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ABSTRACT

We introduce CP-BG-1M, a diagnostic framework for detecting cell-density
and background-mediated shortcut learning in representation models for high-
throughput morphology profiling. The dataset contains ~1 million quality-
controlled single-cell tiles from JUMP-CP Target2 dataset imaged across multi-
ple production sites. Each cell is provided in four synchronized views that pre-
serve center-cell morphology while selectively exposing background context or
an explicit, source-agnostic density signal. This controlled design enables short-
cut testing: morphology-driven embeddings should remain stable across views,
whereas shortcut-dependent models show performance drops when background is
removed and partial recovery when density is reintroduced without altering mor-
phology. Using a DINOv3 ViT-B baseline with LoRA trained under a chemical-
similarity contrastive objective, we reveal strong metric dependence. Segmented
representations outperform crops in compound retrieval (recall@10: 0.37-0.38
vs. 0.29-0.30) and phenotypic activity detection (98.67% vs. 67.44—78.41% sig-
nificant replicate agreement), while also improving batch mixing. These findings
show that metric choice can invert model rankings by rewarding shortcut signals,
positioning CP-BG-1M as a practical tool to diagnose and mitigate cell-density
confounder.

1 INTRODUCTION

High-throughput microscopy has become a cornerstone of phenotypic drug discovery, enabling re-
searchers to screen thousands of compounds by observing their effects on cellular morphology. Cell
Painting (Bray et al.l 2016; |Cimini et al., [2023), a standardized multiplexed fluorescence imaging
assay, has emerged as the dominant approach, capturing morphological changes across eight major
cellular compartments using six stains, but is commonly acquired as five channels because several
components are multiplexed into a single channel (e.g., the AGP channel). A persistent challenge
is that the strongest sources of variation in these assays are often not mechanistic but experimental:
batch effects such as image resolution or cell density differ across sites and batches, and directly
affect many downstream measurements. The recent rise of deep learning has promised to tran-
scend these limitations. Vision transformers and convolutional neural networks, when trained on
Cell Painting images, now routinely outperform CellProfiler features on benchmark tasks like MOA
classification and compound clustering (Kraus et al., 2024; Kim et al., [2025; [Moshkov et al., [2024)).
A limitation is that deep learning models are prone to shortcut learning, a phenomenon when the
model abuses spurious correlations with high signal in training data to achieve high performance
(Geitrhos et al.l 2020). For example, in computer vision, instead of learning the properties of the
object in classification task, model learns surroundings of this object (Beery et al.,[2018). That phe-
nomenon also creates a failure mode for discovery workflows: models can achieve strong benchmark
performance by exploiting density- and background-mediated shortcuts (implicitly “counting cells”
(Seal et al., |2026)) rather than capturing perturbation-specific single-cell morphology. If unrecog-
nized, this shortcut can misrank compounds, obscure mechanism-specific signals, and limit transfer
across experimental settings.
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Previous work has provided circumstantial evidence for this shortcut. (Seal et al., [2026) demon-
strated that cell count alone serves as a strong baseline for treatment prediction. (Moshkov et al.,
2024) showed that models trained on “cells-in-context”-crops retaining background information out-
perform those trained on tightly cropped single cells, a result they attributed to beneficial contextual
cues, but which equally supports the density-shortcut hypothesis. Critically, the field has lacked a
controlled experimental framework to diagnose when models are exploiting density versus learn-
ing morphology. Existing datasets confound these signals: crops always include background, and
segmentation always removes it, making it impossible to isolate density’s contribution.

Recent advances in contrastive learning have shown promise for learning morphological representa-
tions from Cell Painting data. Methods like CLOOME (Contrastive Learning of Optical Morphology
Embeddings) demonstrate that pairing cell images with molecular structure in a CLIP-style frame-
work can produce embeddings that capture both morphological and chemical similarity. However,
these approaches inherit the same vulnerability to density shortcuts: when images include back-
ground context, models can learn to associate molecular structure with cell count rather than true
morphological features. The field currently lacks a standardized method for diagnosing whether
such models exploit this shortcut or genuinely learn morphology-driven representations.

We introduce CP-BG-1M, a diagnostic dataset and evaluation protocol designed to turn this anec-
dotal concern into a quantifiable, reproducible measurement. The dataset comprises ~1.1 million
quality-controlled single-cell tiles derived from the JUMP Cell Painting Consortium, covering 302
unique compounds imaged across 10 production sites. Crucially, each cell is provided in four syn-
chronized views: (A) a standard 150x150 pixel crop with background and neighboring cells; (B) the
same cell with segmentation masks applied, removing background context; (C) the segmented cell
with an explicit density encoding: corner patches whose intensity directly reflects field-of-view cell
count; and (D) the crop with the same density encoding added. These four views hold the center
cell’s morphology constant while systematically toggling the model’s access to density information
and background context in orthogonal ways.

This intervention-based manipulation enables a simple diagnostic test while addressing a key is-
sue: cell density can reflect real biology (e.g., cytotoxicity), so the goal is not to eliminate density
information from representations. Instead, segmentation in CP-BG-1M does not eliminate den-
sity information; it removes contextual shortcut channels, such as background intensity statistics,
neighbor proximity, and confluence patterns, through which models can infer density in a source-
entangled way, while preserving morphology-encoded latent features of toxicity that remain vis-
ible within the segmented center cell. We additionally provide an explicit, source-agnostic den-
sity signal via corner-patch intensity to isolate the contribution of density alone. Under this setup,
morphology-driven representations should be comparatively stable across views because the center
cell is identical, whereas shortcut-rewarding benchmarks exhibit a characteristic signature: perfor-
mance drops when background/context is removed (crops — seq) and partially recovers when
density is reintroduced without adding morphology (seg — seg_density). To validate this di-
agnostic capability, we fine-tune a DINOv3 vision transformer (Siméoni et al., 2025) using LoRA
(Low-Rank Adaptation) (Hu et al., 2021) paired with ECFP4 molecular fingerprints, training with
a multi-positive contrastive loss that incorporates chemical similarity weighting. This baseline is
not proposed as a state-of-the-art model, but rather as a representative example of modern self-
supervised vision models adapted to Cell Painting through parameter-efficient fine-tuning. Across
the evaluations we consider, the baseline shows clear sensitivity to view-controlled access to back-
ground and density, demonstrating that CP-BG-1M can diagnose context-mediated density reliance
in contemporary morphology models.

Beyond exposing the shortcut, our analysis reveals a secondary benefit of segmentation: improved
generalization across batch effects. By removing source-entangled contextual pathways (back-
ground intensity statistics, confluence textures, neighbor layout, and other field-of-view correlates
that often track plating density and acquisition settings), segmented representations achieve roughly
better mixing across production sites while maintaining equivalent biological signal preservation.
This suggests that the most harmful shortcut is not density information per se, but density accessed
through context and background cues that are entangled with imaging source and therefore limit
transferability across experimental settings.

We release CP-BG-1M as an evaluation framework for diagnosing shortcut learning in perturbation
biology representations. CP-BG-1M provides four synchronized views per cell that selectively ex-
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pose (i) background context and (ii) an explicit density signal, enabling controlled tests of whether
models rely on density-mediated shortcuts. Using identical DINOv3-ViT+LoRA CLIP-style fine-
tuning across views, we show that metric choice can invert conclusions about representation quality.
Benchmarks tied to background-inclusive aggregate statistics favor crops-based models, whereas
perturbation-level biological validation and cross-source robustness favor segmentation-based rep-
resentations. Concretely, our contributions are:

(1) CP-BG-1M: a controlled, multi-view perturbation-biology resource (1.1M cells, 302
compounds, 10 sources) designed for diagnostic evaluation of background- and density-
mediated shortcuts.

(2) A shortcut-diagnosis protocol that (i) tests for the characteristic performance signature un-
der controlled access to background and density (crops — seq, seg — seg_density)
and (ii) summarizes shortcut susceptibility via a scalar density reliance score DRS =
(m(crops) — m(seg))/(m(seg_density) — m(seqg)).

(3) Evidence of metric inversion: metric choice can invert conclusions about representation
quality. CellProfiler feature prediction favors crops-based models, while compound re-
trieval, phenotypic activity detection, and cross-source mixing favor segmented represen-
tations (Figs. [3{f4).

(4) Baseline implementations, checkpoints and standardized splits/evaluations (DINOv3-
ViT+LoRA with chemical-similarity-guided contrastive training) to support reproducible
benchmarking and future method development, to be released with the bioRyiv preprint.

By making shortcut learning measurable rather than anecdotal, we aim to redirect optimization
pressure from proxy signals toward representations that are biologically meaningful and transferable
across experimental settings. Importantly, CP-BG-1M has the goal to allow for quantifying shortcut
reliance under controlled conditions, not to mitigate them.

2 BACKGROUND AND RELATED WORK

Image-based morphological profiling summarizes perturbation effects from multiplexed microscopy
into vector representations used for compound retrieval and mechanism-of-action discovery. Cell
Painting is a dominant assay for this setting, with widely adopted protocols enabling large-scale,
multi-channel profiling (Gustafsdottir et al., 2013} [Bray et al.l [2016}; (Cimini et al.l 2023). Profiles
are classically built by segmenting cells and extracting hand-crafted features (e.g., CellProfiler), fol-
lowed by normalization and aggregation (Carpenter et al., 20065 |Caicedo et al.,[2017). Recent work
increasingly replaces these descriptors with learned embeddings from deep representation learning,
including self-supervised and foundation-model-style encoders trained on Cell Painting data (Prat-
apa et al., 2021} |[Kraus et al.,|2024; Kim et al., [2025; [ Moshkov et al., [2024).

A major recent direction is to couple morphological representation learning with external super-
vision, in particular chemical structure, to bias embeddings toward biologically meaningful axes.
CLIP-style image-chemistry objectives enable joint embedding spaces that support cross-modal
retrieval and can improve perturbation representation quality (Sanchez-Fernandez et al. [2023}
Moshkov et al., |2024). CLOOME is a representative example, pairing cell images with molecular
structure in a contrastive framework to learn optical morphology embeddings aligned with chem-
istry (Sanchez-Fernandez et al.,[2023)). While these objectives can improve transfer and alignment,
they also inherit vulnerability to nuisance shortcuts if the model can exploit confounded signals that
correlate with the supervisory modality.

This issue is amplified in large multi-source datasets such as JUMP-CP (Chandrasekaran et al.,
2023)), where batch effects across sources and acquisition settings are substantial and can induce
trade-offs between batch mixing and biological structure preservation (Arevalo et al.,|[2024). Accord-
ingly, evaluation often combines perturbation-centric retrieval/activity metrics with robustness mea-
sures; retrieval-based frameworks such as mAP/copairs provide unified, non-parametric quan-
tification of profile strength and similarity (Kalinin et al., [2025). Directly related to our study, cell
density is a strong confound in perturbation screens and can act as a shortcut signal: cell count alone
can perform remarkably well on bioactivity benchmarks (Seal et al.,[2026). Our manuscript targets
this gap by using controlled views that selectively expose background context and an explicit density
signal, enabling diagnosis of density reliance under otherwise identical training and evaluation.
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3 METHODS

3.1 CP-BG-1M DATASET CONSTRUCTION

We derived CP-BG-1M from the JUMP Cell Painting Consortium’s Target2 compound subset,
which comprises 302 unique chemical perturbations imaged across 10 production sites. While we in-
stantiate the framework on JUMP-CP here, the underlying multi-view shortcut diagnostic is broadly
applicable: any high-throughput microscopy dataset with per-cell crops (or centroids), segmenta-
tion masks (or an equivalent background-removal procedure), and a field-of-view density proxy
(e.g., nuclei/cell count) can be converted into the same synchronized views. We chose JUMP-CP
because its multi-source design and well-documented technical heterogeneity (plating density, ac-
quisition settings, and nested site/batch structure) make it a stringent stress test where background-
and density-mediated shortcuts are most likely to arise and to matter in practice. To ensure bal-
anced compound representation while accounting for toxicity-driven cell yield variation, we applied
submodular optimization on scPoli-integrated CellProfiler features to select maximally informative
wells, scaling selection inversely by cell count to maintain coverage of cytotoxic compounds. Fol-
lowing segmentation with SPARCSpy and morphology-based quality control filtering (nucleus/cell
area ratios, border distance thresholds), we obtained 1,146,049 single-cell crops.

From this filtered set, we generated four synchronized dataset variants: crops: 150x150 pixel
bounding boxes centered on each cell, retaining background and neighboring cells; seg: the same
cells with segmentation masks applied (nucleus mask on DAPI channel, cell mask on remaining
channels), removing background context; seg_density: segmented cells with corner patches
encoding field-of-view cell count as pixel intensity (e /2, max 506 cells); and crops_density:
crops with the same density encoding added. These variants implement explicit interventions on
the image, masking background and injecting density signal, thereby creating counterfactual views
that toggle density/context access while holding the center cell’s morphology constant, enabling
controlled diagnosis of shortcut learning. Example images can be seen in Figure[T]A and Figure [S3]
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Figure 1: Overview of CP-BG-1M dataset creation, LoRA adaptation, and evaluations. Starting
from JUMP-CP drug images, we preprocess, segment, and extract single-cell tiles to create four
synchronized views: crops (background retained), seg (background removed), seg_density
(seg + cell-density encoded as corner-patch intensity), and crops_density (crops + the same
density encoding). For each view, a frozen DINOv3 ViT backbone is adapted with a view-specific
LoRA module in a CLIP-style setup with a drug encoder, and the resulting embeddings are compared
on typical downstream evaluations (retrieval, batch mixing, and CellProfiler feature prediction).
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Full details on well selection, segmentation parameters, quality control thresholds, and metadata
schema are provided in Appendix

3.2 BASELINE MODEL TRAINING

To validate CP-BG-1M’s diagnostic capability, we trained four separate image encoders, one per
dataset variant, using identical architectures and training protocols (Figure [T). Each encoder is
a DINOv3 vision transformer (ViT-Base) adapted to S-channel Cell Painting images via a trainable
1x1 convolution (5—3 channels) and fine-tuned using LoRA (rank 8, a=16). Images are paired with
precomputed ECFP4 molecular fingerprints (2048-bit, radius 2) projected through a linear layer into
a shared 128-dimensional embedding space.

Training employs a multi-positive contrastive loss where all images of the same compound serve as
hard positives, augmented with soft positives from the top-5 chemically similar compounds (Tan-
imoto similarity >0.25). Chemical similarity weights are ramped via curriculum learning (c(t)
from O to 2 over steps 1k—3k). We trained for 20,000 steps using AdamW with mixed-precision
(bfloat16), batch size 768 (96 unique compounds per batch), and compound-stratified sampling to
balance morphologically active and inactive compounds. Architecture details, hyperparameters, and
loss formulation are provided in the Appendix (sections[A.2] [A.3] and [A.5).

3.3 EMBEDDING GENERATION AND POSTPROCESSING

Following training, we generated embeddings by running inference with each of the four fine-tuned
image encoders on a random subset of 250,000 images per dataset variant. This yields four distinct
embedding spaces, sharing cell identities and metadata but differ in their access to density cues
during training as described in Appendix [A.T]

The embeddings of these single-cell images were then mean-pooled on a per-well basis resulting
in a total of 13899 wells for all 4 datasets. These embeddings were then spherized based on the
DMSO control wells as described in (Serrano et al., 2025). Next, the datasets were integrated using
Harmony (Korsunsky et al., [2019) using a PCA embedding with 50 principal components, based
on the quantitative benchmark of (Arevalo et al., 2024). This resulted in embeddings with 13899
observations and 50 features for each of the fine-tuned image encoders. These embeddings were
used for all subsequent analysis steps.

Density reliance score (DRS) To quantify the extent to which an evaluation rewards background-
and density-mediated shortcuts, we compute a derived diagnostic from the controlled views. For
any metric m(-) (higher is better), we define A, = m(crops) — m(seqg) and Agens =
m(seg_density) — m(seg), and report DRS = Apg/Adens. We compute DRS using the same
summary statistic reported for each metric (e.g., median across features or folds). DRS is intended as
an interpretable scalar diagnostic (not a new benchmark): values > 1 indicate background/context
provides gains beyond explicit density, values near 1 indicate explicit density largely explains the
gain, and negative values indicate that segmentation improves the metric, consistent with back-
ground/context acting as a confound for that evaluation.
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4 RESULTS

4.1 SEGMENTATION HELPS REMOVE TECHNICAL BATCH EFFECTS

A key challenge in learning representations from multi-source Cell Painting data, and in particular
data from the JUMP-CP consortium, is disentangling biologically meaningful variation from tech-
nical batch effects (Arevalo et al, [2024). It is likely that many potential density shortcuts would
manifest as source-specific artifacts, due to differences in cell plating density, confluence at the time
of imaging, and drug dilution processes. To test whether removing background context mitigates
these confounds, we computed integration metrics using the scIB-metrics package (Luecken et al.)
[2022) on embeddings from each of the four fine-tuned encoders.

We assessed representation quality along two complementary axes:

* batch correction: quantifying the mixing of cells across the 10 production sources (higher
scores indicate reduced batch effects), and

* quantifying preservation of compound-level structure (higher values indicate that cells from
the same compound remain neighbors in embedding space).

The total score represents a weighted average of these components. Figure 2] shows UMAP pro-
jections colored by source and well-level cell count alongside quantitative metrics, a qualitative
biological sanity check with the Target2 control compounds can be found in Fig. [S7]
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Figure 2: Segmentation improves batch correction without sacrificing biological signal. Panels A—H:
UMAP projections of the embeddings colored by source and well-level cell count for each dataset
variant: (A+E) crops, (B+F) crops_density, (C+G) seg, (D+H) seg_density. Panel I
Quantitative integration metrics computed using scib-metrics.
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Segmented datasets perform substantially better than their non-segmented counterparts (+0.11 score
for crops vs seg and +0.07 for crops_density vs seg.density). The UMAP projections
visually confirm this pattern: embeddings from segmented variants show increased mixing across
sources (Figure 2JC-D) compared to crops-based variants (Figure ZJA-B), where, for example, a
larger cluster of wells from source 11 remains visible.

This improved batch correction with preserved biological structure suggests that background context
introduces source-specific confounders (differences in cell density, imaging artifacts, plate effects)
that the model encodes in its features, rather than biologically meaningful morphological infor-
mation. Segmentation effectively strips away a layer of technical variation that would otherwise
contaminate learned embeddings. For downstream applications requiring cross-study generaliza-
tion, such as mechanism-of-action prediction or compound screening across institutions, this batch
robustness is essential for reliable biological inference.

Notably, adding explicit density encoding to segmented images (seg_density) does not degrade
the total integration score relative to pure segmentation (seg), achieving very similar scores of 0.47
and 0.48. This indicates that the density shortcut is not merely cell count per se, but rather the spatial
distribution patterns and background context that correlate with source-specific imaging protocols.
The corner patch encoding provides density information in a source-agnostic format, allowing the
model to access cell count without learning source-specific visual artifacts.

4.2 SEGMENTATION HELPS MODELS LEARN BIOLOGICALLY COHERENT REPRESENTATIONS

To assess whether learned representations capture genuine perturbation biology versus technical
artifacts, we evaluated embeddings across complementary tasks probing compound-level organiza-
tion and phenotypic activity detection. If models learn robust morphological features, embeddings
should organize cells primarily by compound identity (biological signal) rather than other technical
confounders, such as the generating laboratory (’source”) or cell density.

4.2.1 SEGMENTATION IMPROVED COMPOUND RETRIEVAL

We quantified embedding space quality using compound-level recall@k: for each well, we count
whether any of its k nearest neighbors shares the same compound (Figure [3]A). This metric directly
measures whether embeddings cluster by the morphological phenotype induced by a given pertur-
bation as opposed to confounding factors.
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Figure 3: Segmentation improves the retrieval of identical perturbations. Panel A: Compound-
level retrieval: mean recall @k measuring whether wells’ k-nearest neighbors share the same com-
pound (out of 302 unique labels). Embeddings from models trained on segmented data (red, orange)
achieve a roughly 7% higher recall than those trained on simple crops (blue, green), demonstrat-
ing embeddings organize by compound identity rather than density. Panel B: Each bar shows the
percentage of the total 302 unique compounds labeled as phenotypically active based on copairs
replicate retrieval.
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The embeddings from models trained on segmented data (seg, seg_density) substantially outperform
crops-trained models across all k values, achieving recall@ 10 of 0.37-0.38 compared to 0.29-0.30
for crops-based variants, a 25% relative improvement. This gap is systematic across the entire
recall curve, indicating a fundamental difference in embedding structure: when background context
is removed, representations organize primarily by compound identity. In contrast, crops-trained
models exhibit density-driven clustering, where wells from different compounds at similar densities
(e.g., two toxic compounds with low cell counts) are embedded closer than cells from the same
compound at different densities.

Critically, while both density-encoded variants consistently outperform their counterparts by a small
margin across all k values, this gap is substantially smaller than the difference between segmented
and crops-trained models (0.37-0.38 vs 0.29-0.30). This pattern suggests that explicit density en-
coding provides modest additional signal for compound discrimination. While cell count does carry
some biological information about perturbation effects, the majority of the information retained in
the background seems to bias model towards technical confounders.

4.2.2 PHENOTYPIC ACTIVITY DETECTION: SEGMENTATION IMPROVES ROBUSTNESS OF
REPRESENTATIONS

The superior embedding organization of segmented models directly translates to improved detection
of biologically active compounds. Using Copairs (Kalinin et al.,[2025), a non-parametric replicabil-
ity metric that quantifies whether compound replicates produce more similar profiles than expected
by chance, we assessed what percentage of the 302 compounds achieve significant replicate agree-
ment (average precision p-value <0.05) in each embedding space (Figure[3B).

Models trained on segmented data achieve 98.67% retrieval of active compounds, while crops-
trained models retrieve only 67.44%-78.41%. This 30% gap implies that in a real phenotypic screen,
embeddings from crops-trained models could miss nearly one-third of hits. The near-perfect per-
formance of segmented variants demonstrates that when embeddings are organized by compound
identity (Figure [3JA), they naturally excel at distinguishing perturbation-driven phenotypes from
control conditions.

The phenotypic activity failures of crops-trained models arise from their density-driven organiza-
tion: when a compound’s replicates span different density regimes (due to well-to-well variation in
confluence or toxicity), crops-trained models embed them far apart because density variation dom-
inates the embedding distance. This causes the copairs metric to score these as “non-replicating”
despite genuine morphological activity. In contrast, segmented models, forced to ignore background
density cues, learn representations where replicates cluster by their shared compound-driven mor-
phology regardless of density differences.

Together, these results demonstrate that CP-BG-1M’s controlled manipulation of density cues re-
veals a fundamental trade-off: crops-trained models optimize for density-correlated patterns at the
expense of biological signal, while segmented models, forced to ignore background context, learn
representations that capture perturbation-driven morphology.
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4.3 TRADITIONAL MORPHOLOGY BENCHMARKS FAVOR DENSITY-EXPLOITING MODELS

To understand why crops-trained models excel in traditional benchmarks despite performing worse
at biological tasks (Section @ and Section @), we evaluated all four variants on a traditional
benchmark: predicting CellProfiler features. We trained ridge regression models to predict 599
compound-level CellProfiler features (selection described in Appendix [A22)), assessing per-feature
R? via 10-fold cross-validation (Figure ElA). To diagnose whether this benchmark rewards density
learning, we also trained models to predict field-of-view-level cell count from embeddings, stratify-
ing folds by compound to prevent data leakage (Figure AB).
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Figure 4: CellProfiler feature and cell count prediction highlights density-dependent gains. Panel
A: Median R? per model with 95% bootstrap CIs over features. Panel B: Median R? per model
with 95% bootstrap Cls over folds. Panel C-D: Feature-family enrichment among the top-100
features, ranked by AR? for seg_density - seg (C) and crops - seg (D), computed as

logs[(nfam/nsel) /(N fam/Nan)l-

Crops-trained models achieve higher CellProfiler feature prediction performance (median R?: 0.149
for crops, 0.153 for crops_density) than segmented models (0.114 for seg, 0.126 for
seg_density). However, all four models, including those trained exclusively on segmented cells,
predict cell count with remarkably high accuracy: (0.794 for crops, 0.828 for crops_density)
compared to segmented models (0.723 for seg, 0.761 for seg_density).

This reveals that cell density information is recoverable even from segmented single-cell images,
likely through toxicity-induced morphological changes, such as apoptosis-related shape changes,
stress granules, and organelle disruption that the model learns to associate with low-density con-
ditions at the compound level. Critically, crops-trained models achieve only marginally better cell
count prediction than segmented models, yet show substantially larger gaps in CellProfiler feature
prediction. This suggests that the CellProfiler benchmark advantage of crops-trained models derives
not merely from better density estimation, but from learning background spatial patterns, neighbor
proximity, and field-of-view statistics that correlate with aggregate feature values without requiring
single-cell morphological understanding.

To identify which CellProfiler features drive these performance gaps, we ranked and sorted the AR?
of the prediction task and computed enrichment for feature families among the top 100. Features
most improved by explicit density encoding (seg_density vs seg, panel J[C) are enriched for
AreaShape and Texture families, indicating that controlled density information helps predict gross
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morphological measurements and spatial texture patterns, both of which plausibly correlate with
compound-level toxicity and thus cell count. In contrast, features most improved by background
context (crops vs seg, panel @D) show enrichment for AreaShape, Correlation, and especially
Intensity families. The strong Intensity enrichment is particularly revealing: background pixels
contribute directly to field-of-view intensity measurements, and models trained on crops can exploit
empty background regions and neighboring cell signals to predict these aggregate statistics without
learning individual cell morphology.

We can make this trade-off more concrete using the density reliance score (DRS) derived from our
controlled views. On CellProfiler feature prediction (Fig.[A), the median performance gap between
crops and seg is Apg = 0.149 — 0.114 = 0.035, while the gain from adding explicit density to
segmented inputs is Agens = 0.126 — 0.114 = 0.012, yielding DRS = 2.9. This indicates that most
of the benchmark advantage of crops-based models is attributable to background/neighborhood con-
text beyond what is explained by a scalar density signal. In contrast, for predicting cell count itself
(Fig.[@B), Apg = 0.794 — 0.723 = 0.071 and Agens = 0.761 — 0.723 = 0.038, giving DRS ~ 1.9,
consistent with density being a strong but not exclusive driver. Together, these DRS values support
a two-pathway view of confounding: (1) morphology-encoded correlates of toxicity that remain ac-
cessible under segmentation (explaining high cell-count predictability even for seq), and (2) addi-
tional background-mediated shortcuts (intensity statistics, neighbor proximity, confluence patterns)
that inflate aggregate-feature benchmarks and can dominate model ranking without corresponding
gains in perturbation-specific morphology.

Models trained only on segmented cells are forced to learn morphology-encoded density which
retains biological signal and generalizes across sites (Section[d.T)). Crops-trained models can bypass
this by learning background-encoded density which yields higher benchmark scores but performs
worse at biological tasks (Section[4.2) and embeds source-specific artifacts (Section[d.T).

This analysis suggests a flaw in current evaluation practices when optimizing for aggregate fea-
ture prediction. Models achieving state-of-the-art CellProfiler feature prediction may be learning
compound-level density signatures and background statistics rather than the single-cell morpholog-
ical features necessary for mechanism-of-action discovery and cross-institutional generalization.

4.4 EVALUATION METRIC CHOICE DETERMINES MODEL RANKINGS

Our controlled views reveal that the apparent “best” representation depends strongly on the eval-
uation metric, and that common benchmarks can systematically reward density- and background-
mediated shortcuts. On the traditional benchmark of CellProfiler feature prediction (Fig. FA),
crops-based models rank highest, consistent with the fact that many aggregate features encode field-
of-view context (background intensity statistics, neighbor proximity, and confluence patterns) that
is directly available in crops and crops_density. In contrast, when we evaluate biological
validity using perturbation-centric criteria such as compound retrieval and phenotypic activity de-
tection (Fig. [3), segmented data (seg, seg_density) rank highest, indicating embeddings are
organized by reproducible perturbation phenotypes rather than density-correlated artifacts. Finally,
on cross-site robustness (Fig. 2, segmentation yields substantially improved source mixing while
preserving compound-level structure, highlighting that the shortcut signal is also source-specific
and limits transfer across experimental settings. Together, these results show that metric choice does
not merely change the scale of reported improvements but can invert model rankings: evaluations
tied to background-inclusive aggregate statistics favor shortcut-exploiting representations, whereas
perturbation-level replicability and cross-source generalization favor representations constrained to
single-cell morphology. CP-BG-1M is designed to make this dependence explicit and to support
experiment-aware model selection for phenotypic screening.
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5 DISCUSSION

Our study shows that metric choice can invert conclusions about representation quality: represen-
tation models can achieve strong quantitative performance by exploiting experimental correlates
of perturbation rather than learning perturbation-specific single-cell morphology. Using CP-BG-
1M, we turn this concern into a controlled, counterfactual test. By providing four synchronized
views of the same cell that orthogonally toggle access to background context and an explicit den-
sity signal, we transform “implicit cell counting” from an anecdotal explanation into a measurable
diagnostic. Across a representative modern training setup (foundation ViT encoder adapted via
LoRA and guided by chemical similarity), we observe a consistent pattern: representations trained
with background context exhibit stronger sensitivity to density- and source-linked variation, while
segmentation-based views reduce these shortcuts and yield embeddings that better reflect repro-
ducible perturbation phenotypes.

A central implication is that evaluation choice can invert model rankings. On aggregate-statistics
benchmarks such as CellProfiler feature prediction, crops-based models score highest, despite per-
forming worse on perturbation-centric evaluations. This is expected because many classical fea-
tures summarize field-of-view properties (background intensity statistics, neighbor proximity, con-
fluence textures) that are directly available in crops and can be inferred without improving single-
cell morphology understanding. Our feature-family enrichment analysis supports this interpreta-
tion: the largest performance gains attributable to background context concentrate in intensity- and
correlation-related features, which are intrinsically sensitive to background pixels and neighborhood
structure. In contrast, when we evaluate representations using perturbation-centric criteria, com-
pound retrieval and replicate agreement, segmented views perform substantially better and recover
a much larger fraction of significant, reproducible perturbations. These metrics more directly re-
flect the downstream goal of phenotypic screening: identifying perturbations that induce consistent
morphological effects despite variation in experimental conditions.

Because cell density can reflect real biology (e.g., cytotoxicity), the goal is not to remove density
information from representations. Our results instead suggest that segmentation does not elim-
inate density information but it instead removes contextual shortcut channels while preserving
morphology-encoded correlates of toxicity. Cell count is not purely technical since toxicity can
induce morphological states that co-occur with reduced cell yield, making density partially recov-
erable even from segmented single-cell images. This is consistent with our finding that all models,
including those trained only on segmented inputs, predict cell count with high accuracy. The prob-
lematic shortcut is therefore not the existence of density signal per se, but how the signal is accessed.
Background-inclusive training provides models with additional pathways to density and confluence
via spatial statistics and imaging artifacts that are entangled with source-specific acquisition condi-
tions. Segmentation removes these contextual pathways, forcing the model to rely on morphology-
encoded correlates that are more likely to generalize. Notably, reintroducing density in a controlled,
source-agnostic form (seg_density) preserves batch-mixing performance, consistent with the
hypothesis that the most harmful shortcut arises from source-entangled visual correlates rather than
the scalar count itself.

These observations have practical consequences for both users and method developers. For prac-
titioners using learned representations for hit finding, mechanism-of-action discovery, or transfer
across experimental settings, our results suggest that constraining access to background context, or
explicitly controlling for density, can improve robustness and replicate coherence. Conversely, if
the task is explicitly to predict field-of-view or aggregate imaging statistics, background-inclusive
models may be appropriate and should not be interpreted as single-cell morphology specialists.

More broadly, we recommend reporting shortcut susceptibility alongside task performance: (i) how
well embeddings predict cell count, (ii) deltas under controlled access to background and density
(crops—seqg and seg—seg_density), (iii) robustness to batch/source variation, and (iv) a
scalar summary such as DRS, interpreted as metric-specific evidence that an evaluation benefits
from shortcut access rather than improved morphology.

CP-BG-1M also enables algorithmic research aimed at shortcut-resistant learning. Because the four
views hold the center cell constant while manipulating shortcut access, they provide a natural testbed
for training objectives that penalize reliance on context (e.g., invariance constraints between crops
and seq), explicit nuisance-factor removal (e.g., density-adversarial objectives), or multi-instance
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formulations that separate single-cell morphology from field-of-view statistics. Importantly, our
baseline is not intended as a state-of-the-art method; rather, it demonstrates that shortcut learning
persists under contemporary ingredients (foundation vision transformers, parameter-efficient fine-
tuning, and chemical-similarity-guided contrastive training). The broader lesson is that supervision
from chemistry, while valuable, does not by itself prevent exploitation of experimental correlates
when they align with training signal.

Our work has limitations. CP-BG-1M is derived from the JUMP-CP Target2 compound set, imaged
in U20S cells, and thus focuses on a specific assay setting and a finite set of perturbations. Whether
the observed shortcut patterns generalize to other cell lines, imaging platforms, or assay configura-
tions remains an open question we intend to address in future work; the multi-view diagnostic design
is in principle applicable to any dataset with per-cell crops, segmentation masks, and a field-of-view
density proxy, but empirical validation on additional settings is needed before broad generalization
can be claimed. Extending the framework to additional Cell Painting datasets and cell lines is a
direct next step we are actively pursuing.

Segmentation quality and crop sizing can also influence conclusions; although we apply
morphology-based QC, residual segmentation artifacts may remain. Finally, density is sometimes
biologically meaningful, particularly for cytotoxic mechanisms, and “removing density” is not uni-
versally desirable. The goal is not to eliminate density signal, but to prevent models from exploiting
source-entangled contextual correlates as a proxy for phenotype.

In summary, CP-BG-1M provides a controlled evaluation framework that makes density- and
background-mediated shortcut learning measurable. By demonstrating that common benchmarks
can reward shortcut access and invert conclusions, we aim to encourage evaluation practices that
better reflect phenotypic screening objectives: representations that capture reproducible perturbation
morphology and generalize beyond the specific experimental settings in which they were trained.
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A APPENDIX

A.1 CREATION OF THE CP-BG-1M DATASET

The JUMP-CP consortium produced a large-scale, publicly available Cell Painting dataset compris-
ing over 116,000 unique chemical and over 15,000 genetic perturbations imaged across multiple
contributing partners (”sources”), both from academia and industry (Chandrasekaran et al., [2023)).
It contains both the raw images and morphological profiles from close to 2 billion of treated cells,
imaged across the standardized 5-channel Cell Painting assay (DNA, RNA, ER, AGP, Mito). This
multi-source structure provides both the scale necessary for large-scale model training and bio dis-
covery, but also introduces significant batch effects as reported in (Arevalo et al.| 2024)). We derived
our CP-BG-1M dataset by subsampling and filtering this resource to obtain balanced compound
coverage with quality-controlled single-cell crops.

With the goal of providing a maximally diverse yet balanced image dataset, we considered only the
Target2 subset of JUMP-CP. A set of 302 unique chemical perturbations was included as control
across all experimental batches in separate plates, ensuring that every compound appears in every
source, a property essential for disentangling compound effects from batch effects. Selecting an in-
formative subset from this resource required addressing two challenges: the hierarchical batch struc-
ture inherent to JUMP-CP (where each source generated multiple batches, each containing multiple
plates, each with multiple wells) and the uneven cell yields across compounds due to varying tox-
icity. We first processed CellProfiler features following the pipeline described in (Chandrasekaran
et al.l 2023)) and (Serrano et al.l2025)), going from 4763 features to 599, excluding source 9 due to
substantial batch effects arising from its use of 384-well plates rather than the 96-well format stan-
dardized across other sources. Then we integrated the processed features using scPoli (De Donno
et al.| [2023)), which we specifically selected for its ability to model hierarchical batch effects, allow-
ing us to account for source, batch, and plate-level variation simultaneously. From this integrated
feature space, we applied sub-modular optimization via apricot (Schreiber et al.l 2019) to select the
n most informative wells per compound per source. The number of wells n was inversely scaled
by cell count in each well, guaranteeing a minimum of n > 3 wells per compound while allocating
additional wells to more toxic compounds, which yield fewer cells per well. This scaling ensures
that compounds with strong cytotoxic effects, which are often biologically interesting but under-
represented in cell-level sampling, maintain sufficient coverage in the final dataset. The UMAPs of
the integrated latent space and the selected wells are shown in Figure

Preprocessing

e,
scPoli integration

JUMP-CP-drug

apricot %

sampling - T,

Figure S1: Construction of the CP-BG-1M dataset from JUMP-CP. Starting from the JUMP-CP
Target2 compound set (top left), we processed CellProfiler morphological features and integrated
them using scPoli to account for hierarchical batch effects. The integrated feature space (top right)
shows mixing across the 10 contributing sources while preserving separation between negative con-
trols (negcon), positive controls (poscon), and treatment wells (trt). We then applied sub-modular
optimization via apricot to select maximally informative wells (bottom left), with selection scaled
inversely by cell count to ensure adequate representation of cytotoxic compounds. Orange points
indicate selected wells; gray points (NA) were excluded from the final dataset.
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Next, we run a Snakemake pipeline that orchestrates SPARCSpy (Schmacke et al.||2023) to segment
the raw images from all sources for all chemical perturbations available in the data repository of
the JUMP-CP consortium into individual cells, providing masks for both cell and nuclei. From this
dataset, we then extracted the cells corresponding to the wells identified by apricot in the previous
step. From these we then removed all cells that did not at least have 128 pixel distance from the
images’ border to enable correct downstream cropping. Furthermore, we removed all cells where
the size of nucleus and cell segmentation masks as well as the ratio of these was outside of the 2.5 %
- 97.5 % quantiles to remove likely segmentation artifacts. The distributions of these values and the
respective thresholds are shown in Figure [S2]
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Figure S2: Morphology-based quality control filtering. Distributions of (A) nucleus area, (B) cell
area, and (C) nucleus-to-cell ratio for segmented crops. Red dashed lines mark 2.5 % - 97.5 %
quantile thresholds; cells outside these bounds were excluded as likely segmentation artifacts.

This workflow yielded a dataset of 1,146,049 unique cells. Based on these, we generated the first
dataset crops by cropping a bounding box of 150x150 pixels around the cell masks’ centroid. Next,
we used the respective segmentation masks for these cells to generate dataset seg by subsetting the
DAPI channel to the nucleus mask and the other 4 channels to the cell mask. Then we generated
two more datasets by encoding the number of cells in the field-of-view the crop originates from as
square patches in the corner of the tile. Since the maximal number of cells in a given FOV was
506, we chose to encode the intensity directly as 7.ys/2, conveniently matching the uint8 value
range in which the images were stored. By embedding this cell density in the seg dataset, we
generated dataset seg_density and by embedding it in the crops dataset, we generated dataset
crops_density. An example image of this can be seen in Figure[S3]

DNA RNA ER AGP Mito

crops

seg

Figure S3: Dataset variants for evaluating background and density effects. The same cell shown
across the five Cell Painting channels for each variant: crops: full crops with background,
seqg: segmentation-masked single cells, seg_density: segmented with cell-density patch,
crops_density: crops with cell-density patch. Corner patches encode field-of-view cell count
as pixel intensity.
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A.2 COMPOUND ACTIVITY CLASSIFICATION

To ensure a balanced representation of morphologically active and inactive compounds in every
batch during model training, we computed a per-compound activity score based on the Mahalanobis
distance from DMSO controls. For this, we processed the CellProfiler features of only source 4
as described in (Chandrasekaran et al., 2023) and (Serrano et al., 2025), arriving at 599 features.
Then, for each plate separately, we calculated the Mahalanobis distance of each well from the local
control distribution of DMSO-treated wells in PCA space. Distances were aggregated per com-
pound using the median across replicates. Statistical significance was assessed via an empirical
null distribution constructed by resampling DMSO wells (10,000 permutations), followed by the
Benjamini-Hochberg correction for multiple testing. Compounds with adjusted p < 0.05 were clas-
sified as morphologically active. This stratification was used during training batch construction to
ensure the model encountered a balanced ratio of active and inactive compounds, preventing the loss
from being dominated by uninformative negative controls. The distribution of active and inactive
compounds in the integrated feature space is shown in Figure [S4]
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Figure S4: Morphological activity classification for training stratification. (A) UMAP of the scPoli-
integrated feature space colored by morphological activity status. Compounds were classified as
active (orange) if their median Mahalanobis distance from DMSO controls was significantly elevated
(BH-adjusted p < 0.05); inactive compounds are shown in blue, and controls (NA) in gray. (B)
Same embedding highlighting selected compounds: DMSO (negative control), and three examples
of active compounds that form distinct clusters in morphological space.

A.3 MOLECULAR FINGERPRINT COMPUTATION

To represent compounds for contrastive training, we computed molecular fingerprints from InChl
identifiers provided in the JUMP-CP metadata. We first standardized each molecule using RDKit’s
MolStandardize module: selecting the largest fragment, canonicalizing tautomers, and applying
strict sanitization where possible. For molecules with hypervalent phosphorus atoms, a common
source of sanitization failures, we implemented a repair step that converts redundant P=O double
bonds to P-O- single bonds. Successfully standardized molecules were then converted to canoni-
cal, isomeric SMILES for fingerprint computation.

We chose ECFP4 fingerprints (radius 2, 2048 bits) as the chemical representation for model training
rather than learned embeddings such as ChemBERTa. This decision was motivated by three consid-
erations: (1) using a fixed, deterministic chemical representation isolates the image encoder as the
sole variable under study across our four dataset conditions; (2) ECFP substructures map directly
to interpretable chemical fragments, facilitating analysis of learned chemical-morphology corre-
spondences; and (3) static fingerprints ensure consistent gradients across experimental conditions,
avoiding confounded training dynamics that could arise from co-adaptation between jointly trained
encoders.

All fingerprints were computed as hashed count vectors with log(1 4 z) transformation to compress
count magnitudes. In addition to ECFP4, we computed several alternative representations for release
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alongside the dataset: ECFP6 (radius 3, 4096 bits), FCFP4 (radius 2, 2048 bits, pharmacophoric fea-
tures), multi-radius ECFP (radii 1-3 with 1024 bits each concatenated, 3072 bits), physicochemical
and VSA descriptors, and 3D WHIM descriptors from energy-minimized conformers (MMFF94s
force field, lowest-energy conformer from 3 candidates). These were not used in this study but are
provided with the datasets to facilitate future benchmarking and alternative modeling approaches.

A.4 PHENOTYPIC ACTIVITY ASSESSMENT WITH COPAIRS

copairs (Kalinin et al.,|2025) is Python toolkit designed to evaluate image-based profiles, based on
average precision (AP) for retrieval task. We specifically use phenotypic activity metric from this
toolkit, that identifies perturbations that are phenotypically different from negative controls and that
is reproducible across replicates of a given perturbation (one at a time). The output of the metric
is AP for the replicate retrieval task against a null distribution of negative controls and p-value.
Perturbations that pass adjusted p-value 0.05 threshold, are considered active and we report the
share of such perturbations for each model in Figure [3|and AP with p-values in Figure [S3]
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Figure S5: Phenotypic activity detection via copairs replicate retrieval. Each point represents one
compound’s average precision (AP) and significance (-log10 p-value). Horizontal dashed line marks
p=0.05 threshold. Percentage indicates fraction of compounds with significant replicate agreement.
Segmented models detect 98.67% of active compounds vs 67.44%-78.41% for crops-based models,
demonstrating that density-driven clustering causes crops models to miss compounds whose repli-
cates span different density regimes. Panel A shows results for crops, panel B for seg, panel C
for crops_density and panel D for seg_density.
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A.5 CONTRASTIVE-LOSS AND CHEMICAL-SIMILARITY-GUIDED FINE-TUNING

We frame the training objective not as learning a joint image-molecule embedding space, but as
using chemical structure to guide the fine-tuning of the image encoder. The molecule encoder,
a single linear projection of precomputed ECFP4 fingerprints, serves as a fixed anchor providing
training signal. This design isolates the image encoder as the sole learned component and ensures
that chemical similarity provides a deterministic supervision signal.

Since the generated CP-BG-1M dataset contains only 302 unique chemical perturbations, we em-

ploy a multi-positive contrastive loss. While standard CLIP defines exactly one positive per anchor,

this study extends this to a multi-positive formulation where all images of the same compound serve

as hard positives. Additionally, we augmented by soft positives from chemically similar compounds.

We calculate the Tanimoto coefficient between all compounds as a measure of chemical similarity
as follows: S g A b
i i 7

T(a,b) Dt bi =3 ai Nb; M

yielding a precomputed similarity matrix S € [0, 1]¢*¢ for all C training compounds.

Since chemical similarity doesn’t guarantee similar function, we only let the soft-positive weight
to a small degree. For a batch of IV images spanning K compounds with label encoding M €
{0, 1}V*K 'hard positives are Whq = MM . Soft positives from each compound’s top-+ chem-
ical neighbors (k=5, Tmin=0.25) are weighted as:

Tf,f/ — Tmin K
we = (“}_’“i) A-a(t) @)

with y=1, A=0.5, and curriculum «(t) ramping linearly from O to 2 over steps 1k - 3k.

A curriculum for a B fraction of drugs with neighbour C fraction of samples with neighbour

Figure S6: Chemical-similarity neighbor curriculum and neighbor statistics. (A) Curriculum fac-
tor «(t) controlling the strength of chemically similar soft-positive neighbors, ramped from 0 to 2
between training steps 1k - 3k and held constant thereafter. (B) Fraction of unique compounds per
batch that have at least one eligible chemical neighbor present in the same batch. (C) Fraction of
samples per batch that have at least one such neighbor sample available for soft-positive weighting.
EMAs for curves are shown for all four datasets, but are the same due to identical ordering.

The combined weights W = Wy,q + MW gremM T yield the bidirectional loss:

L= longij - softmax(L);; + log iji . softmax(LT)ji 3)
J ]

AN £
1 J

where L = exp(6) - ZimgZ,); with learned temperature 6.
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A.6 EXAMPLE OF COMPOUND CLUSTERING IN PROCESSED UMAPS

The Target2 plates contain a set of control compounds with known phenotypes, these are shown in

Figure[S7]

A crops B
-
vl /
I " NN “ P
< <
= =
=) o .
5:7\(
<A
s

UMAP1 UMAP1

C seg D
’ ]
9 ’
& \ & ik
< < ’
= . . = 1
5 gl 5
-.,._‘-9:
UMAP1 UMAP1
e AMG900 e FK-866 e NVS-PAK1-] dexamethasone

DMSO e 1Y2109761 e aloxistatin e quinidine

Figure S7: UMAPs of well-level embeddings highlighting Target2 control compounds across the
four CP-BG-1M input views. Each panel shows the same embedding pipeline used through-
out the manuscript (mean-pooled per well, spherized on DMSO controls, Harmony-integrated in
PCA space), visualized with UMAP for (A) crops, (B) crops_density, (C) seg, and (D)
seg_density. Colored points denote wells treated with the same control compounds listed in the
legend (including DMSO); all other wells are shown in light gray.
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