neighbor relationships to the anchor are considered.
Conversely, when a negative control serves as the anchor, positive
samples are preferentially selected from other negative controls.

The triplet loss function is not directly applied to the latent space
of the GMVAE. Instead, the representations z need to pass through a
nonlinear projection head, as previous research has demonstrated that
adding such a layer can improve the quality of the learned
representations®. This architecture can be represented as ph(z):

ph(z) =LeakyRelLU (thz + bph) , (15)
where the parameters W, and b, represent the learnable weights and
biases of a linear layer.

Then we use the triplet loss to remove triple effects:

L= max(d(ph(a), ph(p)) — d(ph(a), ph(m)) +¢, 0), 16)

where d(ph(a), ph(p)) represents the Euclidean distance between the
anchor and positive samples after passing through the projection
head, and the § is a hyperparameter.
If we aim to correct row and column effects, the overall loss can be
written as follows:
Loss=wrpolgpo * Wais(Lp,,, + Lp

) + wCOnLC" (17)

column
where L. represents the triplet loss calculated by considering well-
position effects.

If we need to correct batch, row, and column effects, the overall
loss can be expressed as follows:

Loss =wgpol 1po * Wais(Lp, ., * Lo, +Lb,

column

)+ wconLc' (18)
where L_ represents the triplet loss calculated by considering triple
effects. In the above loss functions, the weights of w, g, w4, and w,,,,
are the weighting coefficients assigned to different components of the
loss function. These coefficients control the relative importance of the
ELBO, discriminator losses, and the triplet loss in the overall optimi-
zation process.
The parameters 6; of the final trained model are obtained through
exponential moving average (EMA)’°, which can be given by:
9; = aemaeé—l + (1 - aema)gt' (19)
where 6, represents the weighted model parameters obtained at round
t, and a,,, is a hyperparameter. All training hyperparameters are
available in the training details.

Training details

For the extractor module, the overlap ratio o is set to 0.25, and the
sliding stride s is set to 256. Max pooling with kernel size and step size
both set to 16 is applied to merge feature maps from nine sub-images,
yielding the output dimension /, to 11,664, corresponding to the
108 x 108 feature map. For the joint training module, average pooling
with kernel size and step size both set to 9, is applied to smooth out
irrelevant variation. For the technical correction module, the hidden
dimensions of the encoder and decoder are set to 512, while the hidden
dimensions of the discriminators are set to 128. The latent space
dimensionality of cpDistiller is set to 50. The technical correction
module uses LeakyReLU with default parameters as the activation
function throughout, except for the variance inference component,
which utilizes the Softplus activation function. The projection head
consists of a linear layer with an output dimension of 50 and a Lea-
kyReLU activation function. The optimizer used is AdamW, with the
learning rate set to 3e-3 for the discriminators and 1e-3 for the other
parts. Although we optimized the adversarial learning, mode collapse
is still a common issue. When considering 7638 CellProfiler-based
features, the default learning rate is unsuitable for training and can
lead to collapse. Therefore, we adjusted the initial learning rate to half
of the default value. The y is set to 10 in GRL. The soft label hyper-
parameter a is set to 0.75, and the hyperparameter ¢ in label
smoothing cross-entropy loss is set to 0.1. For the contrastive learning,
the £ is set to 10, and the nearest neighbor hyperparameters for MNN
and KNN are set to 5 and 10, respectively. The default number of
epochs is 50, with ap, set to 1 — 2. In the Iloss functions, the
weights of wy; gy, Wy, and w,,,, are set to 1, 3%, and %, respectively. The
experimental environment includes two 24GB Nvidia 4090 graphics
cards and 96 Intel(R) Xeon(R) Gold 5318 N CPUs @ 2.10 GHz.

Implementation details of downstream analyses

The establishment of gene groups based on scRNA-seq data: we used
the gget tool, a Python package available at https://github.com/
pachterlab/gget, which enables efficient querying of the top
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100 similar genes of the input gene calculated by the ARCHS4*® based
on scRNA-seq data. Concretely, we input the 12,602 genes experi-
mented in the cpg0016 dataset and retrieved the top 100 most similar
genes for each input gene, forming 12,602 gene sets. Since a similarity
score between 0.6 and 0.8 was considered significant”, we selected 0.6
as the threshold to include more genes and got more applicable gene
sets. Finally, we intersected each gene set with the genes present in the
cpg0016 dataset to obtain the final gene groups of similar genes.

Gene Ontology (GO) term analysis: We utilized the Enrichr’
platform to conduct GO term enrichment analysis™ for each gene
group, assigning relevant GO terms to the genes. We specifically
focused on Cellular Component (CC) analysis to identify the organelles
associated with each gene and ranked the results by their statistical
significance.

ChEA enrichment analysis: We utilized the Enrichr’® platform to
perform ChEA analysis for each gene group, aiming to identify tran-
scription factors (TFs) that potentially regulate the genes within each
cluster. The results were ranked by statistical significance based on
combined scores, highlighting key TFs enriched in each cluster.

Enrichr Submissions TF-Gene Co-occurrence analysis: we used the
Enrichr’® platform to perform TF-Gene Co-occurrence analysis based
on community-submitted datasets, aiming to identify transcription
factors that frequently co-occur with each gene group. Enriched TFs
were ranked by combined scores to highlight potential regulatory
patterns.

Gene relationship analysis: We used the GeneMANIA tool** to
evaluate the relationship of genes in different groups. We submitted
the genes in gene groups to GeneMANIA and used the default network
selections. Specifically, GeneMANIA first identifies genes that are
functionally similar or share properties with the submitted genes, then
builds the network connecting both the submitted and similar genes. It
then displays the gene network regarding co-expression networks,
physical interaction, genetic interaction, co-localization, pathways,
and predicted and shared protein domain information.

Screening for active genes: following the approach established by
ref. 14, we calculated the average of repetitions for each perturbation
at the same position across five different plates to obtain the average
representation for each perturbation. Considering that negative
treatments generally do not induce significant phenotypic changes, we
calculated the Euclidean distances between negative treatments and
set the 95th percentile of these distances as the threshold for identi-
fying active genes. Overexpression treatments were classified as active
if their Euclidean distance from the negative treatments exceeded this
threshold.

Ranking the significance of the clusters in single-link hierarchical
clustering: We applied a perturbation approach to rank the sig-
nificance of clusters in single-link hierarchical clustering. For each
cluster, we randomly selected the same number of data points as
contained in that cluster. We then calculated the minimum clustering
distance among these randomly selected points. This perturbation
process was repeated 1000 times for each cluster, generating 1000
distance scores. By comparing the actual cluster distance with the
distribution of the 1000 perturbed distance scores, we ranked the
clusters and got the ranking of the actual cluster, which provides an
indication of the significance level of data point aggregation within
each cluster.

The calculation of fraction retrieved in gene and compound
retrieval tasks: we calculated and compared the fraction retrieved
scores for gene-gene and gene-compound simulated retrieval tasks
using cpDistiller-derived representations in the cpg0000 dataset,
following the workflow in ref. 43.

Pre-processing for CellProfiler-based features. We utilized features
pre-extracted with CellProfiler from the prior study", which included
up to 7,638 features for images with both brightfield and fluorescence

images and 4752 features for only fluorescence images, after removing
features containing NaN values. In addition, we followed the feature
selection process described in the study* to select 1,446 features. Due
to data quality issues reported in the original dataset™, we excluded
data from Batch_12 and the BRO0123528A plate. For pre-computed
feature transformation, we applied a plate-wise normalization strategy
using the median absolute deviation (MAD) method, using negative
control wells to calibrate feature distributions within each plate™
(Supplementary Note 11 and Supplementary Figs. 35 and 36). Subse-
quently, to ensure comparability across different features, we further
standardized the data using z-score normalization.

Data pre-processing for Cell Painting images. To match the dual-
channel input format required by Mesmer of the extractor module, we
extracted data from three channels: DNA, RNA, and ER. The DNA
channel primarily pertains to the nucleus, while the RNA and ER
channels are related to the cytoplasm. After computing these with
their respective illumination files, we combined them into two sepa-
rate channels. The processed data was then stored in NPZ format to
prepare the image data for the extractor module. For image pre-pro-
cessing, we utilized the procedure from Mesmer, which included using
Contrast Limited Adaptive Histogram Equalization (CLAHE) to
enhance local contrast, followed by logarithmic smoothing of the data
in the first channel.

Evaluation metrics

To assess the effectiveness of different methods in removing technical
effects, we used three technical correction metrics: average silhouette
width (ASW)?, technic average silhouette width (tASW)*, and graph
connectivity®®. To evaluate biological preservation, four metrics were
used: perturbation average silhouette width (pASW)*°, normalized
mutual information (NMI)*°, phenotypic activity’®, and phenotypic
consistency?®. The specific calculation of the above metrics, following
the approach of previous works including scArches”, scIB*’, and
copairs®® for single-cell and CP data analysis, is further detailed in
Supplementary Note 12.

Baseline methods

To evaluate technical correction in CP data, we compared several widely
used single-cell analysis methods: Seurat v5 (v5.0.1)*, Harmony
(v0.0.9)®, Scanorama (v1.7.4)*, scVI (v0.14.6)", and scDML (v0.0.1)”.
UMAP plots, used to compare embeddings generated by different
methods, were created with the following parameters: “n_neighbors =
15”7, “min_dist=0.1", and “random_state =9000". We performed plate-
wise normalization for pre-computed feature transformation using the
median absolute deviation method, using negative controls to calibrate
feature distributions within each plate. To further ensure comparability
across features, we subsequently standardized the data using z-score
normalization. All methods, including cpDistiller, were applied to CP
data that had undergone the above preprocessing steps to ensure
consistency. To provide a comparison with uncorrected data, we also
included Baseline, which represents CellProfiler-based features after the
same preprocessing but without any further correction.

For Harmony®°, Seurat v5%, and Scanorama®, which can correct
multiple technical effects, the workflow involved sequentially passing
the row and column labels if considering removing well-position
effects. When aiming to remove triple effects, these methods require
first passing the batch labels, followed sequentially by the row and
column labels. For methods that are limited to correcting only one
type of technical effects, if considering well-position effects, we
selected row and column effects separately as correction targets,
resulting in two results, respectively. Considering triple effects, we
focused solely on batch effects as they represent the most important
influence. Specific implementation details are as follows:
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Seurat v5%: We followed the example pipeline provided by Seurat
v5Z for integrative analysis. The labels for technical effects were pas-
sed sequentially into the “split” function. We skipped the “Normal-
izeData” function and “FindVariableFeatures” function, as these are
specifically tailored for scRNA-seq data. During the correction phase,
the “CCA” method was employed to remove technical effects. All
parameters were used with default settings.

Harmony?’: Dimensionality reduction was performed using “scan-
py.tl.pca” to the default size of 50. The labels for technical effects were
passed sequentially into the “scanpy.external.pp.harmony integrate”
function. All parameters were used with default settings.

Scanorama®®: Dimensionality reduction was performed using
“scanpy.tl.pca” to the default size of 50. The labels for technical effects
were passed sequentially into the “scanpy.external.pp.scanorama_inte-
grate” function. All parameters were used with default settings.

scVI": We followed the example tutorial provided by the scVI” on
GitHub for processing scRNA-seq data. We did not use the “scan-
py.pp.highly _variable_genes” function, which is specifically tailored for
scRNA-seq data. In the preprocessing stage, we followed the pre-
processing operations of previous work to process each feature as
follows: X; =x; — min(x) +1". Other operations were used with default
settings. We additionally considered the use of “scanpy.p-
p.highly variable_genes” during preprocessing, and conducted com-
parative analyses to assess its potential impact (Supplementary Note 13
and Supplementary Fig. 37).

scDML*: We followed the example tutorial on GitHub provided by
scDML?. We did not use the “scanpy.pp.loglp” function and the
“scanpy.pp.highly_variable_genes” function, which are specifically tai-
lored for scRNA-seq data. Other operations were used with default
settings. In addition, we conducted analyses to assess the impact of
applying “scanpy.pp.highly variable_genes” on the performance of
analyses (Supplementary Note 13 and Supplementary Fig. 37).

Statistics and reproducibility

No statistical method was used to predetermine sample size. Due to
data quality issues reported in the original dataset", we excluded data
from Batch_12 and the BRO0O123528A plate. Randomization and blind-
ing, which are important considerations in biological experiments,
were not applicable in our study, as it is a computational analysis based
on publicly available CP datasets.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The processed Cell Painting data are available at https://registry.
opendata.aws/cellpainting-gallery/. The metadata files containing
compound annotations and genetic perturbation information are
available at https://github.com/jump-cellpainting/JUMP-MOA and
https://github.com/jump-cellpainting/datasets. Source data are pro-
vided in this paper.

Code availability
The cpDistiller software, along with detailed documentation and tutor-
ials, is freely available at https://github.com/BioX-NKU/cpDistiller”.
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