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Advancesin high-throughput microscopy have enabled the rapid
acquisition of large numbers of high-content microscopy images. Next,
whether by deep learning or classical algorithms, image analysis pipelines
commonly produce single-cell features. To process these single cells

for downstream applications, we present Pycytominer, a user-friendly,
open-source Python package that implements the bioinformatics steps
key to image-based profiling. We demonstrate Pycytominer’s usefulness
inamachine-learning project to predict nuisance compounds that cause
undesirable cell injuries.

Inthe past 30 years, high-content microscopy has undergone aremark-
able technological transformation that has given scientists the ability
toacquire thousands of single-cell measurements in high-throughput
experiments’. In turn, open-source image analysis software has prolif-
erated, includingFiji?, CellProfiler’ and others. These tools can derive
biological insights from large microscopy datasets, but they lack func-
tions for downstream bioinformatics processing of image-based
features. Recently, the field of image-based profiling has emerged,
whichrequires this kind of processing to accomplish various biologi-
cal use-cases*’. Thus far, the primary applications for image-based
profiling have been in drug development*®. Specifically, image-based
profiling offers disease phenotype discovery, target identification,
drug repurposing, toxicity assessment and the exploration of novel
therapeutic hypotheses’. Image-based profiling also enables innova-
tive studies into fundamental biological processes such as cell death®’,
grouping functional genes'® and mitochondrial dynamics™.
Togenerate image-based profiles, scientists first prepare cell sam-
plesthat canbe subjected to smallmolecule or genetic perturbations.

Scientists thenapply microscopy to image these cells, which are often
stained with fluorescent dyes to mark specific cellular compartments
(Fig.1a)*. During image analysis, scientists perform image correction,
cell segmentation and high-content single-cell feature extraction.
Feature extractionalgorithms (including emerging approaches based
ondeep learning) quantify morphological properties per cell, such as
shapes, sizes, stain intensities and more (Fig. 1a). This process gener-
ates image-based profiles, which Pycytominer then processes for
downstream analyses (Fig. 1b). Users can analyze profiles at different
levels: the single-cell level, whichisideal for capturing cellular hetero-
geneity, or the aggregate level (for example, per well), which captures
morphology signatures.

Here we introduce Pycytominer, an open-source Python'” pack-
age for designing and running image-based profiling bioinformatics
pipelines. This project resulted from discussions and consensus stem-
ming from the community’s inaugural work together’. We distribute
Pycytominer under the permissive BSD-3-Clause license, allowing for
flexible use, modification and distribution (Extended Data Fig. 1).
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Fig.1| The standard image-based profiling experiment and the role of
Pycytominer. a, In the experimental phase, a scientist plates cells, often
perturbing them with chemical or genetic agents, and performs microscopy
imaging. Inimage analysis, using CellProfiler for example, a scientist applies
several data-processing steps to generate image-based profiles. In addition,
scientists can apply deep-learning tools, such as DeepProfiler, to generate

image-based profiles. b, Pycytominer performs image-based profiling to
process morphology features and make them ready for downstream analyses.
¢, Pycytominer performs five fundamental functions, eachimplemented with
asimple and intuitive API. Each function enables a user to implement various
methods for executing operations. Created in BioRender.com.

Pycytominer is reliable, maintaining a 95% code testing coverage
at the time of writing. We developed Pycytominer using Pandas®,
Apache Parquet (Apache Software Foundation) and SQLAlchemy™,
and it offers a modular application programming interface (API)
to enable flexible customization. The Pycytominer API performs
core functions—aggregate, annotate, normalize and feature selec-
tion—and offers several helpful utility functions such as spherize, a
nonparametric batch effect correction algorithm to adjust for techni-
cal variation (Fig.1cand Supplementary Table 1)". This functionality
and modularity make Pycytominer well suited for both small and
large experiments.

Pycytominer distinguishesitself from related image-based profil-
ingtools (see Supplementary Table 2 for acomparison) by providing a
comprehensive, user-friendly, and actively maintained solutionin the
widely-used Python programming language, with seamless integration
with popular data-processinglibraries. Pycytominer has already been
used inmany applications. Most notably, Pycytominer processed three
of the largest publicly available high-content microscopy datasets,
Joint Undertaking in Morphological Profiling™, Library of Integrated
Network-Based Cellular Signatures (LINCS)'® and EU-OPENSCREEN".
Pycytominer has also processed the majority of the currently 31 Cell
Painting datasets in the Cell Painting Gallery'®. With the Pycytominer
API, users can construct workflows that processimage-based profiling
data from a variety of entry points. The most standard entry point is
raw output datafrom CellProfiler processed images, but Pycytominer
also supports otherimage analysis tools such as In Cartaand Harmony.
Another entry pointis preprocessed publicimage-based profiling data,
which can integrate into Pycytominer functions with little modifica-
tion. We demonstrate this public data entry point in the subsequent

application. This flexibility and simplicity offers new scientists easy
development and customization, accelerating their research efforts.
We encourage Pycytominer users to look at these existing resources
for example pipelines, but we also provide full tutorials, user docu-
mentation, a handbook, an orchestration recipe and comprehensive
walkthroughs (Extended Data Fig. 2; links in Methods).

To showcase Pycytominer usage, we reprocessed a publicly avail-
able high-content microscopy dataset from astudy aimed atdiscerning
nuisance compounds that induce undesirable cell injuries (Fig. 2a)".
Using the public image-based profiles, we applied Pycytominer’s
feature selection functionality to select the most informative and
least-redundant features. Downstream of Pycytominer, we trained a
multiclass logistic regression model to predict 15 cell injury catego-
ries. We split data into training and testing sets, and included three
independent and different types of holdout data: whole plate, whole
treatments and individual wells (Methods and Supplementary Table 3).
Overall, our model demonstrated strong performance in identifying
most cellular injury typesincluding ‘cytoskeletal’,'HSP90’ and ‘HDAC’
with high F1scores (Fig. 2b). To make these injury predictions, the
model used combinations of cell morphology features, which can be
directly interpreted to increase understanding of cell injury pheno-
types (Supplementary Table 4).

Notably, other cellinjuries suchas ‘tannin, ‘saponin’and ‘nonspe-
cificreactive’ showed relatively low performance. Overall, predictions
were consistently strong, evenin wells and plates held out from train-
ing (Fig. 2c) and especially when compared to a model trained with
shuffled data (‘shuffled model’) (Extended Data Fig. 3). When holding
outindividual treatments, we observed high performance for predict-
ing ‘genotoxin’ injuries, but poor performance for others (such as
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Fig.2|Model performance and evaluation with CPJUMP1 data. a, Our
Pycytominer-based workflow to process publicly available dataand totraina
machine-learning model to predict cellular injury. We then retrained our model
using only features that overlapped with the publicly available CPJUMP1 dataset.
Note that CPJUMP1 was also previously processed using Pycytominer. Created
inBioRender.com.b, Precision and recall scores for predicting various cellular
injuries, comparing the not-shuffled model (solid lines) with the shuffled model
(dashed lines) across distinct injury types and data splits, with blue indicating the
training set and red indicating the test set. The F1scores for each injury represent

only the testing and training datasets with the not-shuffled model. ¢, Confusion
matrices assessing the model’s predictive performance across training, testing
and holdout data. The red color gradient represents the ratio of the count over
the predicted class label, with the ratios in each row summing to 1. d, Cytoskeletal
injury probability distribution generated by the shuffled (red) and not-shuffled
(blue) models (updated model trained with overlapping CPJUMP1 features).

The three groups represent the ground-truth wells (top), wells predicted to

have cytoskeletal injury (middle) and wells not predicted to have cytoskeletal
injury (bottom).

‘miscellaneous’ and ‘kinase’), which further demonstrates differences
in generalizability across injury types (Extended Data Fig. 4).

To assess across-dataset generalizability, we retrained our model
using only features that overlapped with the CPJUMP1 dataset, which
comprises 19,498 well-level profiles from cell populations treated with
781 genetic and chemical perturbations (see Methods for details)™.
CPJUMP1 was also previously processed using Pycytominer. We

identified 24 CPJUMP1 wells that overlapped with cytoskeletal injury
compounds in the cell injury training dataset. Our model accurately
predicted 22 out of these 24 CPJUMP1 ground-truth wells (Fig.2d). The
model predicted the two misclassified samples as nonspecific reactive
and HSP9O0 injury, likely because these samples also showed substan-
tial additional changes indicative of these injuries (Supplementary
Table 4). Notably, the model predicted many CPJUMP1 compounds
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without labels to cause nuisance injuries (cytoskeletal and others),
which supports this approach flagging compounds in future drug
screening applications (Extended Data Fig. 5 and Supplementary
Table 5). We present injury type predictions for all CPJUMP1 chemical
and genetic perturbations in Supplementary Table 6.

Nevertheless, Pycytominer has certain limitations. Being writtenin
Python may exclude users proficient in other programming languages
and necessitates integrating their analytical pipelinesinto Python. To
addressthis, our future roadmap includes more containerization and
the addition of command line interface options, which will broaden
access and offer multilingual support. Second, there may be more opti-
malimage-based profiling methods not yet discovered. In anticipation
ofthese future developments, we have designed the Pycytominer API
and testing framework with modularity in mind. This approach allows
for the easy incorporation of new methods as they surpass the current
state of theart. Third, itisimportant to note that Pycytominer focuses
onaspecific segment of the entire image analysis pipeline, beginning
withimage analysis outputs and ending with fully-processed single-cell
and bulkimage-based profiles. Consequently, users are required tobe
proficientin other software for preliminary processing steps like qual-
ity control, segmentation and feature extraction as well as downstream
tools for analysis and visualization. This decision to concentrate oncore
image-based profiling functionality simplifies software maintenance
and fosters directinnovation in this area.

Looking to the future, Pycytominer is poised to play an essential
roleas anintegral tool forimage-based profiling. With a steadfast com-
mitment and agrowing community consistently contributing new and
optimized functionality, Pycytominer offers areliable and standardized
toolkit that empowers researchers to unveil new insights in multiple
fields from drug discovery to fundamental cell biology research.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code
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Methods

Pycytominer software practices

Werigorously apply open-source best practices during Pycytominer’s
developmentinfour main categories: implementation, testing, release
and community (Extended DataFig.1). (1) Implementation. Pycytominer
eases the process of contributing code by providing development
container specifications usablein VSCode or GitHub Codespaces that
contain the full set of software dependencies needed to develop and
test the codebase. When changes are ready, contributors submit pull
requests, whichmust be reviewed to ensure adherence tobest practices
such as modularization, code styling and documentation. (2) Testing.
Pycytominer’s comprehensive testing suite, including unit tests and
code coverage analysis, serves asacrucial step to ensure the correctness
and functionality of the software implementation. Testing every new
change against the full test suite reduces the introduction of software
bugs and ensures consistent behavior across versions. (3) Release.
Pycytominer follows semantic versioning and maintains a changelog to
ensure users are keptinformed of new features and important changes.
Releases are made available directly on GitHub and are also packaged
for use within Python’s two major package repositories PyPland conda.
In addition, Pycytominer supports operating environment contain-
erization (facilitated by Docker?°), encapsulating dependencies to
enhance reproducibility. (4) Community. Pycytominer cultivates our
open-source community by welcoming new contributors with clear
contributing instructions and guidelines and a code of conduct to
ensure that professional standards are kept. These community efforts
areessential for good collaboration, maintaining quality and ensuring
project sustainability. Embracing the full set of these best software
practices fosters a collaborative environment that facilitates continu-
ousimprovements, encourages reproducibility, welcomes newcomers
and contributes to package usability for developers and users alike.

Reprocessing the cell injury dataset

Thecellinjury profiles used in this study (as training data) were initially
generated by Dahlin etal.” and consisted of image-based profiles along
with associated metadata. These profiles were derived from U-20S cells
treated with 218 cytotoxic compounds. The dataset was made publicly
available on the Image Data Resource (accession number 0133). We
downloaded only the normalized aggregated profiles that have been
normalized to their negative controls.

The cellinjury dataset contains 23,111 total wells, but we selected
only control wells and wells with ground-truth cell injury annotations
(16,701 selected wells). We labeled wells treated with dimethylsulfoxide
as ‘Control, while the treated wells were labeled according to their
specificinjuries, whichincluded 15types: control, cytoskeletal, Hsp90,
kinase, genotoxin, miscellaneous, redox, HDAC, mTOR, proteasome,
saponin, mitochondria, ferroptosis, tannin and nonspecific reactive
(see Supplementary Table 3 for acomplete count breakdown).

We used Pycytominer’s feature selection function to select inform-
ative morphological features to include during model training. We
applied the variance threshold operation to filter out features with
low variance. Additionally, we incorporated an ‘na_cutoff’ parameter
todrop featuresifthe proportion of missing values (NaN) exceeded 5%.
Last, we applied acorrelation threshold of 0.9, removing features that
exhibited high correlation with other features to ensure amore diverse
and representative feature set. If two features had a Pearson correla-
tion higher than 0.9, we removed the one feature that had the highest
combined correlation with all other features. This process removed 20
morphology features, which left us with 352 features for model training.

Machine-learning application: generating data splits

Wegenerated three holdout datasetsin aspecific sequence: plate, treat-
mentand well holdouts. First, we created plate holdouts by randomly
selecting ten plates from the cell injury dataset. For treatment holdouts,
weidentified specific cell injuries with ten or more unique treatments

(we excluded injuries from the holdout set if they had fewer than ten
unique treatments). From the remaining categories, we selected the
one treatment with the fewest wells as our holdout (see Extended
Data Figure 4). This process enabled us to retain a high diversity of
different treatments in the training set, while enabling us to evaluate
performance on never-before-seen treatments. We generated well
holdouts by selecting all nonheldout plates and randomly choosing
15 wells (5 controls and 10 wells with each cell injury) from each plate.
All holdout sets contained independent samples (we did not include
a sample in more than one holdout set). The remaining data (13,502
wells) constituted our training dataset, which we further splitinto 80%
(10,801 wells) for training and 20% (2,701 wells) for testing, maintaining
the same class-label proportions to address dataset imbalance.

Machine-learning application: model training

We trained and hyperparameterized our multiclass logistic regression
models using scikit-learn’s RandomizedSearchCV. To address label
imbalance, we configured our logistic regression model to automati-
cally adjust class weights based on their frequencies. This adjustment
helps to mitigate theimpact of imbalanced labels during model train-
ing. For the hyperparameter tuning, we defined a parameter grid for
RandomizedSearchCV. This grid included exploration of three dif-
ferent penalties: Lasso (L1), Ridge (L2) and Elastic Net (combination
of L1and L2). We varied the regularization strength across a range of
values (0.0001, 0.01, 0.1,1,10 and 100) to assess its impact on model
performance. Additionally, we experimented with different tolerance
values (1x10°and1x107) to determine the threshold for stopping the
hyperparameter search process.

To explore the Elastic Net regularization further, we searched
different ratios (0.1,0.3,0.5,0.7 and 0.9) between L1and L2 penalties.
Finally, we evaluated various solvers (newton-cg, Ibfgs, liblinear, sag
and saga) to optimize the logistic regression model parameters. Each
solver offers distinct optimization techniques, allowing us to assess
their effectivenessin our model’s context. Results of the hyperparam-
eter tuning and cross validation canbe found in Supplementary Table 7.
We sselected the model parameters that optimized this cross-validation
procedure. Inthe supplementary tables, we call this the ‘fs_model’

We applied this training approach to two models: the standard
multiclass logistic regression model (not-shuffled model type) and
asecond multiclass logistic regression model trained on a shuffled
dataset (shuffled model type), where we randomized feature values.
The shuffled model serves as a baseline to evaluate the performance
of our standard model. By comparing the performance of the standard
model against the shuffled model, we are able to determine whether
the results from the standard model reflected meaningful patternsin
the data orare simply due to random chance.

CPJUMP1 application

We applied the trained cell injury model to the CPJUMP1 dataset
(cpg0000-jump-pilot), which we accessed via the Cell Painting Gal-
lery website, specifically from the path ‘cpg0000-jump-pilot/source_4/
workspace/profiles/2020_11_04_CPJUMPT’. Because both the CPJUMP1
andthe cellinjury dataset were processed using differentimage analy-
sis and image-based profiling pipelines, they each had a different fea-
ture space. We identified 221 morphology features in common (total
features before feature selection).

We then subset the normalized cell injury dataset to this com-
mon set of features and applied the Pycytominer feature selec-
tion procedure, as previously described, with one exception: we
excluded the correlation threshold step to retain more features. In
this case, Pycytominer did not drop any features. We thenapplied the
machine-learning procedure as described in the ‘Machine-learning
application: model training’ section to the cell injury dataset with the
221 common feature space. In the supplementary tables, we call this
the ‘aligned_model.

Nature Methods


http://www.nature.com/naturemethods

Brief Communication

https://doi.org/10.1038/s41592-025-02611-8

We used International Chemical Identifiers (InChIKeys) to identify
chemical perturbations common to both datasets. We identified 24
CPJUMP1 wellsthat contained chemical perturbations labeled as caus-
ing cytoskeletal injuries in the cell injury study. We set these wells as
our ground truth when conducting our evaluation.

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

Data availability

We accessed theimages and resulting profiles that we analyzed in Fig. 2
fromIDRO133 (ref. 19). We make all intermediate data for this analysis
of the IDRO133 dataset available at https://github.com/WayScience/
predicting-cell-injury-compounds/tree/v2.1.

Code availability

- Pycytominer is an open-source project and its source code can
be viewed and downloaded from https://github.com/cytomining/
pycytominer.

- Pyctominer’s installation and usage documentation is available at
https://Pycytominer.readthedocs.io/.

-Atutorial on howto conduct single-cellimage-based profilingis avail-
ableat https://Pycytominer.readthedocs.io/en/latest/walkthroughs/
single_cell_usage.html.

- The repository containing the code used to conduct analysis and
generate results is available at https://github.com/WayScience/
predicting-cell-injury-compounds/tree/v2.1.1.

-Therepository containing profiling recipe written in Pycytominer is
available at https://github.com/cytomining/profiling-recipe.

- Theimage-based profiling handbook is available at https://cytomin-
ing.github.io/profiling-handbook11/22/2023.
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Implementation Testing Release Community

Cytomining

) GitHub

Extended Data Fig. 1| Overview of Pycytominer’s open-source development practices. Pycytominer’s open-source development starts withimplementing
new features, followed by rigorous testing to ensure reliability. After a formal release, the community engages with the tool, providing feedback and suggestions.
Created in https://BioRender.com.
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Extended Data Fig. 2| Pycytominer recipe and handbook for image-based
profiling. (a) Users can configure a profiling recipe to customize Pycytominer
implementation of image-based profiling steps. Users interact with the profiling
recipe through a configuration file provided in yaml format, to parameterize
each function within the Pycytominer workflow. The profiling recipe can be
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Raw microscopy

gregate:
perform: true
plate_column: Metadata_Plate
well_column: Metadata_Well
method: median
fields: all
image_feature_categories:
- Count
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notate:
perform: true
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external :
perform: true
file: <metadata file name>
merge_column: <Column to merge on>
configs continue

Image-based
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extaction

images
Data
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Image-based
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found at: https://github.com/cytomining/profiling-recipe. (b) We have also
written animage-based profiling handbook available at https://cytomining.
github.io/profiling-handbook/, which documents all steps in a full image-based
profiling workflow. Created in https://BioRender.com.
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