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Cell Painting images offer valuable insights into a cell’s state and enable many 
biological applications, but publicly available arrayed datasets only include 
hundreds of genes perturbed. The JUMP Cell Painting Consortium perturbed 
roughly 75% of the protein-coding genome in human U-2 OS cells, generating 
a rich resource of single-cell images and extracted features. These profiles 
capture the phenotypic impacts of perturbing 15,243 human genes, including 
overexpressing 12,609 genes (using open reading frames) and knocking out 
7,975 genes (using CRISPR–Cas9). Here we mitigated technical artifacts by 
rigorously evaluating data processing options and validated the dataset’s 
robustness and biological relevance. Analysis of phenotypic profiles 
revealed previously undiscovered gene clusters and functional relationships, 
including those associated with mitochondrial function, cancer and neural 
processes. The JUMP Cell Painting genetic dataset is a valuable resource for 
exploring gene relationships and uncovering previously unknown functions.

A major biological challenge is to identify the functions of all human 
proteins and to understand the impact of disease on those functions. 
Historically, human protein functions are determined painstakingly, 
often through hypothesis-driven and heavily customized genetic  
or proteomic experiments. The pace of discovery increased with the  
rise of genome-scale perturbation screens that simultaneously assess  
all human proteins for a given function. First in arrayed format and 
later in a more economical pooled format, these experiments capture 

readouts (reflecting phenotypes of interest) from reporter assays, 
molecular omics or microscopy. They can identify all genetic perturba-
tions that affect a single or a few biological processes of interest, within 
limits of technical noise1–4.

As technologies increased the scale of functional genomics experi-
ments, they also increased the breadth of readouts measured from a 
sample. Proteomic, metabolomic and transcriptomic techniques allow 
measuring hundreds to thousands of individual molecular readouts. 
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Discovery Limited (formerly known as Horizon Discovery). In total, we 
tested 15,243 genes by overexpression, knockout or both. Lentiviruses 
containing each ORF, or pools of four CRISPR guides against a given 
gene, were arrayed into 384-well plates of U-2 OS human osteosarcoma 
cells. The cells were incubated for 48 hours to allow infection (or trans-
fection) and expression (or transient knockout) and then fixed and 
stained for the Cell Painting assay, with six stains labeling eight cellular 
components or organelles and imaged in five fluorescent channels 
(Fig. 1a). The design of the experiment is shown in Fig. 1b and described 
in detail in Methods. We extracted 7,648 and 4,761 image-based features 
from the ORF and CRISPR datasets, respectively (https://github.com/
jump-cellpainting/2025_Chandrasekaran_NatureMethods_Morphmap/
tree/v1.0.0/11.list-all-features/output). The features include metrics 
of size, shape, intensity, texture and correlation, measured from each  
of the channels and in the nucleus, cytoplasm and cell compartments. 
Quality control, feature selection and other preprocessing steps  
(Methods) yielded final profiles with 722 and 259 features for ORF and 
CRISPR profiles, respectively. Notably, the sphering and harmony steps 
used in preprocessing yield final features that cannot be readily mapped 
to the original feature categories, making interpretability challenging.

Overall, of the 15,243 genes tested (Fig. 2a), 68% (10,352) yielded  
a detectable phenotype (‘phenotypic activity’), that is, an image- 
based profile with a signal distinct from negative controls by ORF, 
CRISPR or both24. This includes 7,031 genes (56% of tested genes) by 
overexpression and 5,546 genes (70% of tested genes) by CRISPR–Cas9 
knockout (Fig. 2b,c and Supplementary Table 1). Focusing on just the 
reagents that yielded a phenotype gave a visual overview of the dataset; 
many clusters represent groups of genes whose products belong to the 
same protein complexes (Supplementary Fig. 1).

Genes with Cell Painting phenotypes share characteristics
We performed Fisher’s exact test to discover whether particular types 
of gene were more likely to have phenotypic activity in Cell Painting 
(Fig. 2d). As expected, essential genes are more likely than random 
genes to have a phenotype when knocked out and less likely when over-
expressed; essential genes as a class are already well-expressed, so 
overexpression may not dramatically affect the total amount of protein. 
Likewise, knocking out highly expressed genes is more likely to yield 
a phenotypic effect than overexpressing such genes. Overexpressing 
disease-associated genes were more likely than nondisease-related 
genes to produce phenotypic changes. This has implications for drug 
discovery, as small molecules that reverse these phenotypic changes 
might be pursued as disease therapeutics.

We also tested whether particular classes of genes, as defined 
by the Human Protein Atlas25, were more likely to yield Cell Painting  
phenotypes (Fig. 2e). For gene knockouts, enzymes were more likely 
than random genes to have phenotypic activity, while predicted secreted 
and membrane proteins were less likely. For overexpression, predicted 
secreted proteins and T cell receptors were less likely to have phenotypic 
activity, while predicted membrane proteins were more likely.

Cell Painting gene links are validated by existing knowledge
To assess the value of image-based profiles in representing cell states, 
we investigated whether genes within the same annotated group were 
more similar than genes from different groups (Fig. 3a–d). In both the 
ORF and CRISPR datasets, genes cluster based on their associated 
CORUM protein complex, WikiPathway and gene group. Notably, 
several clusters show phenotypic consistency in both ORF and CRISPR 
datasets (Supplementary Table 4). Genes do not cluster by disease 
association, possibly because diverse mechanisms can underpin  
a single disease.

Next, we compared gene–gene morphological connections to the 
Drug Repurposing Knowledge Graph (DRKG), which integrates multiple 
sources of existing connections among genes26 (https://github.com/
gnn4dr/DRKG). The DRKG includes protein–protein interactions, gene 

Profiling technologies enable rapid discovery of new protein functions 
in two ways. First, researchers can identify, in a single experiment, 
all genes whose perturbation affects each of the hundreds of indi-
vidual direct readouts in the assay. Second, an entirely new mode of 
discovery arose: using the complex patterns among the hundreds of 
readouts as a ‘profile’ or signature to assign functions to genes based 
on ‘guilt-by-similarity’.

Images of cells captured by fluorescence microscopy have 
emerged as a powerful profiling methodology alongside molecu-
lar profiling. Image analysis extracts thousands of morphological 
features5 and captures biological information on par with available 
high-throughput proteomic or transcriptomic methods6,7, at single-cell 
resolution8–10. Using images to generate profiles has proved useful for 
identifying gene functions, determining the mechanism of compounds 
and identifying previously unknown chemical regulators of genes, 
among many other applications in drug discovery and fundamental 
biological research11.

Accordingly, information-rich imaging datasets have been publicly 
shared12 that capture morphological profiles of thousands of genetic 
perturbations. An early Mitocheck Consortium screen decreased  
the expression of 21,000 human genes by RNA interference, captur-
ing the impact on chromosome morphology in time lapse13. Multiple 
studies using deletion strains in yeast have captured the morpho-
logical impact14,15. Morphological profiles of actin, DNA and α-tubulin  
staining were captured for 6,840 Drosophila genes perturbed by 
RNA interference, plus pairwise combinations of those genes with a 
100-gene subset16.

Cell Painting has become fairly standard as an image-based  
profiling readout. Thus far, the largest arrayed genetic perturbation 
dataset using the assay is from the techbio company Recursion, using 
six CRISPR–Cas9 guides against 736 genes in human umbilical vein 
endothelial cells (with an additional 16,327 genes anonymized)17. New 
methods allow pooling thousands of genetic reagents in human cells 
while still offering image-based readouts; we helped execute three 
Cell Painting screens using CRISPR–Cas9 guides to knockdown each of 
>20,000 human genes, although an average of only 460 cells’ data are 
available per gene (<100 per guide) and no data from overexpression 
perturbations are available18.

Here we aimed to create a public, large-scale dataset of Cell  
Painting image-based profiles from increasing and decreasing gene 
expression, in an arrayed format that allows thousands of cells per 
replicate. Over- and underexpression of proteins can both have advan-
tages for affecting cell systems and suggesting biological functions: 
unlike knockdown or knockout technologies, overexpression can 
produce phenotypes even in (perhaps, especially in) a cell type where 
the gene is not expressed or when there are multiple isoforms or highly 
redundant protein family members. Overexpression does not suffer 
from off-target effects and chromosome arm effects that can affect 
CRISPR–Cas9 systems19 but is prone to artifactual effects: although 
some, such as dominant-negative effects, may still affect a biological 
function specifically enough to be informative20. This dataset repre-
sents the genetic subset of the 136,000 chemical and genetic perturba-
tions tested by our Joint Undertaking in Morphological Profiling ( JUMP) 
Cell Painting Consortium, which was previously released alongside a 
data descriptor preprint21 that describes it. In this paper, we addition-
ally validate the dataset and demonstrate how the data can be used.

Results
Genetic perturbations yield Cell Painting phenotypes
Using the Cell Painting assay v.3 (ref. 22), we tested 15,142 overex-
pression (open reading frame (ORF)) reagents encompassing 12,609 
unique human genes, including controls from the Broad Institute 
lentiviral ORF library23. We also tested 7,977 pools of CRISPR guides 
against 7,975 unique genes and controls from the Human Edit-R syn-
thetic CRISPR RNA (crRNA)-Druggable Genome library from Revvity 
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coexpression and other gene–gene links derived from text mining, 
gene ontology (GO), gene pathway, gene-disease and other anno
tations, but it was not built using the JUMP Cell Painting (nor indeed any 
image-based information). We analyzed the closeness of genes in the 
knowledge graph (KG) with a graph neural network (GNN) approach, 
where links between genes and functions in DRKG are predicted by the 
GNN and summarized in a GNN-based KG score (Methods). Gene–gene 
pairs with strong morphological similarity (or strong dissimilarity) 
were far more likely to have strong existing evidence of a relationship in 
the KG (Fig. 3e–j). Roughly half of such gene–gene pairs were supported 
by existing scientific evidence, as captured by the KG, and roughly half 
were previously unknown connections (whereas only 10% of randomly 

shuffled gene pairs had supporting evidence). The JUMP dataset there-
fore contains reliable data and also the opportunity for discovery.

Screening for a single-cell phenotype using machine learning
Cell Painting images contain multiple channels and can reveal hun-
dreds of morphological phenotypes of interest to biologists. To dem-
onstrate the potential to use this data to carry out specific screens, we 
trained a single-cell phenotypic machine learning model to recognize 
rounded cells using the PhenoSorter feature in Spring Engine. Using a 
point-and-click interface, we provided the supervised learning tool with 
examples of 53 rounded cells and another 179 flat cells. The resulting 
classification model trained on an 80/20 training/test split dataset 
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Fig. 1 | JUMP Cell Painting dataset overview. a, Example images of overexpressed 
genes (ORFs) and knocked-out genes (CRISPR) that are most dissimilar from 
negative controls (negcon) are shown. Negative control images are selected 
randomly from the ORF and CRISPR dataset. Channels are DNA, nucleus 
(Hoechst); AGP, actin cytoskeleton (phalloidin) plus the Golgi and plasma 
membrane (wheat germ agglutinin); Mito, mitochondria (MitoTracker); ER, 

endoplasmic reticulum (concanavalin A) and RNA, nucleoli and cytoplasmic 
RNA (SYTO 14). b,c, Experimental design schematics for dataset generation. The 
number of plates, plate maps and batch in the ORF (b) and CRISPR (c) datasets are 
shown. Polybrene was added to most ORF plates, which are also shown. Detailed 
information regarding perturbation types per plate and other experimental 
conditions (for example, cell seeding density) can be found in Methods.
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yielded 100% recall and 100% precision in correctly calling rounded 
cells (Fig. 4a–c). Applying the model to the entire dataset as a virtual 
screen, we identified 187 genes in the ORF dataset with excess rounded 
cells, 63 of which had WikiPathways annotations. All the WikiPathways 
annotation groups significantly enriched in the rounded-cell gene set 
were related to cell death or stress (Fig. 4d).

Finding gene–gene relationships using image-based profiles
Dynein family, FOXO3–TGFb and SLC39A1–ZBTB16. Given the prom-
ising quantitative result that most relationships in the JUMP genetic 
dataset are supported by literature, we examined some well-known  
proteins, starting with some of the strongest gene clusters. In the 
CRISPR dataset, FOXO3 and TGFB1 are negatively correlated (Fig. 5b). 
This interaction is well known, although the directionality of interaction 
is tissue dependent27,28. SLC39A1 and ZBTB16 also strongly negatively 
correlate in both their ORF and CRISPR profiles (Fig. 5c,d); although 
lacking direct connection in the literature, the pair shares GO annota-
tions, including appendage development, embryonic morphogenesis 
and skeletal system development.

In the overexpression (ORF) data, we noticed a strong cluster of 
PAFAH1B1 (also known as Lis1) with NDE1 (NudE) and NDEL1 (Nudel). 
HOOK1, HOOK2 and SPDL1 had a strong anti-correlation with those 
three genes (Fig. 5e). Existing evidence links all six proteins to intra-
cellular dynein transport29; for example, the Nudel complex links 
PAFAH1B1 to dynein30 and HOOK2 supports the recruitment of dynein 
by the Nudel complex at the nuclear envelope31,32. As seen in our past 

work33: both similar and dissimilar morphological profiles can use-
fully point to functional relationships. ‘Unexpected’ directionality 
can be due to, for example, biological mechanisms being nonlinear, 
overexpression causing a dominant-negative effect (for example, by 
disrupting a functioning complex) or feedback loop and/or compensa-
tory impact on the gene’s function.

We then sought to identify previously unknown discoveries. Again, 
using the DRKG, we prioritized gene–gene connections with strong 
morphological similarity and/or dissimilarity but with low existing 
knowledge per the KG (using a cutoff of 0.5 for the KG score, Fig. 3). 
To distinguish whether these are false positives, reflecting technical 
noise or true previously undiscovered relationships between genes, 
we designed follow-up experiments and were able to make discoveries 
for several of them.

MYT1 transcriptionally represses RNF41. One of the top-15 strong-
est anticorrelating pairs in the CRISPR dataset was MYT1 and RNF41 
(Fig. 6a). MYT1 encodes a known transcriptional repressor34, so we 
hypothesized it might directly repress transcription of RNF41: an obvi-
ous mechanism that could yield opposite Cell Painting phenotypes. 
Consistent with this, we performed CUT&RUN analysis and found that 
the product of MYT1 binds the promoter of RNF41 from adult mouse 
retinas (Fig. 6f).

Potential previously unknown Hippo pathway members. We previ-
ously noted strong morphological similarities between overexpression 
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Fig. 2 | Phenotypic activity for genes and phenotypic consistency for gene 
groups. a, Number of genes overexpressed, knocked out or both. The Broad 
Institute lentiviral ORF library is not genome-wide because genes above 3,500 
nucleotides do not package well into lentivirus, and some genes were excluded 
due to quality control reasons. b, Of the tested genes, 68% yielded a phenotype 
(replicates are significantly different from the negative control); 57% of tested 
reagents had a phenotype by ORF and 70% by CRISPR. c, To determine whether 
a reagent had a detectable phenotype (‘phenotypic activity’), we computed 
mean average precision (mAP)24 to assess how well a given replicate of a reagent 
retrieves other replicates of that reagent rather than a negative control. 
Green, ORF dataset and orange, CRISPR dataset. The fraction of reagents with 

significant mAP values is shown above each panel. The gray and black dashed 
lines, respectively, are the 90th percentile of the reagents with a nonsignificant 
mAP value and the 10th percentile of reagents with a significant mAP value (the 
thresholds vary because there are varying numbers of replicates per gene). 
d,e, Forest plots illustrating associations between gene characteristics (d) and 
protein classes (e) and observed phenotypes. Green represents ORF profiles and 
orange represents CRISPR profiles. Odds ratios (squares), the 95% confidence 
intervals of odds ratios (whiskers) and P values (calculated from a two-sided 
Fisher’s exact test) are displayed. Multi-hypothesis correction resulted in 
adjusted significance thresholds (α = 0.0083 (a) and α = 0.0062 (b)). The number 
of data points in d and e are listed in Supplementary Tables 2 and 3, respectively.
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Fig. 3 | Characteristics of genes with phenotypes and KG validation.  
a–d, Phenotypic consistency measured by mAP for retrieving genes sharing 
knowledge-based labels (CORUM Complex (a), WikiPathways (b), HGNC Gene 
Group (c) and Disease Association (d); Methods) versus genes with different labels.  
Green, ORF dataset and orange, CRISPR dataset. The fraction of gene groups with 
significant mAP values is shown above each panel. Gray and black dashed lines 
represent the 90th percentile of nonsignificant groups and the 10th percentile of 
significant groups, respectively (thresholds vary by group size). e–j, Comparison 
of morphological similarity in JUMP Cell Painting with evidence from the 
DRKG. e,h, Two-dimensional histograms for ORF (e) and CRISPR (h) compare 
morphological similarity (x axis, |cosine similarity|) versus KG score (y axis). A KG 
score >0.5 indicates connection ‘explained’ via GNN. Data trends toward the upper 
right, showing pairs with strong morphological similarity often have higher KG 
scores. The large number of gene pairs is better depicted as a two-dimensional 

histogram than a scatter plot. f,i, Example one-dimensional histograms (cuts 
through e,h) for ORF (f) and CRISPR (i) show KG score distributions for moderate 
(left, similarity 0.4–0.41) versus strong (right, similarity 0.8–0.81) morphological 
similarity. Pairs with stronger similarity (right) exhibit higher KG scores.  
g,j, For ORF (g) and CRISPR (j), ~40–50% of gene pairs with strong morphological 
similarity (|cosine similarity| > 0.8) are explained by the KG (GNN prediction). 
This view of the data shows three variations of the KG, trained on molecular 
functions (gene_mf), pathways (gene_pathways) and biological processes 
(gene_bp). A random shuffling of gene labels shows that around 10% of gene pairs 
have connections if selected randomly (dashed lines show standard confidence 
intervals corresponding to one standard deviation for multiple shuffling of gene 
labels). Gene pairs with morphological similarities above ~0.4 (absolute value) 
show more DRKG evidence for connection than random pairs (except for the GNN 
trained with molecular function GO terms for CRISPR data).
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of YAP1 and its paralog WWTR1 (TAZ) in an experiment with 220 genes33; 
we saw the same connection here in the much larger gene set, now 
with other known Hippo pathway members, STK3 (MST2), VGLL4 and 
PRKCE35,36 (Fig. 6b). Using the Plex web application37 to explore exist-
ing datasets we found that 10–12 of the 50 genes found to be most 
similar to YAP1 in the ORF data are coregulated in various perturba-
tions and/or conditions, and these genes mostly relate to actin bind-
ing and/or regulation and neuronal development38–43. Furthermore,  
18 of the YAP1-similar genes exhibit significant expression changes on 
YAP1 knockout, further strengthening evidence for a valid biological 
relationship44. Notably, CEP72, IL20RB and MTMR9 showed strong 
phenotypic correlation with YAP1 despite having little KG evidence for 
engagement with the Hippo pathway. These genes merit investigation 
for involvement in the Hippo pathway and related disorders.

INSYN1’s potential role in cancer migration and proliferation. In 
both the ORF and CRISPR data, many genes whose products are linked 
to the regulation of cell migration and proliferation in cancer cluster 
together, including the transcription factors HOXC8 and ZFP36L1, the 
kinase-related genes PIK3R3 and NRBP1, and the GTP-related genes 
RAB40B and RAB40C (Fig. 6c). INSYN1’s only known function is coor-
dinating the postsynaptic inhibition complex45, but it is also present 
in this ORF cluster (it was not tested by CRISPR). We found multiple 
sources of weak evidence for a link between INSYN1 and cancer. For 
example, the Human Protein Atlas re-analyzed the TCGA dataset and 
classified INSYN1 as a prognostic marker gene for renal cancer and as 
having enhanced expression in glioma cancer tissues (https://www.
proteinatlas.org/ENSG00000205363-INSYN1/pathology). The Genetic 
Associations Database contains associations between uncharacterized 
proteins and cancer outcomes and flagged INSYN1 (under its synonym 
C15orf59) as one of 62 new OncoORFs46. Expression of the antisense  

long noncoding RNA of INSYN1 is associated with low-grade glioma 
prognosis47 and with the overexpression of vimentin, a marker of 
advanced metastatic cancer48. Collectively, this suggests INSYN1 should 
be more closely investigated for its oncogenic potential.

Link between SLC and olfactory receptor superfamilies. One of the 
largest morphological clusters with previously unknown connections 
(low KG scores) contains members of two superfamilies: solute carri-
ers (SLC) and olfactory receptors. The cluster exists in the ORF data,  
not the CRISPR data (mainly because none of the olfactory receptor 
genes showed a phenotype after CRISPR knockout). Among a tightly 
clustered subset of this large SLC-olfactory receptor cluster, some  
gene pairs are known to be connected, but many were not (Supple-
mentary Figs. 3–5).

Cluster linked to mitochondrial function and cancer. We found that 
three enzymes strongly correlated in both the ORF and CRISPR profiles: 
ECH1 (enoyl-CoA hydratase 1), UQCRFS1 (ubiquinol-cytochrome c 
reductase, Rieske iron-sulfur polypeptide 1) and SARS2 (seryl-tRNA 
synthetase 2, mitochondrial) (Fig. 6d). The connections among 
them are mostly unknown; UQCRFS1 and SARS2 are connected in the  
KG by inference through the GNN only, not by literature reports, and 
the remaining connections show weak or low KG scores (Fig. 6d).  
Some existing data support these new connections: SARS2 is the most 
highly correlated gene with ECH1 in terms of cell-line RNA expression; 
SARS2 and ECH1 are the fifth and tenth top matches, respectively, for 
UQCRFS1 (https://www.proteinatlas.org/ENSG00000104823-ECH1/
cell+line). Analyzing the top 52 genes most similar to this cluster in 
the ORF dataset using Plex, most are mitochondria-associated (GOCC_
Mitochondrion), including 16 mitochondrial disease-associated 
genes49. Knockdown or overexpression of LINC00473, a regulator of 
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lipolysis and mitochondrial respiration, downregulates 15 of these 
genes50, and knockdown of the mitochondrial chaperone encoded by 
PHB2 downregulates 14 genes in the cluster51. In addition, in proteomic 
profiling data from cells treated with a library of 875 compounds, five 
of the ten profiles with the greatest overlap with this 52 gene cluster 
were from inhibitors of the PI3K/MTOR pathway52, which regulates 
both mitochondrial function and biogenesis53. Given recent interest 

in UQCRFS1 as a mitochondrial-related oncology biomarker and drug 
target54, SARS2 and ECH1 also merit attention.

Connection of TSC22D1 to genes with neural function. Across both 
ORF and CRISPR data, we identified three strongly correlated genes: 
GPR176 (G protein-coupled receptor 176), CHRM4 (cholinergic receptor 
muscarinic 4), TSC22D1 (TSC22 domain family member 1 and a fourth 
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gene, MYT1 (myelin transcription factor 1), consistently negatively 
correlated to that group (Fig. 6e). The products of GPR176, CHRM4 
and MYT1 are known to be involved in neural development or upregu-
lated in neurons55,56, and their relationship is already known, accord-
ing to moderate to high scores in the KG. By contrast, TSC22D1 has  
little known connection to any of these and is instead annotated as 
involved in apoptosis, tumor suppression and cellular stress response. 
The morphological similarity we observed indicates that TSC22D1 
warrants further investigation for neural functions: indeed, it is  
most highly expressed in brain tissue according to the Human Protein 
Atlas (https://www.proteinatlas.org/ENSG00000102804-TSC22D1/
tissue). Furthermore, TSC22D1 is strongly anti-correlated to LZTS2 
(leucine zipper tumor suppressor 2) in our ORF dataset (LZTS2 was  
not present in our CRISPR dataset), and the two genes show an  
inverse messenger RNA expression relationship55,57. LZTS2’s role in  
the Wnt pathway58 provides another tie to neuronal function59. Search-
ing public datasets in Plex, we found that knockdown of Musashi-1 
(MSI1), a gene that may play an essential role in nervous system  
development, in SU_MB002 medulloblastoma cells leads to down-
regulation of GPR176, CHRM4 and TSC22D1 and upregulation of  
MYT1 by RNA sequencing analysis, mirroring our observed corre-
lations60. In addition, GPR176, CHRM4 and TSC22D1 are reported to  
be downregulated in TREM2 (Triggering Receptor Expressed On  
Myeloid Cells 2) variants associated with Alzheimer’s sisease61. Together, 
these data indicate investigating TSC22D1 in brain function would  
be worthwhile.

Public portals for exploring JUMP data
Several portals have been built to explore and analyze the JUMP genetic 
perturbation data. The Broad Institute’s web-based portal JUMP Cell 
Painting Hub (http://broad.io/jump; unpublished communication, 
A. F. Muñoz) allows searching for genes with the most similar profiles 
to a query gene, and displays images and distinctive features (relative 
to negative controls), to aid in interpreting the image-based pheno-
types and identifying technical artifacts. In addition, the page includes 
instructions for interacting with the profiles of phenotypically active 
ORF and CRISPR genes in the web-based data visualization and analy-
sis software Morpheus (https://software.broadinstitute.org/mor-
pheus/) using the compatible files stored at https://doi.org/10.5281/
zenodo.14025601 (ref. 62) and https://zenodo.org/records/14165010 
(ref. 63) and instructions at the JUMP Cell Painting Hub.

JUMP Consortium partner Ardigen developed a free web-based 
application, phenAID JUMP-CP Data Explorer (https://phenaid.ardigen.
com/jumpcpexplorer/), that enables viewing images and metadata 
corresponding to each genetic perturbation and searching for and 
downloading up to 100 nearest neighbors. By contrast to the Broad 
portal, whose gene–gene similarities are based on simple cosine simi-
larities between image profiles, phenAID tool is based on projecting 
the ORF and CRISPR profiles to the same two-dimensional space using 
the UMAP (uniform manifold approximation and projection) algorithm 
with Euclidean distance and color-coded by clusters as determined 
using the BIRCH clustering algorithm.

Discussion
This study presents a valuable resource for the research community: 
a large-scale dataset linking both over- and underexpression genetic 
perturbations to cell image phenotypes. We have demonstrated its 
utility in screening for particular phenotypes of interest and uncover-
ing previously unknown connections between genes. The two modali-
ties—overexpression by ORFs and underexpression by CRISPR–Cas9 
knockout—provide complementary information rather than yielding 
identical gene clustering or simply producing opposing phenotypic 
profiles, consistent with our previous 160-gene study20. Further inves-
tigation using this expanded dataset could provide more definitive 
answers, potentially through reprocessing ORF and CRISPR profiles 

with a common pipeline to enable direct comparison rather than just 
at the clustering level.

This dataset has some limitations. Most notably, only 15,243 genes 
were tested by a reagent in the study, and only 10,352 genes had a detect-
able phenotype by overexpression, CRISPR or both. The Cell Painting 
assay captures a broad set of phenotypes, but they are only a subset of 
all cell morphological changes that might occur with a broader range 
of cellular markers. The experiment was done on a single cell type (U-2 
OS) from a single demographic (white women) at a single time point 
after genetic perturbation, and results may not extend to other genetic 
backgrounds or experimental conditions. Some individual reagents 
may be faulty (for example, CRISPR guides’ off-target effects or lack 
of efficacy, or unexpected mutations in overexpression reagents) and, 
although our processing steps attempted to mitigate them, technical 
artifacts affect the comparison of data collected in batches and on 
plate layouts that induce batch and position effects64. For this reason, 
it is crucial to examine plate layouts to ensure observed connections 
are not artifacts (Supplementary Figs. 6–19): reagents within the same 
plate, row or column can exhibit spurious correlations. In addition, 
visual inspection is useful to identify image-based anomalies (Sup-
plementary Figs. 20–32).

The JUMP Cell Painting Consortium is pleased to present this 
genetic perturbation dataset for the scientific community’s explora-
tion. All images and extracted profiles are freely available via AWS at 
https://registry.opendata.aws/cellpainting-gallery/.
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Methods
Genetic perturbation selection
ORF expression library. For cpg0016, we used a preexisting lenti-
viral ORF expression library created at the Broad Institute for gene  
overexpression experiments23. We tested 15,141 overexpression rea-
gents encompassing 12,609 unique genes, including controls, which 
are described in a later section. Lentiviral packaging becomes less 
efficient for larger genes; this library does not cover the entire genome 
because it excludes larger genes.

CPJUMP1 data (cpg0000) also contains ORF perturbation  
data, where we overexpressed 176 genes. Further details about these 
perturbations have been published in ref. 20.

CRISPR knockout library. We used the Revvity Human Edit-R synthetic 
crRNA-Druggable Genome in our CRISPR knockout experiments. This 
library targets 7,975 unique genes; each targeted by a pool of four prede-
signed synthetic crRNAs with high specificity and functional knockout.

In the CRISPR knockout experiments in CPJUMP1, we knocked 
down 160 genes. Further details about these perturbations have been 
published in ref. 20.

Controls. We included several controls to identify and correct for dif-
ferent experimental artifacts. The controls can be broadly categorized 
as within-plate controls (those on the same plate as the treatments) 
and control plates (entire plates run alongside the treatment plates).

Within-plate controls. Within-plate controls include negative con-
trols, positive controls and untreated wells.

Negative control wells are used to detect and correct plate-to-plate 
variations. They can also be used as a baseline for identifying pertur-
bations with a detectable morphological signal. The following are the 
within-plate negative controls.

•	 ORF plates: ORFs of genes for blue fluorescent protein, HcRed, 
lacZ and Luciferase, although it should be noted that no sensible 
negative control exists for protein overexpression, as each of 
these proteins is known to induce some changes to cell state.

•	 CRISPR plates: nontargeting guides (CRISPR guides that do not 
target any gene) and no guides (Cas9 cells are transfected but 
did not receive any CRISPR guides). There are also wells where 
cells are treated with dimethylsulfoxide (DMSO) but are not 
used as negative control treatments.

Positive control wells are included in the plates to ensure the 
experiment worked as expected.

•	 ORF plates: we ran four positive controls on the ORF plates 
(Supplementary Table 5), which are a subset of the eight positive 
control compounds run on the CRISPR plates. Furthermore, we 
included eGFP (enhanced green fluorescent protein) as the ORF 
positive control, which showed a consistent phenotype distinct 
from the negative controls.

•	 CRISPR plates: PLK1, knocking it down kills cells. We also ran eight  
compound positive controls on each CRISPR plate (Supplemen-
tary Table 5). These compounds exhibited phenotypes that  
are distinct from each other and from the negative control in 
previous experiments20.

Untreated wells received neither treatments nor controls; 
they contained only cells. They might also be used for normalizing  
samples, but they are nonideal negative controls, given that they are 
not mock-treated with any reagents.

Control plates. Negative control plates were run periodically (for 
example, one or more per batch) (Fig. 1b,c). These plates can help 

disentangle staining and imaging artifacts, including batch effects and 
well-position effects. Examples include an entire plate of untreated 
cells and an entire plate of cells treated with nontargeting or no guides 
(for CRISPR).

JUMP-Target-2-Compound plates: one or more plates of these com-
pounds were run in each batch to correct batch effects (unrelated plates 
from the same batch correlate strongly with each other compared to 
related plates in other batches) (Fig. 1c).

JUMP-Target-1-Compound plates: to align the production data 
(cpg0016) with the CPJUMP1 experiment in the pilot data (cpg0000)20, 
we ran four JUMP-Target-1-Compound plates in one batch of cpg0016 
from source_4 (Broad) (Fig. 1b,c).

JUMP-Target-2-Compound plates with polybrene: to quantify the  
cell morphology effects of adding polybrene, a viral transfection agent  
that is added to the ORF experiment, we ran two JUMP-Target-2- 
Compound plates with polybrene in one batch (Fig. 1b,c).

Plate layout design
ORF plates. The ORF plates were predesigned due to their existence in 
a preplated library23; each plate consists of negative control wells and 
untreated wells spread across the plate. Most plates contain 16 negative 
control wells, while some have as many as 28 wells. One replicate for 
each of the four compound positive controls (Supplementary Table 5) 
is added to wells O23, O24, P23 and P24. The remaining wells contain 
ORF treatments, with a single replicate of each per plate map and with 
five replicate plates produced per plate map.

CRISPR plates. Similar to the compound plates, the outer columns  
of the plate contain positive and negative controls. The outermost  
columns 1 and 24 contain four replicates of the eight compound  
positive controls. Columns 2 and 23 contain ten replicates each of wells 
with no guides and nontargeting guides, eight replicates of DMSO and 
four replicates of the CRISPR positive control, PLK1.

JUMP-Target-1-compound plates. The plates contain 306 compounds 
and DMSO; all but 14 compounds are in singlicate. There are 64 DMSO 
wells spread across the plate. The 14 compounds with two replicates are 
diverse positive controls that differ from the positive controls on the 
production plate. Further details about these positive controls and the 
criteria met by the plate’s compounds have been described in ref. 20.

JUMP-Target-2-compound plates. These plates’ contents are identical to  
those of JUMP-Target-1-Compound plates, but the layout differs. JUMP- 
Target-2-Compound plates meet all the criteria met by JUMP-Target-1- 
Compound plates22. Both layouts are provided in our GitHub repository 
(https://github.com/jump-cellpainting/JUMP-Target).

Perturbation identifier
All ORF reagents, CRISPR reagents and controls are assigned a unique 
JUMP identifier. These identifiers start with the code JCP2022_.

Experimental conditions
Cell Painting dyes. We optimized the concentrations of several Cell 
Painting dyes and chose the concentration as described in our previous 
publication in ref. 22.

Cell line. After comparing A549 and U-2 OS cell lines in pilot experiments20, 
we selected U-2 OS because of its performance in Cell Painting experi-
ments and the existence of previous datasets in this cell line, allowing 
comparison across experiments. The U-2 OS cell line was obtained directly 
from American Type Culture Collection (ATCC) (catalog no. HTB-96,  
lot no. 70016635). As the cells were sourced directly from ATCC and  
U2OS is not listed among commonly misidentified cell lines, further 
authentication was not performed. The cell cultures tested negative for 
mycoplasma contamination approximately 1 month after being initiated.
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Time point. We compared two time points for each perturbation 
modality: 48 and 96 h of ORF and 96 and 144 h for CRISPR and settled 
on 48 h for ORF and 96 h for CRISPR, based on their performance20.

Reagent vendor. Cell Painting dyes from Thermo Fisher and Revvity 
performed similarly in our pilot experiments22. For this dataset, we used 
the PhenoVueT Cell Painting Kit, v.2.0 (part number PING22, Revvity), 
which Revvity donated to the JUMP Cell Painting consortium.

Microtiter plates. After comparing different plates for their ability to 
minimize evaporation in the outer wells (cpg0000)22, we used Revvity 
Cell Carrier Ultra for data generation.

Compound concentration. The positive control compounds 
in the ORF and CRISPR plates, JUMP-Target-1-Compound and 
JUMP-Target-2-Compound plates, were assayed at 5 μM.

ORF experiments. We followed previous protocols65,66, with the fol-
lowing experimental parameters chosen: five replicates per virus 
plate, 1,525 cells per 384 wells, 30 μl of media seeding volume per 
384 wells, 1 μl of virus per 384 wells and 4 μg ml−1 polybrene added 1 h 
postseeding, 30-min spin at ~1,000g, media change after 24 h remov-
ing polybrene and virus adding back 40 μl of media, no selection with 
blasticidin.

Creation of the Cas9 cell line. We made U2OS-311 at the Broad Insti-
tute by transducing U-2 OS cells at a multiplicity of infection <1 with 
lentivirus prepared from the vector pLX_311-Cas9 (Addgene plasmid 
96924), which expresses blasticidin resistance from the SV40 promoter 
and Cas9 from the EF1α promoter, and selected with 16 μg ml−1 blastici-
din for 14 days. Briefly, a 12-well plate at 1.5 × 106 cells per well in 1.25 ml 
of media and 750 μl of virus supplemented with 4 μg ml−1 polybrene 
were centrifuged for 2 h at 1,000g, then 2 ml of media was added per 
well. 24 h after infection, cells were split out of the 12-well plate and 48 h 
after infection, 16 μg ml−1 blasticidin was added and maintained. This 
is a slight modification of our published protocol67. These lines are not 
available due to Broad Institute’s licensing restrictions.

CRISPR experiments. Five replicates per target gene were assessed, 
with each replicate well containing four different sequences targeting 
the same gene. The cell line used for these experiments was U2OS-311 
(Broad). The cells were kept for 1 week in blasticidin before plating. 
Blasticidin was removed one passage before plating. Before plating, 
125 nl of each guide RNA pool at 10 μM (Revvity) and 125 nl of the 
trans-activating crNA (tracrRNA) at 10 μM (Revvity) were dispensed 
in the 384-well plates using the ECHO (Beckman Coulter Life Science). 
Then 10 μl of LipoRNAimax (Thermo Fisher) diluted in OptiMEM was 
added to each well using a MultiDrop Combi (Thermo Fisher) to achieve 
a final 0.05 μl per well of LipoRNAimax. The plates were pulse cen-
trifuged and then incubated for 30 min at room temperature. Then 
700 cells per well were dispensed in 40 μl using the MultiDrop Combi 
and incubated for 96 h in an incubator (37 C, 5% CO2) before staining 
and fixation. Additional chemical treatments were included in some 
control wells (DMSO, C1, C2 … C8), and some full plates of cells were 
treated with the Target-2 plate of compounds. These treatments were 
performed as described in the chemical screening and were incubated 
for 48 h before staining and fixing U2OS-311 cells with LipoRNAimax 
treatment only (no guide RNA, no tracrRNA).

ORF and CRISPR metadata. Sequences of ORF reagents and cata-
log number of the CRISPR reagents from the Human Edit-R synthetic 
crRNA-Druggable Genome library from Revvity Discovery Limited  
(formerly known as Horizon Discovery) are available via GitHub  
(https://github.com/jump-cellpainting/2025_Chandrasekaran_
NatureMethods_Morphmap/tree/v1.0.0/13.orf-crispr-metadata).

Sample preparation and image acquisition
The Cell Painting assay uses six fluorescent dyes, imaged across five 
channels, to visualize eight key cellular components: mitochondria 
(MitoTracker, Mito), nucleus (Hoechst, DNA), nucleoli and cytoplas-
mic RNA (SYTO 14, RNA), endoplasmic reticulum (concanavalin A, 
ER), Golgi and plasma membrane (wheat germ agglutinin) plus the 
actin cytoskeleton (phalloidin, alpha 1-acid glycoprotein (AGP)). We 
followed the optimized Cell Painting assay protocol22 (https://github.
com/carpenterlab/2022_Cimini_NatureProtocols/wiki). Image acqui-
sition for the ORF dataset was performed using the Revvity Opera 
Phenix microscope in the widefield mode and for the CRISPR dataset 
using Yokogawa CV7000 in the confocal mode. Only fluorescent chan-
nels were acquired for the CRISPR dataset, while three brightfield 
planes were also acquired for the ORF dataset. Nine fields of view were 
acquired for both the ORF and CRISPR datasets.

Image processing
We used CellProfiler bioimage analysis software (v.4.1.3 or v.4.2.1) 
for image processing. We corrected background illumination varia-
tions68 and segmented nuclei and cells using classical segmentation 
algorithms, namely, CellProfiler’s IdentifyPrimaryObjects module with 
Minimum Cross-Entropy thresholding and IdentifySecondaryObjects 
module with Otsu three-class watershed thresholding, respectively. 
Subsequently, we measured a suite of features for each cell in every 
fluorescent channel, including intensity, granularity, texture and 
density. We extended this analysis to brightfield planes for the ORF 
dataset. In addition, we quantified features at the whole-image level 
(refer to http://broad.io/cellprofilermanual for detailed methodo
logy. Our image analysis pipeline (https://github.com/broadinstitute/
imaging-platform-pipelines/tree/fc10d6acec5c1b2d9c4526a052acb-
1d9a196525a/JUMP_production#production-pipelines) generated up 
to 7,648 features (encompassing both per-cell and per-image meas-
urements) for the ORF dataset. For the CRISPR dataset, we extracted 
4,762 features per cell, as we did not measure any brightfield features.

Data exclusion
We excluded batch 12 from the ORF dataset due to incorrect dispensing 
of assay dyes in two plate rows. This batch was subsequently repeated 
as batch 13. In addition, to keep the features same across ORF, CRISPR 
and the compound datasets21, we kept only the 3,673 common features.

Overview of profile processing workflow
We mean-aggregated the single-cell features using Pycytominer69 to 
generate well-level profiles. To correct for technical artifacts in the 
dataset, we began by correcting for systematic variations across well 
positions. We calculated the mean value for each feature within each 
well position and subtracted this mean from the corresponding feature 
values of individual samples. Next, recognizing that cell count can 
strongly contribute to data variability16, we addressed its influence on 
other features by regressing it out while retaining the original cell count 
feature for subsequent analyses. Following this, we applied a modified 
version of our profile processing pipeline for batch correction64. We 
applied variance thresholding to remove features with minimal vari-
ation across the dataset. We then scaled the data based on its median 
absolute deviation, removed outlier features and performed feature 
selection to remove invariant and redundant features. Finally, we per-
formed sphering transformation to decorrelate features and stand-
ardize variance, followed by Harmony batch correction70 to mitigate 
technical artifacts while preserving biological variation.

CRISPR–Cas9-mediated gene knockouts, while intended to disrupt 
specific genes through targeted DNA cuts, can occasionally result in 
unintended large-scale deletions encompassing the entire remaining 
chromosome arm71–73. Recent studies have identified systematic pat-
terns in image-based and cell-line viability profiles, revealing similari-
ties among knockouts of genes located on the same chromosome arm19. 
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We confirmed that this pattern is seen in our CRISPR dataset (https://
doi.org/10.5281/zenodo.13754407, ref. 74), which had undergone dif-
ferent preprocessing than in the previous study, but, as expected, not in 
our overexpression dataset (https://doi.org/10.5281/zenodo.13754178, 
ref. 75). The proposed correction method19, involving principal com-
ponents analysis followed by correction, successfully mitigated this 
pattern (https://doi.org/10.5281/zenodo.13754508, ref. 76). This cor-
rection was applied only to the CRISPR dataset.

This processing workflow can be replicated by running https://
github.com/broadinstitute/jump-profiling-recipe/tree/v0.1.0 using 
the appropriate config file for the CRISPR (crispr.json) and ORF data-
sets (orf.json). A schematic of the profile processing workflow is shown 
in Supplementary Fig. 33 and the number of features and samples 
remaining after each step in the processing workflow is shown in  
Supplementary Table 6.

We filtered ORF reagents based on viral infection efficiency, as 
determined by a CellTiter-Glo cell viability assay conducted in parallel 
with the Cell Painting plates. The infection efficiency values showed 
a bimodal distribution, with two outlier reagents (Supplementary 
Fig. 34). We established a threshold for low infection efficiency using 
Otsu thresholding. This filtration process eliminated all empty wells, 
as expected, due to the absence of virus in these wells. The unique, 
nonsymmetrical layout of empty wells in each plate map confirmed that 
plates were neither swapped nor rotated relative to their metadata. One 
exception was noted: plate map OAB41.OAC17.OAB78.79.A in batch 4, 
where three empty wells displayed strong infection efficiency. As the 
pattern did not improve with rotation and lacked a plausible explana-
tion, we opted to exclude all five replicates of this plate map from the 
experiment. We also removed control wells and ORF reagents with 
infection efficiency below the Otsu threshold. Together, these qual-
ity control measures resulted in the removal of 2,397 ORF reagents. 
The infection efficiency of each ORF reagent is available via GitHub at  
https://github.com/jump-cellpainting/2025_Chandrasekaran_ 
NatureMethods_Morphmap/tree/v1.0.0/00.download-and-process- 
annotations/input/JUMP-ORF-Infection-Efficiencies.xlsx and the list 
of removed ORF reagents is available via Github at https://github.
com/jump-cellpainting/2025_Chandrasekaran_NatureMethods_ 
Morphmap/tree/v1.0.0/00.download-and-process-annotations/ 
output/orf-reagents-low-infection-efficiency-and-outliers.csv.gz.

Mean average precision (mAP) calculations for phenotypic activity 
and phenotypic consistency are detailed and defined24. For example, 
mAP measures phenotypic activity when we calculate each replicate’s 
ability to retrieve the other replicates for that gene against the back-
ground of negative control samples, using cosine similarity as the 
similarity metric. We assess statistical significance using permutation 
testing to obtain a P value. P values are adjusted for false discovery rate 
to yield a corrected P value (q value).

Gene annotations
Annotations were downloaded from publicly available databases 
as described in https://github.com/jump-cellpainting/2025_
Chandrasekaran_NatureMethods_Morphmap/tree/v1.0.0/00.
download-and-process-annotations/README.md. To transform the 
predominantly continuous annotation data into categorical form for 
the Fisher’s exact test, we established threshold values. For essentiality, 
we set the dependency probability threshold as 0.75, and for expres-
sion, we set the transcripts per million threshold as 75. For ORF gene 
insert size, we set the threshold as 2,500 nucleotides.

Single-cell PhenoSorter models
Raw images were uploaded to Spring Engine (a cloud-based software- 
as-a-service product provided by Spring Science). We used the Pheno-
Sorter application to generate a single-cell-based phenotypic model 
that discriminated between flat and rounded cells. Briefly, this applica-
tion presents individual segmented cell crops to a user, who classifies 

them as rounded cells or flat cells. These cell crops are processed using 
RepLKNet, a pretrained large kernel convolutional neural network77. 
The final layer is pooled using average pooling to yield a 128-element 
embedding vector for each imaging channel. Classification models are 
built on this embedding vector using XGBoost78, a gradient-boosting 
decision tree-based framework. For this model, embeddings were con-
catenated from all five fluorescence channels used in the ORF dataset. 
The training uses an 80/20 split in which 80% of the user-classified cell 
images are randomly chosen to train the model, and the remaining 
20% are tested to determine model performance. To accommodate 
for different example set sizes, the loss function is weighted so that 
examples from smaller classes are given greater weight, such that 
each class is ultimately balanced despite the different sample set sizes. 
Once trained, the model is applied to all single-cell image crops in the 
entire dataset. The data for all cells in each well are aggregated to yield 
a percentage value for each model class for every well, and we applied a 
threshold of 6.5% reduction in the percentage of living cells compared 
to negative controls to call hits.

Gene set enrichment analysis for the PhenoSorter model
We evaluated the results of our machine learning classification mod-
els by performing a gene set enrichment analysis on the ORF pertur-
bations that demonstrated the greatest effect of the model. For the 
rounded-cell model, we compared the fraction of cells within each well 
that the model scored as flat for each ORF treatment against that same 
fraction of cells for untreated cells. ORF treatments were then ranked 
by the percentage reduction in flat cells. A cutoff of 6.5% increase in 
rounded cells was used to generate our gene subset for genes dem-
onstrating increased levels of cell roundedness. The R programming 
language package clusterProfiler79 was used for gene set enrichment 
analysis. The WikiPathways annotation set of the C2 subset of annota-
tions sourced from the MSig database was used for gene annotations.

Identifying relevant datasets using Plex
Genes sets in selected clusters (that is, genes similar to YAP1 in the ORF 
data, genes positively or negatively correlated with TSC22D1 and the 
cluster containing ECH1, UQCRFS1 and SARS2) were searched in the Plex 
Research web app (https://plexresearch.com)37. Plex combines KGs 
with centrality algorithms to find convergences between search inputs 
and diverse, large, publicly available datasets such as Gene Expression 
Omnibus80, Opentargets (https://www.opentargets.org) and the Broad 
Cancer Dependency Map Project (https://depmap.org/portal).

Gene–gene functional links quantified via KGs
Biomedical KGs represent information in the form of nodes (also called 
entities) connected by edges (also called links), where entities can 
have various types (for example, gene, compound, biological func-
tion, pathway, disease and so on) and the links can represent various 
facts connecting them (for example, a gene involved in a pathway or a 
disease, two genes cocited in an article, a compound is used to treat a 
disease). We used the DRKG26, a comprehensive open-source biomedi-
cal KG relating genes, compounds, diseases, biological processes, side 
effects and symptoms. DRKG includes information from six existing 
databases, including DrugBank, Hetionet, Global Network of Biomedi-
cal Relationships, String, IntAct and DGIdb, with 4,078,154 edges (of 
107 edge types) and 66,500 nodes (of 13 node types), after filtering 
out nonhuman genes and edges. The DRKG graph includes the results 
of large-scale scientific literature mining coming from the PubTator 
project through the Global Network of Biomedical Relationships.

We predict links between genes and functions in DRKG with a GNN 
approach. The analysis is limited to the 6,787 genes (ORF data) and 
5,494 genes (CRISPR data) having a phenotype and existing in DRKG 
(most 6,787/7,031 = 97% and 5,494/5,546 = 99%). Graph representation 
learning methods generate vector representations for graph nodes 
such that the learned representations, that is, embeddings, capture 
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the structure and semantics of networks81. To introduce a numerical 
score reflecting biological functional proximity between two genes 
from multiple sources of evidence, we trained three predictive models 
using the DRKG and GNN approach, aimed at predicting the molecu-
lar function of a gene using GO Molecular Function definitions as  
training set, the biological process in which a gene is involved using GO 
Biological Process definitions as training set or the pathway in which a 
gene is involved (using definition of pathways from various resources, 
including WikiPathways and Reactome as training sets). As an architec-
ture for GNN, we implemented a variational graph autoencoder82 in 
Pytorch Geometric83 for predicting links between genes and functions, 
using the whole topographical structure of the KG inspired by https://
colab.research.google.com/drive/1Jv0GrF11jcbhiV7dK-RhxKCv_GLV
vTls?usp=sharing#scrollTo=sBWeMphti_y2. This model makes use of 
latent variables and is capable of learning interpretable latent repre
sentations for undirected graphs. For training, we used a standard 
validation strategy by retaining a part of the gene-function links from 
the training set as a validation set and measuring the performance of 
the prediction through the metrics area under the curve and Hits at k 
(Hits@k)84. Hits@K measures the proportion of correct predictions 
within the top k-ranked candidates, that is, it denotes the ratio of the 
test triples that have been ranked among the top k triples85.

For a final validation of the models, we applied a time machine 
approach86, where computational models are trained using data pub-
lished before a certain time point, and the model outputs are validated 
by their ability to predict links that became part of biomedical knowl-
edge after this time point. Specifically, for validation we used those 
links from the latest GO87,88 that were established after 2020 and thus 
are not a part of DRKG, which was created in 2020. The prediction accu-
racy was high in both validation and test sets (Supplementary Table 7).

Each of the trained models provides a score xg,f for any pair of a 
gene g and a node f in DRKG representing a biological function (the 
GO Molecular Function category, GO Biological Process category or 
a pathway), where the known links typically score on top while other 
relatively large scores represent predictions of a gene function from 
the whole content of the KG. For a given type of biological function, 
the functional KG score between two genes gi and gj is computed as

SCF
KG (gi, g j) = 2 × sigmoid(

dot ( ̂xgi , ̂xg j )
kσF

) − 1,

where dot() is the standard dot product; sigmoid(x) = 1
1+e−x

 is a  
sigmoid function; F is the type of the biological function node in  
KG, F∈{GO_MF, GO_BP, pathway}; ̂xgi is the centered vector of scores 
xgi , f , f ∈ F ; σF  is the standard deviation of the distribution of  
dot( ̂xgi , ̂xg j ) values for all possible gene pairs gi, gj and k is the spread
ing coefficient empirically chosen at 1.5 in all experiments to avoid  
the saturation of sigmoid function values close to 1.0.

Therefore, the functional score between two genes is a value in 
[−1;1] interval, with values close to 1.0 representing two closely func-
tionally related genes (these are usually the genes involved in the same 
family, with physically interacting gene products, known to be involved 
in the same biological function and so on) and −1.0 representing genes 
maximally separated in the KG. Empirically, we observed that the dis-
tribution of SCF

KG scores has the maximum density for the score close 
to 0.2 (Fig. 3) with a relatively small number of negative values. We use 
0.5 as a cutoff for whether a particular relationship is previously known.

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

Data availability
Well-level morphological profiles, image analysis pipelines, profile  
generation pipelines and instructions for retrieving the cell images, 

single-cell profiles and well-level profiles are publicly available 
via GitHub at https://github.com/jump-cellpainting/2025_Chan-
drasekaran_NatureMethods_Morphmap/blob/main/README.md. 
Plate maps and other metadata are available via GitHub at https://
github.com/jump-cellpainting/datasets/tree/main/metadata. Cell 
Painting images and single-cell profiles are available via Cell Painting 
Gallery on the Registry of Open Data on AWS (https://registry.opendata.
aws/cellpainting-gallery/) under accession number cpg0016-jump. We 
have released the data with a CC0 license. Several external biological 
databases provided critical reference information for analysis and 
interpretation. The DRKG was used for KG-based analyses. GO and 
WikiPathways annotations were obtained from the Molecular Signa-
tures Database (Msigdb v.2023.1.Hs and v.2023.1.Hs). Human disease 
annotations were sourced from the Human Protein Atlas (v.23), and 
protein complex annotations came from the Comprehensive Resource 
of Mammalian protein complexes (CORUM v.4.1). Standardized gene 
nomenclature was referenced from Genenames.org and HGNC, while 
homology information was derived from HomoloGene (build 68). 
Finally, data regarding gene essentiality, gene expression and gene 
effect specifically in U2OS cells were obtained from the DepMap 23Q4 
release. Source data are provided with this paper.

Code availability
The code for generating all the figures is available via GitHub at https://
github.com/jump-cellpainting/2025_Chandrasekaran_NatureMeth-
ods_Morphmap. It is available under the BSD 3-clause license, a permis-
sive open-source license.
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