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1. Session Introduction: Systems Biology and Network Analysis

Advances in high-throughput molecular profiling continue to generate increasingly complex
datasets spanning multiple biological scales. These developments have created new oppor-
tunities to investigate biological systems through integrative computational approaches that
combine molecular measurements with network, pathway, and knowledge-based representa-
tions. At the same time, extracting mechanistic insight from these data remains a fundamen-
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tal challenge. The papers presented in this session address this challenge through advances
in network analysis, representation learning, causal knowledge modeling, perturbation anal-
ysis, and multi-modal integration. Collectively, they illustrate how systems-level approaches
can facilitate biological discovery, generate mechanistic hypotheses, and support translational
applications.

2. Session Summary

This session includes an invited talk and twelve peer-reviewed papers selected for oral and
poster presentations. The contributions span multiple areas of systems biology, including
single-cell modeling, multi-omics integration, network propagation, causal knowledge repre-
sentation, and translational network biology. Although the methodological approaches vary,
a common theme is developing computational frameworks that connect large-scale molecular
data to biological mechanisms.

2.1. Representation Learning and Foundation Models

Several contributions focus on the opportunities and challenges associated with large-scale rep-
resentation learning. Whalley examines gene embedding structures across several widely used
single-cell foundation models and demonstrates that embedding outliers are not consistently
associated with biologically important genes, highlighting limitations in the biological inter-
pretation of learned representations. Kim and Hwang address computational scalability by
introducing a cell-adaptive token allocation strategy that substantially reduces the computa-
tional cost of single-cell foundation model inference while preserving downstream performance.
Together, these studies illustrate the growing role of foundation models in computational bi-
ology while emphasizing the need for both interpretability and efficiency.

2.2. Multi-Omics Integration and Dynamic Modeling

A second group of papers focuses on integrating heterogeneous molecular data. Mo and Olshen
present iClusterPlus2, an extension of the iCluster framework that enables scalable integration
of bulk and single-cell multi-omics datasets through shared latent representations. Zhang et al.
introduce scMultiNODE, which combines neural ordinary differential equations with optimal
transport methods to model cellular trajectories from unaligned single-cell modalities. Zheng
et al. investigate relationships between polygenic and proteomic risk scores and show that
network-based approaches can reveal complementary biological signals that are not apparent
when each data source is considered independently. These studies highlight continuing efforts
to bridge multiple molecular layers within unified analytical frameworks.

2.3. Perturbation Analysis and Network Propagation

Understanding how perturbations propagate through biological systems remains a central
challenge in systems biology. Liang and Singh introduce COMPASS, a framework that decom-
poses perturbation responses into shared and perturbation-specific components in large-scale
Perturb-seq experiments. By separating common cellular responses from gene-specific effects,
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the method improves interpretation of regulatory perturbation data. Bobak et al. examine
signal propagation in co-expression networks by adapting concepts from network interference
and spillover analysis. Their work shows that interactions between network modules can reveal
biologically relevant signals that direct measurements alone may not detect.

2.4. Knowledge Graphs and Mechanistic Representation

Several papers emphasize the importance of structured biological knowledge for mechanistic
interpretation. Hoehndorf et al. introduce PhysioMap, a causal knowledge graph that repre-
sents physiological processes and supports analyses based on mechanistic relationships and
interventions. Caufield et al. present KGBioportal, a platform that transforms biomedical
ontologies into graph-based resources that can be incorporated into knowledge graph applica-
tions, network analyses, and machine learning workflows. Together, these contributions reflect
increasing interest in combining data-driven approaches with formal biological knowledge rep-
resentations.

2.5. Translational Applications and Methodological Evaluation

The remaining papers demonstrate how network-based approaches can support translational
research while also highlighting the importance of methodological rigor. Karunakaran et al.
reconstruct a GPX4-centered interaction network to investigate disease mechanisms and iden-
tify potential therapeutic opportunities in Sedaghatian-type spondylometaphyseal dysplasia.
Nemecio and Brubaker integrate microbial, host, and pharmacological information to study
microbial drug metabolism across human-associated microbiomes. Debnath and Ghosh ex-
amine benchmark datasets used for drug-synergy prediction and show that commonly used
validation strategies can substantially overestimate performance because of information leak-
age. Collectively, these studies illustrate both the promise of network-based discovery and the
importance of careful model evaluation.

3. Summary

Several themes emerge across the papers in this session. Biological networks continue to provide
a common framework for integrating heterogeneous datasets, interpreting machine-learning
models, and connecting molecular measurements to higher-level phenotypes. At the same time,
there is increasing emphasis on approaches that support mechanistic interpretation rather than
prediction alone, whether through perturbation modeling, causal knowledge representation,
or multi-modal data integration. The contributions presented in this session illustrate how
advances in computational methods are helping bridge the gap between large-scale molecular
data and biological mechanisms.
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Do Geometric Outliers Identify Important Genes in Single-Cell Foundation
Models?

Justin P. Whalley
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Single-cell foundation models (scFMs) encode genes in static input embeddings, but it is
unclear whether the same genes stand out geometrically across models, or what those ex-
tremes imply for cell-type annotation and disease association. The same four-metric screen
was applied to Geneformer, scGPT and scFoundation, which differ in architecture, train-
ing objective and expression encoding. The models agreed weakly on individual outlier
genes: Geneformer and scGPT overlapped above chance, scGPT and scFoundation did not,
and outlier-set stability differed between models. Class-level convergence was nevertheless
structured: ribosomal enrichment occurred in all three, although weaker and sensitive to the
outlier definition in scFoundation, while strong mitochondrial enrichment was confined to
Geneformer and scGPT. Most outliers were not extreme in ESM-2 protein-sequence space,
indicating limited concordance between scFM and protein-sequence geometry. These pat-
terns did not translate into the tested notions of gene importance: matched input-deletion
tests of the highest-anomaly Geneformer genes did not detect an excess loss of cell-type
annotation performance, and outlier status showed no detectable association with ClinVar
membership in any model after covariate adjustment. Gene-embedding geometry therefore
characterises model-specific structure, but does not provide standalone evidence of down-
stream leverage or disease relevance.

Keywords: Single-cell foundation models; embedding geometry; model auditing; matched
controls; gene prioritisation; model comparison.

1. Introduction

Single-cell foundation models (scFMs) are increasingly being used to represent transcriptomic
data and to support biological inference.1–4 These models are commonly assessed through
downstream tasks, including cell-type annotation, perturbation prediction and data integra-
tion. However, the models also provide gene-level representations that are used to study gene
relationships and to nominate genes for experimental follow-up.1,5,6 This use assumes that
properties of a learned representation carry biological information, rather than reflecting how
a particular model was constructed and trained.

The gene representations used by scFMs are produced in different ways. Geneformer uses a
BERT-style encoder over rank-ordered gene-token sequences, whereas scGPT combines gene-
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token and expression-value embeddings within a generative transformer.1,2,7 scFoundation
uses the xTrimoGene asymmetric encoder–decoder, in which unmasked non-zero positions
pass through a larger encoder and continuous expression values are projected through learned
auto-discretisation rather than fixed expression bins.4 As such, the models differ in their
architecture, expression encoding, vocabulary, pretraining objective and training corpus.

Most comparative evaluations of scFMs concentrate on downstream performance. Several
recent studies have found that foundation models do not consistently outperform simpler
approaches in zero-shot evaluation, cell-type annotation or perturbation prediction.8–11 Re-
cent work has examined internal scFM representations: sparse autoencoders trained on hidden
activations have recovered biological and technical features in Geneformer, scGPT and scFoun-
dation,5,6 and a large automated hypothesis screen of Geneformer and scGPT found that the
two models agree on the broad shape of gene space while placing individual genes at different
coordinates within it.12 Those studies read contextual representations produced by forward
passes. The complementary question asked here is whether a common screen of the static
input embeddings nominates the same genes across models, and whether those nominations
carry information beyond matched and covariate-adjusted controls.

Embedding geometry provides a direct way to make this comparison. Work in natural
language processing has described anisotropy (embeddings crowding into a narrow cone around
a shared direction), variation in embedding norm and neighbourhood hubness (a few vectors
recurring as nearest neighbours of many others), and has linked some geometrically unusual
tokens to unreliable model behaviour.13–18 Related geometric analyses have now been proposed
for transcriptomic models.19 However, geometric extremeness does not by itself demonstrate
biological importance or functional consequence. Genes selected using an expression-correlated
score may also differ in expression breadth, gene length and functional class, each of which
can produce apparently meaningful associations.

The screen used here is deliberately weight-only: it operates on a model’s static gene-
embedding matrix without a forward pass or a shared expression dataset. This permits the
same geometric calculation to be applied despite incompatible model input encodings and,
once protein representations have been computed, to ESM-2 as a non-transcriptomic control.
Outcome independence makes the screen useful for model characterisation, not evidence of
biological or functional relevance; those claims require the matched and covariate-adjusted
tests that follow. The corresponding limitation is that the screen describes input embeddings,
not the contextual representations produced for particular cells.

Here, the same four-metric geometric screen is applied to Geneformer, scGPT and scFoun-
dation. The resulting outlier sets are tested for robustness to alternative outlier definitions,
for recurrence in ESM-2 protein-sequence space,20 and for association with ClinVar after ad-
justment for expression, breadth, length, constraint and gene class. The 50 highest-anomaly
Geneformer genes, whose ranking is stable under those alternatives, are then carried into
matched deletion experiments in PBMC3k and Tabula Sapiens.

The three models produce substantially different outlier profiles, and most outliers do not
recur in ESM-2 sequence space. In Geneformer, matched input-deletion tests of the highest-
anomaly genes did not detect an excess loss of cell-type annotation performance, and no
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model’s outlier set shows a detectable ClinVar association after covariate adjustment. Embed-
ding geometry is therefore useful for comparing how scFMs represent their vocabularies, but
is not stand-alone evidence of functional or disease relevance.

2. Methods

2.1. Models, embeddings and the geometry screen

Geneformer V2-104M,1,7 scGPT2 and scFoundation4 are audited. The screen is weight-only:
it reads a static input gene-embedding matrix and its gene identifiers, and requires no for-
ward pass. Each gene is scored on four metrics: embedding norm, Euclidean distance to the
vocabulary centroid, cosine similarity to the centroid, and mean cosine distance to its k = 10

nearest neighbours (isolation). Each is converted to a z-score across the vocabulary; a gene
is called an outlier if |z| > 3 on any metric, equivalently if its anomaly score Ag = maxj |zgj |,
which also ranks genes, exceeds 3. The metrics are the transcriptomic analogues of quanti-
ties studied in NLP embedding spaces: norm and its relation to token statistics,15 anisotropy
and centroid structure,13,14 and neighbourhood irregularity.16 Informally, norm asks whether
a gene vector is unusually long or short; centroid distance asks how far it lies from the vo-
cabulary centre; cosine asks how closely it aligns with the direction shared by most genes;
and isolation asks whether it lacks close neighbours. Both tails are flagged, so an unusually
short vector or a crowded neighbourhood is also called. Calls are combined by union because
a gene can be unusual on one axis alone; the screen is deliberately inclusive, since the matched
and covariate-adjusted tests that follow decide whether a nomination carries information. In
Geneformer, special tokens (<pad>, <mask>, <cls>, <eos>) are scored but excluded from the
reported sets; removing them before scoring returns the same outlier set. The screen was
also calibrated on simulated 20,000-gene matrices with 256, 512 or 768 dimensions, under an
isotropic Gaussian null and an anisotropic null calibrated to the median of the three mod-
els’ mean cosine similarities. In each planted matrix, 100 genes were given an inflated norm
(1.05–1.2 times) or a direction rotated 5–20 degrees away from the shared axis, and all four
statistics were recomputed; each condition was run over 20 seeds (code release).

2.2. Robustness to alternative outlier definitions

Outlier identity is re-derived using three robust alternatives to the original |z| > 3 call, each
replacing the mean and standard deviation with the median and the median absolute deviation
(MAD): MAD-based |z| > 3, MAD-based |z| > 3.5, and a rank-matched composite that takes
the same number of genes as the original call, ranked by the largest MAD-based |z| across
metrics. The MAD is scaled by 1.4826, so its thresholds are on the same scale as the original
call. Three further rules, a two-component Gaussian mixture, percentile 1/99 and Tukey’s
IQR rule (k = 3), are degenerate on these matrices (assigning up to half of all genes to the
minority component, flagging 5–7% after union, or returning outliers for Geneformer alone)
and are reported as diagnostics but excluded from stability assessment, with the supporting
tables in the code release.
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2.3. Non-transcriptomic embedding control

The identical screen is applied to ESM-2 (esm2 t33 650M UR50D) protein embeddings to test
whether outliers recur in sequence space.20 Genes are mapped to MANE Select v1.3 pro-
teins,21 with reviewed UniProt entries as fallback.22 Representations are final-layer residue
means excluding BOS and EOS; proteins exceeding the 1,022-residue context are embed-
ded in 50%-overlapping windows, averaged first within each window and then, unweighted,
across windows. Comparisons use each model’s protein-mappable vocabulary (19,017 genes
for Geneformer, 18,748 for scGPT and 18,788 for scFoundation). This control tests recurrence
attributable to primary sequence, not functional centrality or biology absent from protein
sequence.

2.4. Matched-control deletion test

Treatment and control sets. The treatment is Geneformer’s 50 highest-anomaly genes,
whose ranking was stable across outlier definitions (Section 3.2). Two hundred control sets are
matched on log1p mean expression, expression breadth and log1p gene length after candidate-
pool z-scaling,23 and exactly on mutually exclusive gene class (Section 2.5). Each control gene
is drawn uniformly from the five nearest eligible genes of the same class in that z-scaled space.
Draws are independent and deduplicated within, but not across, sets. Within each dataset,
mean expression was the mean raw count across cells and breadth was the fraction of cells
with non-zero expression. The contrast therefore estimates excess deletion cost relative to
comparable genes, not arbitrary or low-expression genes.

Sensitivity treatment. The procedure is repeated on the 36 genes remaining after removing
ribosomal and mitochondrial genes, using a separate 200-draw null matched to that subset.

Deletion mechanics. Genes are removed from each cell’s rank-value encoding and sequences
are re-padded. This removes a measurement from the model input, approximating an incom-
plete assay rather than a biological knockout. Attention masks are derived from token content
so ablated sequences cannot attend to padding.

Outcome. Geneformer CLS embeddings7 are evaluated by macro-F1, the F1 score averaged
over cell types so that rare types count equally, from a multinomial logistic probe with balanced
class weights, retrained under five-fold stratified cross-validation.24 The treatment is displayed
against the central 95% band of the matched-control distribution; inference is one-sided on the
lower tail, with empirical p = (b+1)/(m+1) where b of m controls are at least as damaging.25

Fixed-probe, ARI and NMI results are diagnostic only; the former is in-sample, and the
clustering nulls are too wide to resolve an effect of this size.

Datasets. The primary test uses PBMC3k (2,638 cells; 8 cell types).26,27 Replication uses a
stratified Tabula Sapiens Immune subset:28,29 19,984 cells were subsampled to 4,000 and types
with fewer than 10 cells removed, leaving 3,919 cells across 22 of 43 types and 100 matched
draws. Each dataset was run under its own pinned environment; both environment fingerprints
are recorded.
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2.5. Annotation panels and class schemes

Ribosomal genes are defined by a pinned 171-gene panel from HGNC groups 728, 729 and
646, matched by Ensembl ID; this includes RPLP0–RPLP2 and RPSA while excluding simi-
larly named kinases. Other panels are mitochondrial (MT-), loss-of-function constrained, and
disease-associated (ClinVar30). Constraint uses gnomAD v4.1 values with pLI > 0.9 or LOEUF
< 0.35.31 Applying the LOEUF < 0.45 threshold now recommended for v4.1.132 to those values
gives the same set, because all genes between the thresholds already meet the pLI criterion.
Panels overlap: 1,784 of 8,285 ClinVar genes (22%) are also constrained.

Every association is therefore evaluated under two schemes. The mutually exclusive scheme
assigns one class per gene in the precedence order mitochondrial→ ribosomal→ constrained→
disease → other. The overlapping scheme tests direct membership, allowing a gene to belong
to several panels. Reporting both is not redundancy: the two can disagree in direction (Sec-
tion 3.5).

2.6. Statistics, environment and reproducibility

Unadjusted odds ratios use two-sided Fisher tests. Cross-model overlap p values are one-sided
hypergeometric, Bonferroni-adjusted over the three pairwise comparisons. Enrichments in the
robustness analysis are Bonferroni-adjusted over four panels; other class-association p values
are raw and descriptive. ClinVar membership is regressed on outlier status, constraint, log1p
expression, breadth, log1p gene length, and ribosomal and mitochondrial indicators. Regres-
sion covariates used maximum Human Protein Atlas consensus nTPM across 51 tissues,33 the
fraction of tissues with nTPM ≥ 1, and the longest Ensembl BioMart gene span. ClinVar mem-
bership required at least one pathogenic or likely pathogenic allele in the gene-specific sum-
mary dated 4 April 2026. Perfect separation by the mitochondrial indicator requires primary
Firth fits with profile-likelihood intervals.34 The same universe, covariates and estimator are
used for all three models. Matching balance uses standardised mean differences.35 Null bands
are control 2.5th–97.5th percentiles; empirical p values are one-sided. Treatment and controls
share a pinned environment; ∆F1 uses a same-device baseline, whereas z = (F treat

1 −F1
ctrl

)/sctrl

is baseline-invariant.

3. Results

3.1. Geometric outlier profiles differ substantially among models

Applying the same geometric screen to all three models produced substantially different outlier
profiles (Figures 1 and 2). Geneformer yielded 410 outliers across a 20,271-gene vocabulary,
scGPT yielded 188 across 60,694 genes, and scFoundation yielded 164 across 19,264 genes.
Ribosomal enrichment occurred in all three models, although it was weaker and sensitive
to the outlier definition in scFoundation; strong mitochondrial enrichment was confined to
Geneformer and scGPT.

Counts alone do not establish disagreement, so the outlier sets were compared directly on
the 18,915 genes shared by all three vocabularies, where the sets contain 388, 102 and 161
outliers (Table 1). Geneformer and scGPT share 72 outliers against 2.1 expected by chance,
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identical four-metric geometry screen on the gene-embedding matrix
norm  ⋅  centroid distance  ⋅  cosine to centroid  ⋅  isolation (k=10);   outlier if |z| > 3 on any metric

410 outliers 188 outliers 164 outliers

all three models Geneformer only

stable under alternative
outlier definitions?

recur in ESM-2
sequence space?

associated with
ClinVar?

costly to delete vs
matched controls?

Geneformer
BERT-style encoder

rank-ordered gene tokens
no expression-value embedding

20,271 genes

scGPT
generative transformer
gene tokens + expression

value embeddings
60,694 genes

scFoundation
asymmetric encoder–decoder

continuous expression via
learned auto-discretisation

19,264 genes

Fig. 1. The three models and the shared screen. The models differ in architecture, expression en-
coding and vocabulary size, and also in pretraining objective, corpus and scale, which are not shown.
Robustness to alternative outlier definitions, ESM-2 recurrence and covariate-adjusted ClinVar as-
sociation are evaluated for all three; matched deletion is the Geneformer follow-up.

a 34-fold excess (adjusted p = 3 × 10−99), yet their Jaccard index, the shared outliers as a
fraction of all outliers called in either model, is only 0.172 and the genome-wide correlation
between their anomaly scores is ρ = 0.186. Geneformer and scFoundation share 8 against 3.3
expected (raw p = 0.018; Bonferroni-adjusted p = 0.055), and scGPT and scFoundation share
a single gene against 0.9 expected (adjusted p = 1), which is not detectably above chance. One
gene, HSP90AA1, is an outlier in all three. The two models that represent genes as discrete
tokens agree more with each other than either does with the continuous-expression model,
while still agreeing only weakly in absolute terms. This comparison cannot isolate expression
encoding from differences in corpus, objective, vocabulary or scale.

Table 1. Direct cross-model agreement on the 18,915 genes shared by all three vocab-
ularies. Overlap p: one-sided hypergeometric, Bonferroni-adjusted over the three pairs.

Model pair Overlap Expected Jaccard ρ Adjusted overlap p

Geneformer, scGPT 72 2.1 0.172 0.186 3× 10−99

Geneformer, scFoundation 8 3.3 0.015 0.026 0.055
scGPT, scFoundation 1 0.9 0.004 0.007 1

Over the same 18,915 shared genes, class composition also differed. Mitochondrial genes
were enriched among Geneformer and scGPT outliers (OR 163 and 455), whereas scFounda-
tion had no mitochondrial outliers at all; ribosomal ORs were 44.8, 18.9 and 4.4 across the
same three models. Expression separated the models in the same way: median maximum HPA
expression among outliers was 19 times the non-outlier median in Geneformer and 12 times
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Fig. 2. Gene-embedding geometry in each model, with called outliers in black; the cosine axis
is shared, the norm axis is model-specific. Geneformer and scGPT each separate into two clouds
along the norm axis, the structure behind scGPT’s sensitivity to the outlier definition (Section 3.2);
scFoundation instead forms a narrow band, with cosine to the centroid 0.009 ± 0.035 and a 2.5%
coefficient of variation in embedding norm.

in scGPT, but slightly below it in scFoundation. Geneformer outliers were also enriched for
loss-of-function-constrained genes (OR 1.46 under the mutually exclusive scheme), and its 50
highest-anomaly genes had much higher median maximum HPA expression than the vocab-
ulary overall (1,813 against 42 nTPM). Downstream effects could therefore reflect expression
and class rather than geometry.

3.2. Outlier-set stability differs among models

The preceding section compared models under one outlier definition. Because the metric dis-
tributions are skewed or bimodal, outlier sets were also re-derived within each model with
the mean and standard deviation replaced by the median and median absolute deviation
(MAD) (Section 2.2). Under the MAD-based |z| > 3 definition, all 410 original Geneformer
outliers were recovered, so containment, the fraction of the original set recovered, is 100%; the
anomaly-score rankings are highly concordant (ρ = 0.956) and the top-50 genes are identical.
scFoundation behaves similarly (containment 97%, ρ = 0.999, top-50 overlap 49/50).

Geneformer’s Jaccard index against that MAD set is nonetheless only 0.492, because the
MAD definition recovers all 410 original outliers and adds a further 423; the original set is a
strict subset, so the low value reflects the larger selected set rather than loss of the original
outliers, which form a conservative core.

Containment must be read against its ceiling, since a stricter rule selecting fewer genes
cannot contain them all; Figure 3a marks these ceilings. This matters most for scFoundation
under the stricter MAD-based |z| > 3.5 definition, where containment falls to 16%: that rule
selects only 27 genes, all among the original 164, so the bar sits on its ceiling and the low value
reflects the number of genes selected rather than instability. scGPT is the exception: under
MAD-based |z| > 3 it retains 83% of its original outliers, but only 22 of its original top-50 genes
remain in the top 50, so individual gene identity is sensitive to the definition, a consequence of
its bimodal norm distribution, under which mean- and median-based standardisation weight
the tails differently. Class-level associations are nevertheless stable across the MAD family for
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scGPT
 = 0.858

MAD
>3

MAD
>3.5
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MAD

IQR
(deg.)

scFoundation
 = 0.999

0.00 0.25 0.50 0.75 1.00
fraction of Geneformer outliers

that are not ESM-2 outliers

constrained
disease

(ClinVar)
ribosomal

mitochondrial

82/82

79/82

52/74

2/10

(a) (b)

Fig. 3. (a) Outlier identity under alternative outlier definitions. Bars give containment, the frac-
tion of original |z| > 3 outliers recovered; ticks mark the maximum attainable containment
min(nnew, norig)/norig, so a bar meeting its tick is saturated, not unstable; the hatched IQR bar
is one of three degenerate rules reported but excluded (Section 2.2); ρ is the Spearman correlation
between original and MAD-based anomaly scores. (b) Fraction of Geneformer outliers that do not
recur in ESM-2, by mutually exclusive class over 19,017 shared genes, labelled with the scFM-specific
count; the hatched mitochondrial bar is short because only 2 of its 10 outliers are scFM-specific, the
other 8 being ESM-2 outliers as well.

Geneformer and scGPT alike; no class significant under the original call loses significance.
In the simulated matrices of Section 2.1, which test the screen rather than the models, the

screen flagged 0.8–0.9% of genes on average by union (0.25–0.35% per metric) when nothing
was planted; recovery of planted genes crossed 50% near a mean |z| of 3 on the targeted metric
across dimensions, and unplanted genes were flagged at 0.4–0.8% on average.

3.3. Outliers are largely model-specific, with a smaller sequence-related
component

If geometric outliers reflected properties of the encoded protein sequences that another repre-
sentation would also expose, the same screen applied to protein-sequence embeddings should
recover them (Section 2.3). Across 19,017 shared genes, Geneformer and ESM-2 outlier sets
had Jaccard 0.054 and anomaly-score correlation ρ = 0.072 (averaged over all three scFMs,
0.023 and 0.042). Forty-nine genes overlapped against 11.7 expected (p < 10−15), but only
four appeared in both top-50 lists. Thus most scFM outliers did not recur in ESM-2, with a
smaller sequence-related component.

The shared component included eight mitochondrially encoded, 22 ribosomal and seven
olfactory-receptor genes. Under mutually exclusive classes (Figure 3b), all 82 constrained and
79 of 82 disease-associated outliers were scFM-specific (outliers in Geneformer but not in
ESM-2), as were 52 of 74 ribosomal outliers. Mitochondrial genes were the exception, with
only 2 of 10 scFM-specific because the other 8 recurred in ESM-2. These encode hydropho-
bic membrane proteins of distinctive composition,36 so their recurrence is compatible with
sequence distinctiveness, although the properties responsible were not tested.

3.4. Matched deletion in Geneformer detected no excess annotation loss

If geometric extremeness marked genes on which Geneformer depends, deleting them from
its input should cost more cell-type annotation performance than deleting comparable genes.
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Fig. 4. Matched-control deletion results for Geneformer. Each panel gives ∆ macro-F1 for gene
sets matched to the treatment on expression level, breadth, gene length and class; shading is the
2.5th–97.5th percentile null band, the vertical line is the treatment, and panel labels give z and the
one-sided empirical p. Axes are not shared, so the three histograms are not a common null. Left, the 50
highest-anomaly Geneformer genes in PBMC3k. Centre, the 36 remaining after removing ribosomal
and mitochondrial genes, against their own null. Right, the primary arm on Tabula Sapiens; its
sensitivity arm was not replicated.

From a PBMC3k baseline of 0.924, deleting the 50 highest-anomaly Geneformer genes left
macro-F1 0.00280 below the mean of 200 matched controls (z = −1.50). Twelve controls were
at least as damaging (p = 0.065), placing the treatment inside the empirical 95% null band
(Figure 4).

Ribosomal and mitochondrial genes account for 28% of the treatment set, so any cost
might follow from removing those classes rather than from geometry. The 36 genes remaining
once they were excluded sat 0.00122 above their own control mean (z = +0.57; 145 of 200
controls at least as damaging, p = 0.73). The weak degradation seen in the full treatment was
not observed in the non-ribosomal, non-mitochondrial sensitivity arm; because each arm was
assessed against its own matched null, the analysis does not test the difference between arms.

Replication in a broader annotation task. The same treatment was applied to a Tabula
Sapiens immune subset, extending the test from eight PBMC3k cell types to 22 and from a
baseline macro-F1 of 0.924 to 0.635. It left macro-F1 0.0073 below the mean of 100 controls,
again inside the null (z = −1.12; 14 controls at least as damaging, p = 0.149). Token exposure
was comparable between treatment and controls, so the result is not explained by the treatment
genes appearing less often in the analysed cells; matching was exact on class though imperfect
on expression (SMD 0.283) and length (0.112). Agreement across two datasets with very
different baselines supports the primary result, though it does not show the effect to be
exactly zero.
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Table 2. ClinVar association over 18,911 complete cases. GF is Geneformer; n is the outlier
count within this universe. (a) covariate-adjusted (Firth logistic regression, profile-likelihood
intervals); GF∩ scGPT is exploratory, selected post hoc. (b) unadjusted, under two annotation
schemes that estimate different quantities.

(a) Adjusted
Gene set Unadj. OR Adjusted OR (95% CI) p

Geneformer (n = 388) 1.16 1.05 (0.82–1.34) 0.72
scGPT (n = 102) 2.95 1.21 (0.76–1.98) 0.42
scFoundation (n = 161) 0.80 0.98 (0.69–1.38) 0.91
GF∩ scGPT (exploratory; n = 72) 3.59 1.44 (0.79–2.69) 0.23

(b) Unadjusted, by annotation scheme
Gene set Class scheme OR p

GF∩ scGPT (n = 72) Overlapping 3.59 5.0× 10−7

GF∩ scGPT (n = 72) Mutually exclusive 0.385 1.6× 10−3

All Geneformer (n = 388) Overlapping 1.16 0.15
All Geneformer (n = 388) Mutually exclusive 0.519 3.8× 10−8

3.5. No model’s outliers show a detectable adjusted ClinVar association

Geometric outliers are enriched for functionally central gene classes, inviting the inference
that they are disease-relevant. ClinVar30 membership was therefore regressed on outlier sta-
tus, adjusting for expression, breadth, length, constraint and gene class (Section 2.6). Across
18,911 complete cases, none of the three outlier sets showed a detectable association (Ta-
ble 2a). Geneformer gave an adjusted OR of 1.05 (95% confidence interval, CI, 0.82–1.34,
p = 0.72), and scFoundation 0.98 (0.69–1.38, p = 0.91). For scGPT the adjustment removed
a strong unadjusted signal: its OR of 2.95 (p = 1.8 × 10−7) fell to 1.21 (0.76–1.98, p = 0.42)
under the same adjustment. The intervals remain compatible with effects in either direction,
including a nearly twofold association for scGPT, so these are nulls of detection rather than
demonstrations of exact independence.

The 72-gene Geneformer–scGPT subset was similarly enriched before adjustment (OR
3.59, p = 5.0× 10−7), but not afterwards (1.44, 0.79–2.69, p = 0.23).

That same unadjusted enrichment is also sensitive to something other than covariates.
Under direct membership the 72 shared outliers give a ClinVar odds ratio of 3.59 (p = 5.0 ×
10−7); under the mutually exclusive scheme the same 72 genes give 0.385 (p = 1.6× 10−3), an
apparent depletion (Table 2b). The reversal follows from the precedence order. Constrained
genes are labelled before disease genes, 22% of ClinVar genes are also constrained, and these
outliers are enriched for constraint at OR 7.36, so the residual disease category is stripped of
the genes that would have carried the enrichment. Both are correctly computed and answer
different questions. A gene-class enrichment reported without its scheme can therefore point
either way.
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4. Discussion

The same screen returned sets that differed in size, class composition and stability under
alternative outlier definitions, so a finding in one scFM should not be assumed to transfer
to another. The discrete-token models agreed most, but architecture, encoding, vocabulary,
objective, corpus and scale all varied, with one model per design. This ordering motivates
controlled comparison; it does not identify its cause or establish that one design is preferable.

In Geneformer and scGPT, outliers had much higher maximum tissue expression and were
enriched for functionally central classes; scFoundation showed much less of both, with outlier
expression slightly below the vocabulary median. Expression breadth did not follow the same
pattern, running lower among Geneformer outliers and higher among scGPT’s. Pretraining
token frequencies were not measured, so it cannot be shown that these are the genes each
model encountered most often, and expression measured in a held-out dataset is only a proxy
for exposure during training. Gene expression is heavy-tailed,37 and the observed enrichment
toward the head of that distribution is an inference rather than a demonstration. This is still
useful information about a model: it describes how learned gene representations are distributed
across a vocabulary, and it differs markedly between the models examined here.

Matched input-deletion tests of the highest-anomaly Geneformer genes did not detect an
excess loss of cell-type annotation performance relative to matched controls in either dataset.
The result should be read narrowly: deletion removes a gene’s measurement from the model
input and, with the probe retrained after each deletion, asks whether cell-type information
remains recoverable from the remaining inputs beyond matched controls, not how much a
fixed classifier relied on the deleted genes. It is not a knockout, and it says nothing about gene
function, viability or perturbation response. Separately, none of the three models’ outlier sets
showed a detectable adjusted ClinVar association; scGPT provides the clearest example, with
its odds ratio falling from 2.95 to 1.21. Genes selected on an expression-correlated criterion
can therefore appear functionally central while showing no detectable additional signal for
the outcomes tested here, cell-type annotation under matched deletion and covariate-adjusted
ClinVar membership. That is the distinction matched or covariate-adjusted controls are there
to make.

The absence of a detectable adjusted association is itself interesting. Geneformer and
scGPT outliers were strongly enriched for ribosomal, mitochondrial and constrained genes,
whereas scFoundation showed weaker ribosomal enrichment and no mitochondrial outliers; yet
none of the three sets showed a residual link to genes already curated as disease-associated
once expression, breadth, length, constraint and class were accounted for. Enrichment for
familiar biological classes did not, by itself, imply additional information for the outcomes
tested here. An expression-correlated score preferentially selects highly expressed genes and,
through correlated covariates, genes over-represented in constraint and disease panels, so an
unmatched enrichment cannot show that the score itself carries information. The annotation-
scheme result makes the same point from another direction: overlapping and mutually exclusive
panels estimate different quantities, so a gene-class enrichment should state its scheme and
report both where they disagree.

The transferable contribution is therefore the audit design rather than a universal list
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of outlier genes: a checkpoint-level score generates a hypothesis, and matched or covariate-
adjusted analyses test whether it adds information for a specified outcome. The outlier sets
reported here are specific to three checkpoints and should not be assumed to transfer. The
screen half of that design is also cheap, which matters as models proliferate. When a released
checkpoint exposes a static gene-embedding matrix and identifiers, the screen needs no evalu-
ation data and thus avoids the contamination question that downstream benchmarking raises
whenever overlap with the pretraining corpus is undocumented.

Limitations. This work concentrates on three models chosen for their different representa-
tional designs, whose geometries differ enough that conclusions about another model would
need the same analysis repeated.38 Each design is represented by a single checkpoint, so dif-
ferences cannot be attributed to architecture, and the deletion test was run for Geneformer
only, so its downstream annotation conclusion is a Geneformer result, whereas the ClinVar
test covers all three models. The deletion experiments were restricted to two immune datasets
and cell-type annotation, though nothing in the design prevents the same test on other tissues,
or on perturbation prediction,39 network inference or atlas integration.40 Within those tests,
Tabula Sapiens uses a filtered 22-class subset with 100 draws and no sensitivity arm, and
matching remains imperfect (expression SMD 0.32 in PBMC3k and 0.28 in Tabula Sapiens;
length 0.11 in Tabula Sapiens).35 The screen also describes geometry without defining what
a well-behaved embedding space would look like, and reads static input embeddings rather
than contextual representations computed for individual cells. Finally, the pretraining corpora
are too large to work with here, so why particular genes occupy extreme positions cannot be
established. Work on language models has traced anomalous tokens to under-exposure during
training,17,18 and the equivalent account for scFMs would need that access.

5. Conclusion

Geneformer, scGPT and scFoundation produce substantially different gene-embedding geome-
tries, and genes exceptional in one model are largely not exceptional in another. Most are also
not outliers in ESM-2 protein-sequence space, indicating limited concordance between the
geometric extremes of the scFM and protein-sequence representations. In the three check-
points examined, and on the two definitions of importance tested, matched input-deletion
tests in Geneformer did not detect an excess loss of cell-type annotation performance, and no
model’s outlier set showed a detectable ClinVar association after covariate adjustment. The
screen itself is cheap, needing only a released checkpoint’s static gene-embedding matrix and
identifiers, and that design, rather than any particular list of genes, is what carries forward.
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Abstract

Single-cell foundation models (scFMs) represent each cell using sequences of gene-
associated tokens, making embedding extraction increasingly costly as the number of cells
and expressed genes grows. Existing input policies typically rely on fixed input budgets, with
retained genes determined by random subsampling, model-native ranking, or a dataset-level
highly variable gene (HVG) panel. However, they do not jointly determine, for each cell,
which genes to retain and how many tokens to allocate.

We introduce AdaGeneBudget, a training-free gene-token selection method that com-
bines each gene’s expression with reference-derived inverse detection frequency and retains
the shortest ranked prefix that captures a target fraction of the cell’s expression-specificity
score mass. The resulting cell-specific budget is bounded by minimum and maximum
lengths, requires no cell-type labels, and leaves the pretrained backbone unchanged.

We evaluated AdaGeneBudget in a frozen-backbone inference setting using pretrained
scGPT and Geneformer models on Kang and PBMC reference-mapping tasks, with an addi-
tional scPRINT comparison against its official HVG policy and an expressed-only HVG con-
trol. Across four scGPT and Geneformer backbone–dataset pairs, AdaGeneBudget substan-
tially reduced mean gene-token counts and peak GPU memory while increasing embedding-
extraction throughput by up to 4.63×. Despite this compression, it preserved native-level
aggregate annotation utility and numerically outperformed token-matched random and Top-
Expression baselines. AdaGeneBudget also preserved fine-grained and low-support cell iden-
tities and retained lineage-marker programs and stimulation-associated pathway genes un-
der compression. In scPRINT, both HVG controls achieved higher annotation macro-F1,
whereas AdaGeneBudget more faithfully preserved the stimulation-induced embedding di-
rection. These results establish biologically informed, cell-adaptive gene-token allocation as
a practical complement to architectural and systems-level efficiency methods for applying
existing scFMs to new datasets. They also suggest that cell-adaptive input allocation may
be a useful design principle for future models operating under finite token budgets.

Keywords: single-cell foundation models; efficient inference; gene selection; adaptive token
allocation; single-cell RNA sequencing

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC)
4.0 License.
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1. Introduction

The scale of single-cell RNA sequencing (scRNA-seq) datasets has increased rapidly, with pub-
lic resources now aggregating tens of millions of cells across tissues and diseases.1 This growth
has enabled single-cell foundation models (scFMs) to learn transferable gene and cell represen-
tations from large single-cell transcriptomic corpora. Geneformer and scGPT were pretrained
on approximately 30 million and more than 33 million profiles, respectively, while scFounda-
tion and scPRINT scale to 50 million or more cells.2–5 Once pretrained, these models provide
reusable cell-level embeddings for downstream analyses such as clustering, cell-type annota-
tion, and batch integration. As scFMs are applied to increasingly large atlas- and cohort-scale
datasets, repeatedly extracting embeddings from long per-cell gene-token sequences can be-
come a practical bottleneck under finite GPU memory and computation.

Despite differences in tokenization and expression encoding, many transformer-based
scFMs represent each cell as a sequence of gene tokens. The number of vocabulary-matched
expressed genes can vary substantially across cells and datasets and reach thousands,2,3,5

while pairwise computation in standard dense self-attention scales quadratically with sequence
length.6 These computational demands become particularly important at atlas or cohort scale:
more cells increase the total workload and longer per-cell sequences increase computation and
memory per cell. Cell subsampling changes the set of cells retained for analysis, and uniform
random subsampling may underrepresent rare populations or incompletely capture transcrip-
tomic heterogeneity.7 We instead retain every cell while reducing the number of gene tokens
used to represent each cell.

Outside single-cell modeling, related approaches include instance-wise feature selection,
sparsity-inducing feature selection, and dynamic Transformer token pruning.8–10 These ap-
proaches typically rely on learned task-dependent selection mechanisms or pruning modules
within the model. In contrast, AdaGeneBudget selects gene tokens before the native input
pipeline of a frozen scFM, without modifying the backbone or requiring additional training.

Existing scFMs use model-specific but largely fixed input-construction rules. Geneformer
rank-orders detected genes and truncates long inputs,2 whereas the official scGPT embed-
ding pipeline randomly subsamples nonzero gene tokens when its maximum sequence length
is exceeded.3,11 scPRINT was pretrained with randomly sampled gene contexts5 and also sup-
ports a dataset-level HVG policy that selects a fixed panel of highly variable genes.12 Random
subsampling is simple but does not explicitly prioritize genes by cell-specific relevance. HVG
selection provides a practical global policy because it ranks genes by their standardized cell-
to-cell variability within the reference dataset and yields a shared ranking and panel across
cells rather than adapting them to each cell.13

More specialized single-cell feature-selection and targeted-panel methods also construct
compact gene sets: SCMER selects features to preserve cellular manifold structure, geneBasis
selects a targeted gene panel to preserve transcriptomic structure, and PERSIST learns gene
panels for transcriptome reconstruction or task-specific prediction.14–16 These methods typi-
cally produce gene sets shared across cells for their respective objectives, whereas AdaGeneB-
udget performs cell-specific gene prioritization and budget allocation to reduce gene-token
processing cost while preserving downstream utility in an existing frozen scFM. Moreover, a
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Fig. 1. Overview of AdaGeneBudget. AdaGeneBudget computes reference-derived gene speci-
ficity, ranks expressed genes using expression-specificity scores, and assigns a cell-specific token bud-
get according to cumulative score mass before constructing the native model input.

common maximum length does not determine how many tokens are sufficient for each cell:
some cells may be represented by a compact gene set, whereas others may require a broader
one. This motivates treating input construction as two coupled, cell-specific decisions—which
genes to retain and how many tokens to allocate—while bounding the resulting budgets to
avoid extreme input lengths.

We introduce AdaGeneBudget, a training-free gene-token selection method for pre-
trained scFMs. As illustrated in Fig. 1, AdaGeneBudget combines reference-derived inverse
detection-frequency weights with each cell’s expression values and retains the shortest ranked
prefix that reaches a target score mass within budget bounds. Cells with concentrated score
mass therefore receive shorter inputs, whereas cells with more diffuse score mass receive
longer inputs. The method requires no cell-type labels, estimates gene prevalence from the
reference cohort only, and passes selected genes through each backbone’s native ordering and
expression-encoding pipeline. We evaluate input policies with frozen backbones under the same
reference-mapping protocol, isolating the effects of input construction from task-specific pa-
rameter adaptation, and show that AdaGeneBudget reduces embedding-extraction cost while
preserving annotation utility and biologically relevant signals under gene-token compression.

Our contributions are as follows. First, we formulate gene-token input construction in
scFMs as two coupled cell-specific decisions: which genes to prioritize and how many tokens
to allocate to each cell, without model retraining. Second, across scGPT and Geneformer,
we demonstrate computational savings while preserving reference-mapping utility, using the
fixed-budget Top-Expression baseline and the Fixed TF–IDF ablation to help distinguish
the contribution of gene prioritization from that of adaptive budget allocation. Third, we
show that its benefits extend beyond aggregate annotation, including preservation of fine-
grained cell identities, lineage-marker programs, and stimulation-associated signals. Code and
supplementary materials are available at https://github.com/D0heeKim/AdaGeneBudget.
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2. Method

2.1. Problem formulation

For cell i, let xi = (xi1, . . . , xiG) ∈ RG
≥0 denote its expression vector, where xig is the expression

value used to score gene g. Let V ⊆ {1, . . . , G} denote the set of genes recognized by the
pretrained backbone. The eligible expressed-gene set and its size are

Gi = {g ∈ V | xig > 0} , ni = |Gi|. (1)

Under native input construction, each backbone constructs its model-specific input sequence
from Gi according to its gene ordering, expression encoding, and input-length conventions. Our
objective is instead to select a subset Si ⊆ Gi, with Ki = |Si|, to reduce gene-token processing
cost while preserving downstream utility and biologically relevant information in the resulting
frozen-backbone representation.

2.2. Reference-derived expression-specificity score

Expression magnitude captures within-cell abundance but not how frequently a gene is de-
tected across the reference population. We therefore combine each gene’s expression value with
an inverse reference-detection-frequency weight, following classical inverse-frequency weight-
ing principles from information retrieval,17,18 yielding a TF–IDF-inspired expression-specificity
score that reflects within-cell expression and inverse prevalence across the reference cohort.

Let the reference cohort contain Nref cells. The reference detection count of gene g, analo-
gous to document frequency, is

dfg =

Nref∑
r=1

I[xrg > 0] , (2)

where I[·] denotes the indicator function. We then define the smoothed inverse-frequency
weight for gene g and its expression-specificity score in cell i as

wg = log

(
Nref + 1

dfg + 1

)
+ 1, (3)

sig = xigwg, g ∈ Gi. (4)

As dfg increases, wg decreases toward 1; genes detected in many reference cells are therefore
upweighted less, although they may still rank highly when xig is large.

We refer to sig as an expression-specificity score, rather than standard TF–IDF, because
xig represents single-cell expression rather than textual term frequency. The weight vector is
estimated once from the reference cohort and reused for both reference and held-out query
cells. For each query cell, sig is computed from its own expression values using the fixed
reference-derived weights; query-cohort prevalence and cell-type labels from either cohort are
not used for ranking or selection.
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2.3. Cell-adaptive score-mass allocation

For each cell i, let g
(1)
i , . . . , g

(ni)
i denote the eligible genes ordered by decreasing expression-

specificity score:

si,g(1)
i

≥ si,g(2)
i

≥ · · · ≥ s
i,g

(ni)

i

. (5)

Ties are resolved deterministically according to each backbone’s fixed gene order. The nor-
malized score mass captured by the top k genes is

Mi(k) =

∑k
j=1 si,g(j)

i∑
g∈Gi

sig
. (6)

For a target score-mass threshold τ ∈ (0, 1], the unconstrained cell-specific budget is the length
of the shortest prefix whose score mass reaches that threshold. Given 1 ≤ Kmin ≤ Kmax, the
unconstrained budget, the realized budget, and the selected gene set are defined as

Kraw
i = min {k ∈ {1, . . . , ni} | Mi(k) ≥ τ} , (7)

KAda
i = min{ni, Kmax, max(Kmin,K

raw
i )} , (8)

SAda
i =

{
g
(1)
i , . . . , g

(KAda
i )

i

}
. (9)

A cell with concentrated score mass reaches τ with a shorter prefix, whereas more diffuse
score mass requires a longer prefix within the budget bounds. All main experiments use τ =

0.90, Kmin = 128, and Kmax = 600. Before applying the bounds, setting τ = 0.90 yields the
shortest prefix that captures at least 90% of the cell’s total expression-specificity score mass;
it does not retain a fixed proportion of the expressed genes. Sensitivity analyses are reported
in Supplementary Sec. S1.

2.4. Backbone integration and computational implications

AdaGeneBudget operates before backbone-specific sequence construction and changes only
the gene subset supplied to the backbone. Let Tm denote the sequence-construction function
for backbone m, which maps the selected genes and their associated expression information to
the model-specific input sequence, and let fθm denote the corresponding embedding function.
The resulting cell embedding is

z
(m)
i = fθm

(
Tm

(
SAda
i ,xi,SAda

i

))
, (10)

where xi,SAda
i

denotes the expression values of cell i restricted to the selected genes. After
selection, each backbone’s native conventions for gene ordering, expression encoding, and
special-token handling are retained; model-specific special tokens are not counted in KAda

i .
All backbone parameters remain fixed during embedding extraction. This separation allows
AdaGeneBudget to be applied to other gene-token-based scFMs whose input pipelines accept
an externally specified gene subset.

Given precomputed reference-derived weights, expression-specificity scoring requires O(ni)

time, and the deterministic full ranking used in our implementation requires O(ni log ni) time.
Let Lnative

i and LAda
i denote the realized unpadded input lengths, including model-specific

special tokens, under native input construction and AdaGeneBudget, respectively. For the
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same backbone, reducing the input length reduces the pairwise token-interaction term in
dense self-attention to approximately

(
LAda
i /Lnative

i

)2
of its native value. This approximation

applies only to the pairwise attention term; end-to-end runtime and memory also depend on
selection overhead, token-wise computation, and batch padding. We therefore report mean
realized gene-token count, end-to-end throughput, and peak GPU memory in Section 4.1,
with selection overhead included in the throughput measurements.

3. Experimental setup

Datasets and backbones. We evaluated AdaGeneBudget on Kang19 (19,583 reference cells
from seven donors and 5,090 query cells from held-out donor 1015) and the PBMC RNA
dataset from the Seurat v4 multimodal atlas20 (132,137 reference cells and 19,957 query cells
from held-out donor P5), with both held-out splits fixed a priori based on dataset composition.
The primary backbones were the scGPT whole-human checkpoint3,11 and Geneformer V1-
10M.2,21 We additionally evaluated scPRINT on Kang because its dataset-level HVG option
enables a same-backbone comparison between AdaGeneBudget and global HVG selection.5,12

We also audited evaluation-study overlap with documented pretraining corpora. PBMC over-
laps with the source corpus used by scGPT, whereas no documented Kang source-study overlap
was identified for scGPT or scPRINT. Kang and PBMC were absent from the documented
Genecorpus-30M used by Geneformer V1. To assess transfer beyond the two primary immune-
cell datasets, we additionally evaluated AdaGeneBudget on a triple-negative breast cancer
(TNBC) dataset.22 Experimental details and results are provided in Supplementary Sec. S5.

Input policies and evaluation. We compared AdaGeneBudget with Native Bucketed,
Matched Random, and Top-Expression across both backbones, and additionally with Na-
tive Rank for Geneformer. Native Bucketed used each backbone’s native input policy with the
same length-aware bucketing applied to all methods. Matched Random uniformly sampled
eligible expressed genes without replacement using a fixed budget matched to AdaGeneBud-
get’s mean realized budget on the reference cohort. Top-Expression retained, for each cell, the
highest-expressed eligible genes using the same reference-fitted fixed budget. For Geneformer,
Native Rank retained genes in the backbone’s native rank-value order using the same fixed
budget. Fixed budgets were matched to AdaGeneBudget’s mean realized budget on the refer-
ence cohort and then held fixed for query cells, without using query-set information for budget
selection. For scPRINT, reference-only global HVG controls were computed using the Seurat
v3 procedure;13 the complementary budget-matching schemes are described in Sec. 4.4.

Reference and query cells were embedded under each policy, and query cells were annotated
by cosine 5-nearest-neighbor majority voting over the labeled reference embeddings; query
labels were used only as ground truth for evaluation. Throughput included method-specific
selection and bucketing but excluded shared data and model loading. Measurements were
repeated five times, speedups were computed within each backbone–dataset pair, and all
inference experiments used an NVIDIA RTX A6000 GPU.

Biological-signal preservation metrics. PBMC lineage programs comprised 20 donor-
consistent markers per lineage derived from the reference donors. Marker coverage was the
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fraction of a cell’s expressed lineage-program genes retained, and enrichment was coverage
divided by the uniform-retention expectation Ki/ni. Cells lacking expressed genes from their
corresponding program were excluded, and cell-level values were averaged within each lineage.

For Kang, paired-donor pseudobulk differential expression was performed in CD14+ mono-
cytes from the seven reference donors, and genes with q < 0.05 and | log2 FC| ≥ 1 were tested
for one-sided Fisher over-representation in MSigDB Hallmark gene sets.23 After Benjamini-
Hochberg correction,24 the 12 pathways with the smallest adjusted P values were selected
for analysis. For each significant DE gene belonging to a selected pathway, mapped to the
Geneformer input space and expressed in at least one held-out CD14+ monocyte, conditional
retention was the fraction of expressing control and stimulated cells retaining that gene, and
pathway retention was the unweighted mean across genes.

For scPRINT, Hallmark IFN-α response retention was the pooled fraction of expressed
gene-cell pairs retained as positive input tokens in stimulated query cells.23 For cell type
c and input policy m, perturbation-direction preservation was the cosine similarity between
∆m,c = z̄m,c,stim− z̄m,c,ctrl and the corresponding all-expressed reference direction from the same
backbone, averaged equally across cell types with at least 20 query cells per condition.

4. Results

4.1. AdaGeneBudget reduces gene-token processing cost

Table 1 summarizes query-cell mean selected-gene counts, end-to-end embedding-pipeline
throughput, and peak GPU memory, with the same length-aware bucketing applied to all poli-
cies and comparisons restricted within each backbone–dataset pair. Across the four backbone–
dataset pairs, AdaGeneBudget reduced mean gene-token counts by 27.6–69.1%, yielding 1.19–
4.63× speedups and 42.5–70.6% lower peak memory than Native Bucketed.

Table 1. Computational efficiency. Speedup is relative to Native Bucketed within each backbone—
dataset pair. Fixed-budget matching used reference cells, so query-set mean lengths may differ.

Backbone Dataset Input policy Mean genes ↓ Throughput (cells/s) ↑ Speedup Peak memory (GB) ↓

scGPT

Kang

Native Bucketed 564.1 1129.9 ± 2.2 1.00× 1.376
Matched Random 391.9 1438.7 ± 3.4 1.27× 0.594
Top-Expression 391.9 1447.8 ± 38.5 1.28× 0.594
AdaGeneBudget 405.8 1349.5 ± 2.1 1.19× 0.791

PBMC

Native Bucketed 1184.7 443.9 ± 0.8 1.00× 1.376
Matched Random 598.3 1031.2 ± 0.7 2.32× 0.788
Top-Expression 598.3 990.2 ± 3.1 2.23× 0.788
AdaGeneBudget 596.3 940.7 ± 5.1 2.12× 0.791

Geneformer

Kang

Native Bucketed 558.3 810.7 ± 7.4 1.00× 13.527
Native Rank 390.3 1243.7 ± 0.5 1.53× 2.654
Matched Random 390.3 1199.0 ± 0.4 1.48× 2.654
Top-Expression 390.3 1192.2 ± 8.8 1.47× 2.654
AdaGeneBudget 404.2 1101.6 ± 0.4 1.36× 3.981

PBMC

Native Bucketed 1927.5 146.7 ± 2.7 1.00× 13.527
Native Rank 598.2 721.6 ± 2.1 4.92× 3.971
Matched Random 598.2 744.1 ± 1.0 5.07× 3.971
Top-Expression 598.2 716.1 ± 4.9 4.88× 3.971
AdaGeneBudget 596.1 678.6 ± 0.3 4.63× 3.977
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Matched Random was 6.6–9.7% faster because it avoided expression-specificity scoring, full
ranking, and adaptive cutoff determination. On Geneformer–Kang, AdaGeneBudget selection
accounted for 14.8% of the end-to-end embedding-pipeline time; within selection, the TF–IDF
and native-order sorts dominated the profiled cost (68.3%) compared with 12.2% to scoring and
11.2% to cutoff determination. Nevertheless, AdaGeneBudget retained 91.2–93.8% of Matched
Random throughput. Its higher peak memory than fixed-budget policies with similar mean
lengths reflects the longest padded batches, as variable allocation allows cells to reach Kmax.

4.2. AdaGeneBudget preserves reference-mapping annotation utility under
compression

Under the reference-mapping protocol in Section 3, AdaGeneBudget numerically outperformed
Matched Random and Top-Expression on all three annotation metrics and all four backbone–
dataset pairs (Table 2), with macro-F1 gains of 2.24–18.04 percentage points over Matched
Random. Despite substantially compressed inputs, it also numerically exceeded Native Buck-
eted on all three metrics across all four backbone–dataset pairs and Geneformer Native Rank
in both datasets, indicating that which genes are retained matters, not only how many.

Table 2. Reference-to-query cell-type annotation performance. Stochastic policies are reported as
mean ± standard deviation across selection seeds, whereas deterministic policies are reported once.
Bold indicates the best numerical result within each backbone–dataset pair.

Backbone Dataset Input policy Mean genes Accuracy ↑ Macro-F1 ↑ Balanced accuracy ↑

scGPT

Kang

Native Bucketed 564.1 0.9481 ± 0.0014 0.8406 ± 0.0023 0.8368 ± 0.0037
Matched Random 391.9 0.9352 ± 0.0010 0.8314 ± 0.0154 0.8263 ± 0.0192
Top-Expression 391.9 0.9434 0.8339 0.8318
AdaGeneBudget 405.8 0.9493 0.8538 0.8685

PBMC

Native Bucketed 1184.7 0.9169 ± 0.0017 0.8741 ± 0.0030 0.8588 ± 0.0033
Matched Random 598.3 0.8843 ± 0.0018 0.8345 ± 0.0027 0.8198 ± 0.0024
Top-Expression 598.3 0.9244 0.8861 0.8681
AdaGeneBudget 596.3 0.9338 0.8932 0.8771

Geneformer

Kang

Native Bucketed 558.3 0.8804 0.6614 0.6577
Native Rank 390.3 0.8617 0.7012 0.6753
Matched Random 390.3 0.8370 ± 0.0025 0.5905 ± 0.0049 0.5821 ± 0.0079
Top-Expression 390.3 0.8729 0.7091 0.6910
AdaGeneBudget 404.2 0.8857 0.7709 0.7563

PBMC

Native Bucketed 1927.5 0.8408 0.7685 0.7712
Native Rank 598.2 0.8239 0.7557 0.7585
Matched Random 598.2 0.7352 ± 0.0015 0.6198 ± 0.0037 0.6161 ± 0.0036
Top-Expression 598.2 0.8299 0.7596 0.7606
AdaGeneBudget 596.1 0.8434 0.7727 0.7758

A Fixed TF–IDF ablation using the same score and ranking as AdaGeneBudget but a
shared fixed budget supported the contribution of adaptive allocation: on Geneformer–Kang,
AdaGeneBudget increased macro-F1 from 0.7130 to 0.7709 under comparable realized bud-
gets. The default configuration remained close to the best tested across all four backbone–
dataset pairs (Supplementary Sec. S1). Supplementary Sec. S2–S4 show that larger macro-F1
gains were supported by bootstrap intervals, AdaGeneBudget better preserved local, within-
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Fig. 2. Fine-grained and low-support annotation under gene-token reduction. (a)
Geneformer–Kang L1 macro-F1 across all cell types and support-restricted subsets. (b) scGPT–
PBMC L2 macro-F1 across all subtypes and low-support subsets. (c,d) Per-population F1 differences,
in percentage points, between AdaGeneBudget and the indicated comparators for Geneformer–Kang
(c) and scGPT–PBMC (d), ordered by support. Error bars show standard deviation across five seeds
for stochastic policies; deterministic policies are single runs.

cell-type, and expression-referenced structure than Matched Random and tested reference
variations had limited effects on Geneformer–Kang.

Supplementary donor-disjoint validation on a 427,823-cell TNBC cohort further extended
the efficiency–utility tradeoff beyond the two primary immune-cell datasets. AdaGeneBudget
achieved 1.80× and 3.46× speedups over Native Bucketed with scGPT and Geneformer, re-
spectively, while attaining the highest numerical macro-F1 among the evaluated policies for
both backbones (0.5411 and 0.3392; Supplementary Sec. S5).

4.3. AdaGeneBudget preserves fine-grained and low-support cell identities

Aggregate annotation metrics can mask failures in fine-grained or low-support populations.
We therefore examined Geneformer–Kang performance by L1 support and scGPT–PBMC
performance using finer L2 labels (Fig. 2).

On Kang, AdaGeneBudget achieved the highest macro-F1 across all cell types (0.771),
after excluding Megakaryocytes (0.774) and among classes with at least 100 query cells (0.778)
(Fig. 2a,c). Thus, the aggregate gain was not driven by an extremely low-support population.
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For Megakaryocytes (n = 4), AdaGeneBudget correctly annotated three cells (F1=0.750),
compared with F1=0 for Native Bucketed and Matched Random and 0.400 for Native Rank;
given the very small support, we treat this result as an illustrative example rather than
independent evidence of rare-cell robustness.

On PBMC, AdaGeneBudget likewise achieved the highest macro-F1 across all 30 L2 sub-
types (0.704), in Tail-Q25 (0.610), and among subtypes with 11–200 cells (0.620) (Fig. 2b).
Among subtypes with more than 10 query cells, it exceeded Native Bucketed for 23 and
Matched Random for 25, including all 11 T-cell-related subtypes (Fig. 2d). The only sub-
types above 10-cell support for which AdaGeneBudget was lower than Native Bucketed were
ILC and NK CD56bright, by 8.0 and 5.4 points, respectively, while remaining above Matched
Random by 28.7 and 9.2 points. These exceptions may reflect the difficulty of distinguishing
related lymphoid populations, since human ILC states are transcriptionally heterogeneous and
some ILC1 and NK states show transcriptional similarity.25,26 Moreover, the original PBMC
subtype labels were derived from joint RNA and surface-protein analysis,20 which may make
exact recovery from RNA-only embeddings challenging. Among the four subtypes below the
11-cell support, only dnT was lower than both comparators (3.3 points); with only six cells,
both Native Bucketed and Matched Random achieved mean F1 of 0.033, with a nonzero
result in just one of five seeds for each policy. We therefore do not interpret this small differ-
ence as a stable comparator advantage. Overall, AdaGeneBudget preserved fine-grained and
low-support identities across support-restricted analyses, with isolated exceptions confined to
extremely small or closely related lymphoid populations.

4.4. AdaGeneBudget preserves lineage and stimulation-associated signals
under compression

Beyond annotation utility, we evaluated whether compression retained stimulation-associated
pathways, lineage-marker programs, and stimulation-induced embedding shifts (Fig. 3).

In Geneformer–Kang, AdaGeneBudget achieved mean conditional retention of approxi-
mately 0.81, compared with 0.67 for Native Rank and 0.61 for Matched Random (Fig. 3a).
It exceeded Native Rank in 10 of 12 pathways and Matched Random in all 12, with high
retention for IL6–JAK–STAT3, TNFα–NFκB, and KRAS signaling.

In Geneformer–PBMC, AdaGeneBudget retained approximately 0.82 mean lineage-marker
coverage versus 0.92 for Native Bucketed, 0.59 for Native Rank, and 0.26 for Matched Ran-
dom (Fig. 3b). This recovered about 89% of native coverage while reducing mean input from
1,927.5 to 596.1 genes and exceeded comparators across all six lineages. Bootstrap uncertainty
estimates for both biological-preservation analyses are provided in Supplementary Sec. S2.

With scPRINT, the official fixed-panel HVG control was matched to AdaGeneBudget’s
mean total gene-token count on the reference cohort, including zero-valued panel entries. HVG
achieved higher macro-F1 (0.767 versus 0.739), whereas AdaGeneBudget retained more Hall-
mark IFN-α-response genes (0.718 versus 0.178) and more faithfully preserved the stimulation-
induced embedding direction (0.975 versus 0.408; Fig. 3c).

To separate the effect of zero-expression overhead, we also evaluated an expressed-only
HVG control by expanding the reference-fitted global candidate panel to 11,929 genes to
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Fig. 3. Biological-signal preservation under compression. (a) Geneformer–Kang mean con-
ditional retention of stimulation-associated pathway genes. (b) Geneformer–PBMC lineage-marker
coverage in held-out donor P5 (color and values) and enrichment over uniform retention at each pol-
icy’s realized budget (bubble area). (c) scPRINT’s reference-only Seurat-v3 fixed-panel HVG policy
versus AdaGeneBudget under a matched total-token budget. (d) Expressed-only HVG versus Ada-
GeneBudget under a matched positive-gene budget. Panels (c,d) report macro-F1, IFN-α-response
retention, and cosine similarity to the all-expressed stimulation direction.

match AdaGeneBudget’s mean positive-input length (Fig. 3d). HVG achieved slightly higher
macro-F1 (0.746 versus 0.739) and IFN-response retention (0.883 versus 0.718), whereas Ada-
GeneBudget better preserved the stimulation direction (0.975 versus 0.812), with higher simi-
larity in all seven eligible cell types. Thus, the direction-preservation advantage persisted even
under this broader expressed-only HVG control.

5. Discussion

We introduced AdaGeneBudget as a training-free method that treats gene-token input con-
struction in scFMs as a cell-specific allocation problem. Across scGPT and Geneformer, it
reduced embedding-extraction cost while preserving native-level annotation utility; its ad-
vantage over token-matched random selection and Geneformer Native Rank indicates that
representation quality depends on which genes are retained as well as how many. Our em-
pirical conclusions concern frozen-backbone embedding extraction and reference mapping; we
did not evaluate pretraining, fine-tuning, or task-specific model adaptation. Held-out donors
were unseen only with respect to the reference-mapping split, not necessarily model pretrain-
ing: corpus audits confirmed PBMC overlap for scGPT and at the scPRINT source-corpus

Pacific Symposium on Biocomputing 2027

717



level, whereas no source-study match for Kang or PBMC was identified in the documented
Geneformer V1 corpus. We therefore do not characterize all evaluated settings as pretraining-
unseen.

The biological analyses further demonstrate why evaluation should extend beyond aggre-
gate annotation metrics. Support-stratified analyses showed that gains over random compres-
sion persisted after excluding the extremely low-support Megakaryocyte population and among
more highly supported cell types. AdaGeneBudget also retained lineage-marker programs and
stimulation-associated pathway genes at rates far above random selection. In scPRINT, both
HVG controls achieved higher annotation macro-F1, whereas AdaGeneBudget more faithfully
preserved the stimulation-induced embedding direction under both fixed-panel and expressed-
only comparisons. These findings suggest that biological-state fidelity should be considered
alongside cell-type annotation when evaluating compressed scFM inputs.

AdaGeneBudget complements rather than replaces architectural and systems-level effi-
ciency improvements. Because it operates before the native input pipeline, requires no back-
bone updates or cell-type labels, and computes reference-derived statistics once, it can be
applied to frozen models without retraining. The same principle may also inform future scFM
design: when candidate genes exceed an explicit or practical context budget, identical maxi-
mum lengths may not be the most effective use of computation.

Several limitations remain. First, the main evaluation focused on two immune-cell datasets
and three pretrained backbones. Supplementary donor-disjoint TNBC validation broadened
the tissue and disease settings with a 427,823-cell cohort, but broader validation across tissues,
sequencing settings, and pretrained checkpoints is still needed. Evaluating whether similar
benefits extend to pretraining or task-specific fine-tuning also remains future work. Second,
the expression-specificity weights depend on the reference cohort. Although performance was
stable under the tested changes in reference size, donor composition, and under cross-cohort
weight estimation, robustness to broader biological or technical reference–query shifts remains
to be established. Because inverse-frequency weighting favors low-frequency genes, rare tech-
nical artifacts may also receive increased priority. In scGPT–PBMC, low-frequency genes were
enriched among selected inputs but remained a small absolute fraction; detailed results are
provided in Supplementary Sec. S6. Third, the current scoring rule evaluates genes individ-
ually and does not explicitly account for redundancy among selected genes. Under a limited
token budget, highly correlated or co-expressed genes may therefore occupy multiple input
positions while providing overlapping information, potentially displacing genes with comple-
mentary signals. Finally, adaptive scoring and full ranking introduce additional preprocessing
overhead relative to simpler fixed-budget policies. Sorting accounted for most of this cost, sug-
gesting that partial-ranking or approximate top-k implementations could reduce it. Because
runtime and memory were evaluated on a single GPU platform, the observed computational
gains should not be assumed to transfer unchanged across hardware environments.

Overall, AdaGeneBudget shows that cell-adaptive, biologically informed token allocation
can provide a favorable balance between computational efficiency and representation fidelity.
This establishes input gene selection as a practical and complementary direction for scaling
gene-token-based scFMs.
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Single-cell manifold-preserving feature selection for detecting rare cell populations, Nature Com-
putational Science 1, 374 (2021).

15. A. Missarova, J. Jain, A. Butler, S. Ghazanfar, T. Stuart, M. Brusko, C. Wasserfall, H. Nick,
T. Brusko, M. Atkinson, R. Satija and J. C. Marioni, geneBasis: An iterative approach for
unsupervised selection of targeted gene panels from scRNA-seq, Genome Biology 22, p. 333
(2021).

16. I. Covert, R. Gala, T. Wang, K. Svoboda, U. Sümbül and S.-I. Lee, Predictive and robust gene
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Integrative clustering (iCluster) methods are designed for joint clustering analysis of bulk multi-
omics data measured on the same samples and have been successfully applied to identify integrative 
molecular subtypes for a variety of cancers.   The iCluster methods are based on latent factor models 
that require intensive computation for feature and model selection.   The computational cost has 
limited their application to single cell sequencing studies, which typically generate multi-omics data 
for tens of thousands of cells in a single experiment.  Here, we present a new workflow and a new 
parameter-tuning algorithm for the iCluster methods that substantially reduces the computational 
burden, thereby enabling the application of iCluster methods to the integrative analysis of single-cell 
multi-omics data.  We use one bulk multi-omics dataset and two single cell multi-omics datasets to 
demonstrate the updated iCluster methods.  Our results show that the updated iCluster methods 
compare favorably to the Weighted Nearest Neighbor (WNN) method and the Multi-Omics Factor 
Analysis (MOFA2) method for integrative analysis of single cell multi-omics data.  The new 
algorithm has been implemented in R functions iClusterPlus2 and tune.iCluster2b, which are 
available at https://bioconductor.org/packages/release/bioc/html/iClusterPlus.html.   

Keywords: Integrative clustering; iCluster; Latent factor; Multi-omics; iClusterPlus; iClusterPlus2. 

1. Introduction

Over the past 30 years, high-throughput technologies, such as microarrays and next-generation 
sequencing, have enabled the generation of massive amounts of molecular data, including copy 
number, gene expression, DNA methylation, somatic mutations, and other molecular features of 
cancer. The promise of these technologies has led to large-scale collaborative initiatives, such as 
The Cancer Genome Atlas (TCGA)1, 2 and the International Cancer Genome Consortium (ICGC)3. 
In these projects, as well as in similar but smaller-scale studies conducted by individual laboratories, 
the same biological samples were often subjected to multiple molecular assays.   
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In the 2010s, single-cell sequencing emerged as a prominent technology. While initially focused 
primarily on gene expression, single-cell sequencing has been expanded to enable the measurement 
of many other molecular features, including DNA mutations, DNA methylation, and DNA–protein 
interactions. Common examples of multimodal single-cell experiments include cellular indexing of 
transcriptomes and epitopes by sequencing (CITE-seq)4, RNA sequencing combined with assay for 
transposase-accessible chromatin using sequencing (ATAC-seq)5, and single-cell nucleosome, 
transcriptome and methylation sequencing (scNMT-seq)6.    
 
Although each type of multi-omics data could be analyzed separately, integrative analysis is 
biologically and scientifically appealing because different molecular measurements can provide 
complementary information about the underlying biology of cancer and other diseases. However, 
integrative analysis is challenging because multi-omics data are typically high-dimensional and 
exhibit different noise characteristics, scales and distributions.  The iCluster method7, 8 was one of 
the first approaches designed for integrative analysis of continuous multi-omics data.  It was 
subsequently extended to iClusterPlus9, which can jointly model multiple types of omics data, 
including continuous, binary, multi-categories and count data.   In addition, a Bayesian extension of 
iClusterPlus, iClusterBayes10, was developed to incorporate Bayesian variable selection11.  To 
transform high-dimensional omics data into a low-dimensional space while retaining the most 
important patterns, the iCluster methods use low dimensional latent factors to model the high-
dimensional multi-omics data.  In addition, they employ lasso12 or Bayesian variable selection 
approaches to identify informative features.  Other integrative methods, including Cobolt13 and 
MOFA14 also use latent factor models for dimensionality reduction.  A major distinction among 
these methods is the approach to estimate the latent factors. For example, the iCluster methods use 
expectation maximization (EM) algorithm and classical Bayesian methods, while Cobolt uses 
multimodal variational autoencoder (MVAE) and MOFA2 uses a variational Bayesian approach.   
 
Although the iCluster methods have been successfully applied to bulk multi-omics data to identify 
integrative cancer subtypes across a variety of cancers, they have not been applied to analysis of 
single cell sequencing experiments, which typically generate multi-omics data for tens of thousands 
of cells.  We realize that a major limitation of the iCluster methods is their intensive computational 
requirements for feature and model selection, which has limited their applications to large-scale 
multi-omics datasets.   Therefore, in this manuscript, we introduce a new workflow and a novel 
parameter-tuning algorithm designed to substantially reduce the computational burden of the 
iCluster methods, thereby enabling their application to large single-cell multi-omics datasets.   
 
The manuscript is organized as follows.  In the Methods section, we briefly introduce the iCluster 
methods, the new workflow and the lasso parameter-tuning algorithm.  In the Application section, 
we apply the new methods to one bulk multi-omics dataset and two single cell multi-omics datasets, 
and compare their performance with that of the popular Seurat WNN15, 16 method and MOFA2.  
Finally, in the Discussion, we summarize and discuss the proposed methods and their potential 
applications.  
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2.  Methods 

2.1.  A Latent factor model for joint dimension reduction of continuous multi-omics data 

Suppose there are 𝑛 samples assayed by 𝑇 high-throughput techniques generating 𝑇 omics 
datasets.  These multi-omics data can be represented as data matrices for integrative analyses.  Let 
𝑋!	be the 𝑡th data matrix with dimensions 𝑝! ×	𝑛, where 𝑝!	is the number of features (rows) and 𝑛 
is the number of samples (columns).  Shen et al. 7, 8 proposed	a	Gaussian	latent	factor	model	for	
joint	decomposition	of	𝑋!	(𝑡 = 1, 2,	…,	T),	which	can	be	expressed	as		
	

𝑋! =	𝑊!𝑍 +	𝐸! ,				𝑡 = 	1, 2, … , T.                                (1) 
 
In model (1), 𝑊! denotes the weight (loading) matrix with dimensions 𝑝! ×	𝑘, corresponding to 
𝑝!	features and 𝑘 latent factors; 𝑍 denotes the latent factor matrix with dimensions 𝑘 ×	𝑛,	
corresponding	to	𝑘 latent factors and 𝑛 samples; and 𝐸! denotes the random error matrix with 
dimensions 𝑝! ×	𝑛,	where the column vector 𝑒!"(𝑖 = 1,… , 𝑛) represent independent random errors 
that follow a multivariate normal distribution with mean 0 and a diagonal covariance matrix Y! =
(s#$, … ,s%!

$ ).  The model (1) can be viewed as a high-rank matrix 𝑋! decomposed into two low-
rank matrices 𝑊! and 𝑍 (𝑘 ≪ 𝑝! , 𝑛) plus a random error matrix 𝐸! .  Sample 𝑖 (𝑖 = 	1, 2, … , n) is 
associated with the 𝑖th column vector 	𝑧" = ;𝑧"#,		𝑧"$,… , 	𝑧"'<

(of matrix 𝑍 that captures the 
correlation structure of multi-omics data.  As a result, the latent factor vectors can be used for 
sample clustering.  The 𝑗th row vector 𝑤!) =	 ;𝑤!)#, 	… , 	𝑤!)'< of 𝑊! indicate how strongly feature 
𝑗 is associated with each factor.  For feature 𝑗 in the 𝑡th data matrix, the larger the absolute value 
of 	|𝑤!)'| the stronger the association with factor 𝑘.  Therefore, the weight matrix can be used to 
identify the important multi-omics features that contribute to the joint sample clustering.  Shen, 
Wang and Mo8 used a penalized EM algorithm to estimate the optimal matrices 𝑊! and 𝑍 in which 
a lasso-type penalty term is imposed on 𝑊! to introduce sparsity.  When an appropriate lasso 
parameter is chosen, some rows of 𝑊! become all zeros, indicating their corresponding features 
are non-informative, while the informative features are not all zeros.  Therefore, the latent factor 
model (1) can be used to perform both sample clustering and feature selection, which are both 
important for integrative clustering analysis of multi-omics data. 

2.2.  Latent factor models for joint dimension reduction of heterogeneous multi-omics data 

The original iCluster method is designed to integrate continuous multi-omics data and assumes 
that each data type follows a normal distribution. Although this assumption is generally 
appropriate for some normalized molecular measurements, it is not suitable for many commonly 
encountered data types. In practice, multi-omics datasets are heterogeneous, which include 
continuous, count, binary, and categorical variables. For example, gene expression in RNA-seq is 
usually measured as read counts, DNA copy number alterations are often classified as gain, loss, 
or normal, and somatic mutation is typically represented by a binary variable denoting the 
presence or absence of a mutation.  To accommodate this heterogeneity, Mo et al. developed the 
iClusterPlus9 method that extends the original latent factor framework by modeling each data type 
using an appropriate member of the generalized linear model (GLM) family. This capability 
represents a substantial advancement over the original iCluster method by broadening its 
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applicability to diverse multi-omics datasets.  In the following, we briefly describe the models 
implemented in iClusterPlus.   

In the iClusterPlus model, 𝑥")! denote a variable for the 𝑗th (𝑗 = 1,⋯ , 𝑝!) omics feature of the 𝑖th 
(𝑖 = 1,⋯ , 𝑛) sample in the 𝑡th (𝑡 = 1,⋯ , 𝑇) dataset.  Assume sample 𝑖 is associated with a latent 
factor 	𝑧" = ;𝑧"#,		𝑧"$,… , 	𝑧"'<

(with 𝑘 elements.  When 𝑥")! is a continuous variable, it is assumed 
to follow a Gaussian distribution, with its mean modeled as a linear function of 	𝑧": 
 

𝑥")! = 𝛼)! + 𝛽)!𝑧" + 𝜀")! , 𝜀")!~	𝑁(0, 	𝜎)!$), (2) 
 

where 𝛼)! is the intercept, 𝛽)! = (𝛽#)! , … , 𝛽')!) are the slope coefficients, and 𝜀")! is the random 
error assumed to be independent, identically and normally distributed with mean 0 and variance 𝜎)!$ .  
When 𝑥")!is a count variable, it is assumed to follow a Poisson distribution, with its mean modeled 
as a function of 𝑧" through a Poisson regression with a log link function:  
 

log(𝜆(𝑥")! | 𝑧")) = 𝛼)! + 𝛽)!𝑧" , (3) 
 

where 𝜆(𝑥")! | 𝑧") is the conditional mean of the count given 𝑧".  When 𝑥")!is a binary variable with 
realized value 0 or 1, it is assumed to follow a Bernoulli distribution, with the probability of being 
1 modeled as a function of 𝑧" through a logistic regression model: 
 

log( *(,"#!-#|/")
#1*(,"#!-#|/")

) = 𝛼)! + 𝛽)!𝑧",  (4) 

 
where 𝑃(𝑥")! = 1|𝑧") is the probability of 𝑥")! = 1 given 𝑧".  Finally, when 𝑥")! is a multi-categorical 
variable, it is assumed to follow a multinomial distribution, with category probabilities modeled as 
functions of 𝑧" through a multinomial logistic regression model:   
 

𝑃(𝑥")!=c|𝑧") = 234(5#$!67#$!/")
∑%&'
( 234(5#%!67#%!/")

, c = 1, 2, …, C, (5) 

 
where 𝑃(𝑥")!=c|𝑧") denotes the probability of 𝑥")! being the c category.  

In the iClusterPlus model, all the omics data are linked through a common latent factor 
representing the underlying biological structure shared across multi-omics platforms. Parameter 
estimation is performed like in iCluster using a penalized EM algorithm with sparsity-inducing 
penalties to identify informative features while simultaneously estimating the latent factors and 
model parameters.  

2.3.  A dynamic algorithm for searching optimal lasso parameters in T-dimensional space 

In the joint modeling of multi-omics data, iCluster imposes a lasso penalty on parameter 
estimation to facilitate identifying the omics features that contribute to sample clustering.  When 
an appropriate lasso parameter is chosen, the coefficients 𝛽)! corresponding to non-informative 
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features are shrunk to zero, whereas those associated with informative features retain non-zero 
values.   Sample clusters are determined based on the estimated latent factors 𝑧".  It is a 
computationally intensive process to search for optimal lasso parameters in a 𝑇-dimensional space, 
especially when 𝑇 ≥ 2.  In order to efficiently search for the optimal combination of penalty 
parameters, iClusterPlus uses the uniform design to generate good lattice points from the search 
domain.  For example, the recommended lattice points in a 4-dimensional space are 307, 562, 701, 
1019, 2129, 3001, 4001, 5003 and 6007.     Usually, the more lattice points that are searched, the 
more likely an optimal model is identified.  Originally, iCluster was developed to identify cancer 
subtypes.  In practice, that is typically a small number of subtypes.  Therefore, it is only necessary 
to test a small number of latent factors (e.g., 𝑘 = 1 − 6).  Suppose there were four omics datasets 
and we chose 𝑘 = 1 − 6, we would need to evaluate at least 307 × 	6 models.  The optimal k is 
selected at the elbow point of the plot of the deviance ratio or the Bayesian information criterion 
(BIC) versus k, that is where the deviance ratio or BIC levels off.  Using this empirical rule, 
iCluster divides 𝑛 samples into 𝑘 + 1 clusters.   

Although iCluster models work well for joint clustering analysis of bulk cancer multi-omics 
datasets, they face challenges in the analysis of larger single cell multi-omics data, which can 
consist of dozens of cell types among thousands of cells.  To reduce computational burden, we 
propose the following workflow and parameter-tuning algorithm to optimize the iCluster methods.  

(1) Determine an optimal number of factors by performing principal component analysis 
(PCA) of concatenated multi-omics data.  An optimal number of factors can be identified 
from elbow of the PCA variance plot. 

(2) For each of the multi-omics dataset, set the search domain for the lasso parameter and 
calculate the change of lasso parameter for each the iteration of the EM algorithm.  Let  𝜆!9 
and 𝜆!#	denote the minimum and maximum lasso parameters of dataset 𝑡, respectively.   
The change of lasso parameter (𝜆!:) for each iteration of the EM algorithm is calculated as 

𝜆!: = (𝜆!# − 𝜆!9)/𝑁, 
where N is the maximum number of EM iterations.  

(3) For dataset 𝑡,	increase or decrease lasso parameter 𝜆! based on the BIC change.  The 
following is the pseudo code for updating 𝜆! at each EM iteration. 
 
Initialize BIC_min_t = BIC of the initial model for dataset t 

            Initialize BIC_rate_cutoff_t = 0.05  
for i = 1 to N do 

for t = 1 to T do 
       BIC_current_t = BIC of current model for dataset t 
     BIC_rate_t = (BIC_current_t - BIC_min_t)/BIC_min 
     if BIC_rate_t > BIC_rate_cutoff_t then 
          𝜆! =	𝜆! +	𝜆!; 
    else if BIC_rate_t < −BIC_rate_t then 
            BIC_min_t = BIC_current_t 
        𝜆! =	𝜆! −	𝜆!; 
  end for 

            end for     
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(4) After the iterations, perform uniform manifold approximation and projection (UMAP) on 
the latent factor matrix to obtain a two-dimensional embedding and visualize the 
sample/cell clusters in the resulting UMAP space.   

(5) Perform clustering analysis for the samples or cells using partition-based methods (e.g. k-
means) or graph-based methods (e.g., Louvain18 method), depending on the clustering 
structure observed in the UMAP embedding.                                                                                                     

In the above algorithm, we set a cutoff for the BIC rate of change between 2 consecutive 
iterations.  If the rate of change is less than the cutoff (e.g., 0.05), 𝜆! will remain the same.  
Suppose the number of iterations is 𝑁.  The possible lattice points in a 𝑇-dimensional space will 
be 𝑁<, which is quickly prohibitive with the old algorithm. We use three real examples to 
illustrate the new workflow.   

2.4.  Comparisons with other methods 

We ran WNN using default parameters.  For iCluster and MOFA2, we chose the same number of 
latent factors.  We ran MOFA2 using the same overall workflow as iCluster except in the step 
used to estimate the latent factors. 

3.  Application 

3.1. Integrative clustering analysis of uveal melanoma (UM) multi-omics data. 
 
We first applied the new algorithm to the bulk uveal melanoma (UM) multi-omics data generated 
by TCGA2.  The UM dataset consists of somatic mutation, DNA copy number variation, DNA 
methylation and RNA-seq gene expression data for 80 UM primary samples.  The level-3 UM multi-
omics data available at http://firebrowse.org were processed to form 4 data matrices in which the 
columns represent the samples, and the rows represent the omics features.  The data procession was 
detailed in Mo et al.17.  Briefly, somatic mutation was coded as 1 and wild-type was coded as 0.  
Genes with a somatic mutation rate ≥ 2% in the samples were used for iCluster analysis.   We logit 
transformed the methylation beta values and then selected the top 25% most variable genes.  We 
log2 transformed the mRNA-seq normalized counts plus 1 and selected the top 25% most variable 
genes.  For copy number data, we condensed the chromosome segments to 2632 chromosome 
regions using the CNregions function in the iClusterPlus package.  Finally, we standardized omics 
feature values across samples for the methylation, mRNA and copy number data.   
 
To determine the number of factors used for the latent factor model, we concatenated the 
standardized methylation, mRNA and copy number data matrix and then performed PCA on the 
concatenated matrix.  Figure 1 shows the proportion of the total variance explained by the first 30 
principal components (PCs). The explained variance decreases rapidly for the first few PCs, after 
which the rate of decline slows markedly beginning around the fifth PC. The optimal number of 
latent factors for iCluster modeling can be selected near this inflection point. We chose 𝑘 = 7 as the 
number of latent factors for iCluster integration. The resulting sample clustering was highly 
consistent for values of 𝑘 ≥ 7, indicating a stable solution. 
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It took about a minute to run the new algorithm on a Mac Studio with a M4 Max chip, which was 
implemented in a new function named iClusterPlus2.  In contrast, the first version of iClusterPlus 
took about 12 hours to evaluate 701 combinations of lasso parameters for each of the latent factors 
(𝑘 = 1 − 5).  Both versions of iClusterPlus generated the same clustering results.    
 

 
 
Figure 1. iCluster analysis of UM multi-omics data.  (A) PCA variance plot: proportion of total variance vs. PC.  (B) 
UM samples distributed on UMAP 2-dimensional space; UM samples are grouped into 3 clusters by K-means 
clustering.  (C) UM samples distributed on UMAP 2-dimensional space; UM samples are grouped into 4 clusters by 
K-means clustering.  (D) Heatmap of the top driver features of the multi-omics data.  Somatic mutation (the top panel) 
is indicated by black bar; DNA copy number (the 2nd panel from the top): copy number loss, normal and gain are 
indicated by blue, white and red, respectively; Methylation (the 3rd panel from the top): hypomethylation and 
hypermethylation are indicated by blue and red, respectively.   mRNA (the bottom panel): low and high expression are 
indicated by blue and red, respectively.  (E) Overall survival of the 3 iClusters.  (F) Overall survival of the 4 iClusters.  
 
To visualize the sample clusters in the latent factor space, we performed UMAP on the latent 
factor matrix.  Figure 1B and 1C show the 3 and 4 major clusters on the UMAP 2-dimensional 
space, respectively.   It can be seen that cluster 1 of Figure 1B is further divided into 2 sub-clusters 
(clusters 2 and 3) of Figure 1C.  The iCluster analysis identified the somatic mutations GNAQ, 
SF3B1, EIF1AX, BAP1 and GNA11 were drivers of UM subtyping (Figure 1D, top panel). The 
driver copy number alterations included chr3 loss, chr6 gain and loss, and chr8 gain (Figure 1D, 
the 2nd panel from the top).  The driver methylated genes formed 2 major gene clusters labeled as 
Me1 and Me2, which had opposite methylation patterns from each other (Figure 1D, the 3rd panel 
from the top).  In terms of gene expression, the driver genes also formed 2 major gene clusters 
labeled as Ex1 and Ex2 that had opposite expression patterns (Figure 1D, the bottom panel).  
Overall, it appears that the multi-omics patterns drive the samples clustering into two major 
clusters 1+2 and 3+4, which coincides with the chr3 status (chr3 normal in clusters 1+2, chr3 loss 
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in clusters 3+4).  The loss in chr6q arm is the major visible omics pattern that divides clusters 1+2 
and 3+4 further into two smaller clusters, where clusters 2 and 3 are associated with chr6q loss, 
while clusters 1 and 4 are not.  It is well known that the most common chromosomal aberration in 
this disease is the loss of one copy of chr3 (monosomy 3).  Patients with monosomy 3 are 
associated with a worse overall survival than those with normal chr3, while there is no significant 
difference in overall survival between clusters 1 and 2, nor between clusters 3 and 4 (Figure 1F).  
In the 3-cluster solution, both clusters 2 and 3 include patients with chr3 loss, which may explain 
why there is not significant survival difference between the two clusters (Figure 1E).  Statistically, 
it is challenging to determine which clustering result (the 3-cluster solution or the 4-cluster 
solution) is better.  Clinically, it is clear that the 4-cluster solution is better because it is more 
consistent with the clinical observation.   
 
3.2. Integrative clustering analysis of CITE-seq data. 
 
Our second application is to single cell multi-omics data collected using the CITE-seq method9.  The 
dataset consists of single cell RNA-seq (scRNA-seq) and antibody-derived tag (ADT) data from the 
same 30,672 cells from human bone marrow cells first introduced by Stoecklus et al.9 with the 
experiment performed by Stuart et al.16.  The data can be obtained by installing the SeuratData R 
package (https://github.com/satijalab/seurat-data).    The cells include 17009 RNA features and 25 
ADT features.  We processed the CITE-Seq data following the Seurat Weighted Neighbor Analysis 
(WNN) vignette (https://satijalab.org/seurat/articles/weighted_nearest_neighbor_analysis), which 
included normalization, scaling and feature selection.  As a result, the 2000 most highly variable 
RNA-seq genes and all the 25 ADT features were used for iCluster and WNN analyses.       
 
To estimate the ideal number of factors to use for iCluster modeling, we performed PCA of the 
concatenated matrix of ADT and RNA-seq.  We found that the explained variances level off around 
the 10th PC (Figure 2A).  For iCluster modeling of single cell multi-omics data, we suggest selecting 
the PC after which the explained variance levels off. As an example, we selected 𝑘 = 20 as the 
number of latent factors for iCluster modeling. Actually, we found that the clustering results were 
generally consistent for a range of factors (e.g.,	𝑘 = 20 − 30).  Because features had already been 
selected, we utilized a small value for the lasso parameters (l=0.1) for both the RNA and ADT data.  
The model ran in only 17 seconds on the M4 Mac Studio mentioned earlier. 
 
We utilized the Louvain18 method (a graph-based clustering method implemented in the 
RphenoGraph function in R) to identify cell clusters in the latent factor space.  As a result, we 
identified 25 clusters ranging in size from 4736 to 29 cells.  These cell clusters are visualized on the 
2-dimensional UMAP of the latent factors (Figure 2C).  The annotated cell clusters are shown on 
Figure 3D.   The most abundant cells are CD4 naïve, CD14 mono, CD8 naïve, CD4 memory, CD14 
mono and naïve B cells (Figure 3D).  The ADT and RNA expression patterns are shown on Figure 
2E.  We can see that the iClusters 1 (CD4 naïve), 3 (CD8 naïve) and 4 (CD4 memory) are 
characterized by high expression of CD4, CD8a, CD4 and CD45RO, respectively (Figure 2E, top 
panel).  In addition, the three iClusters are also characterized by high expression of CD278-ICOS, 
CD27, CD127-IL7Ra, CD28 and CD3 (Figure 2E, top panel).    
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Figure 2. iCluster analysis of CITE-seq data. (A) The PCA variance plot of the CITE-seq data.  (B) Comparison of 
iCluster, WNN and MOFA2 in terms of normalized mutual information, adjusted rand index and average silhouette.  
(B) Cell clusters identified by iCluster. (D) Annotated cell clusters.  (E) Heatmaps of cell surface markers of the ADT 
data (top panel) and the top 500 genes of the scRNA-seq data (bottom panel). 
 
To identify the most important genes that drove the cell clustering, we ranked the RNA-seq genes 
by the sum of absolute values of the model parameters (bs) from the largest to the smallest.   
Figure 2E shows the top 500 genes of the RNA-seq data.  Immune related biological processes (gene 
ontology terms) are enriched in the top 500 RNA-seq genes, which include myeloid cell 
differentiation (46 genes), immune response-regulating cell surface receptor signaling pathway (35 

Pacific Symposium on Biocomputing 2027

729



 
 

 

 

genes), humoral immune response (34 genes), leukocyte proliferation (32 genes) and migration (32 
genes) (Figure 2E, bottom panel). 
 
To evaluate the performance of iCluster, WNN and MOFA2, we calculated three performance 
metrics for which higher values indicate better performance: normalized mutual information (NMI), 
adjusted rand index (ARI) and average silhouette (AS).  These three metrics were calculated by 
comparing the cell clusters identified by each method with the annotated cell types.  iCluster 
achieved the highest ARI and AS values, and the second-highest NMI value (Figure 2B).  Overall, 
iCluster demonstrated the best performance.   
 
3.3. Integrative clustering analysis of scRNA-seq and scATAC-seq data. 
 
Our third example is another common type of single cell experiment where scRNA-seq and 
scATAC-seq5 are applied to the same set of cells, in this case 11,909 PBMCs, and can be found at 
the 10x Genomics website. ATAC-seq is a technique that is used to measure chromosome 
accessibility.  ATAC-seq data are correlated within regions, with high regional counts implying 
open chromatin regions.  Integrating scRNA-seq and scATAC-seq should allow better 
identification of cell types. 
 
We used the Seurat package to process the scRNA-seq and ATAC-seq data, which included 
filtering out cells with low quality data, normalization and scaling of the sequence counts and 
feature selection.  Specifically, we filtered out cells with percent of RNA mapped to mitochondrial 
genes ≥ 20%, total ATAC-seq counts ≤ 5,000 or ≥ 70,000, and total RNA-seq counts ≤ 1,000 or 
≥ 25,000.  As a result, 10,412 cells remained for iCluster analysis.   We selected the 3000 most 
variable genes for the RNA-seq data and top 20% most variable regions for the ATAC-seq data.  
In addition, we merged neighboring ATAC regions into the same regions, which led to 15,441 
regions for iCluster analysis.   
 
To determine the number of factors used for iCluster modeling, we performed PCA of the 
concatenated matrix of RNA-seq and ATAC-seq.  We found that the variances level off around the 
10th PC (Figure 3A).  However, since the first PC was dominated by sequencing depth, Seurat only 
used the 2nd to the 50th PCs for the WNN integrative analysis (see Seurat WNN tutorial).  In order 
to have a fair comparison, we chose 𝑘 = 50 latent factors for iCluster modeling.  Then, we 
identified the cell clusters in the latent factor space using the Louvain method and visualized the 
cell clusters on a 2-dimensional UMAP of the latent factors.  We annotated the cells using 
Azimuth software (https://azimuth.hubmapconsortium.org/) with PBMC as the reference.  
 
We identified 20 cell clusters with sizes ranging from 2138 to 18 cells (Figure 3C).  The most 
abundant cell types are CD14 Mono, CD4 Naïve, CD4 TCM, CD8 Naïve and CD8 TEM (Figure 
3D).  HSPC, Plasmablast and pDC are among the least abundant cells and they are well separated 
from the other mature immune cells on the UMAP plot, which are expected (Figure 3D).   To 
identify the most important features that drove the cell clustering, we ranked the RNA-seq genes 
and ATAC-seq regions by the sum of absolute values of the model parameters (bs) from the 
largest to the smallest.  Figure 3E shows the top 750 genes of the RNA-seq data and 1544 regions 
of the ATAC-seq data.  The top biological processes (gene ontology terms) involved in the top 
750 RNA-seq genes are immune related, which include the immune response-activating cell 
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surface receptor signaling pathway (79 genes), lymphocyte differentiation (75 genes), regulation 
of immune effector process (64 genes), positive regulation of cell activation (63 genes), leukocyte 
cell-cell adhesion (62 genes) and positive regulation of response to biotic stimulus (57 genes).  A 
lot of genes falling in the top ATAC-seq regions are also involved in immune-related processes, 
which include myeloid cell differentiation (23 genes), response to radiation (22 genes) and viral 
process (17 genes); the others are involved in cellular signal pathways such as cellular response to 
peptide hormone stimulus, cellular response to oxidative stress (15 genes) and positive regulation 
of cell-cell adhesion (14 genes).   
 

 
Figure 3. iCluster of RNA-seq and ATAC-seq data. (A) The PCA variance plot of the combined RNA-seq and ATAC-
seq matrices.  (B) Comparison of iCluster, WNN and MOFA2 in terms of normalized mutual information, adjusted rand 
index and average silhouette.  (C) Cell clusters identified by iCluster.  (D) Annotated cell clusters.  (E) Heatmap of the 
top features in the RNA-seq data (top panel) and the ATAC-seq data (bottom panel).  
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Using the cell types predicted by Azimuth as the reference, we calculated the NMI, ARI and AS 
for the cell clusters identified by iCluster, WNN and MOFA2.   Compared to WNN and MOFA2, 
iCluster achieved the highest values for all the three metrics, indicating the best overall 
performance (Figure 3B).   
 
Discussion 

In this manuscript, we introduce a new workflow and parameter-tuning algorithm for the iCluster 
methods to integrate multi-omics generated from the same samples or cells. In the new approach, 
we first determine the optimal number of latent factors for iCluster modeling using principal 
component analysis of the concatenated data matrix. Then, we use a dynamic algorithm to search 
for optimal lasso penalty parameters during iCluster modeling. Next, we visualize sample or cell 
clusters on a two-dimensional UMAP embedding of the latent factor matrix. Finally, we determine 
cluster memberships utilizing either partition-based or graph-based clustering of the latent factors 
depending on the clustering structure observed in the UMAP embedding. 

This new approach overcomes a major limitation of the previous iCluster workflow, which 
requires an extensive grid search over different lasso penalty parameters and numbers of latent 
factors. As a result, the new approach substantially reduces the computational burden of the 
iCluster methods while maintaining their ability to integrate multi-omics data.  Using TCGA uveal 
melanoma and two single-cell multi-omics datasets, we demonstrate that the new approach can be 
used not only to identify cancer molecular subtypes but also to identify cell clusters in single-cell 
multi-omics datasets comprising tens of thousands of cells. These results demonstrate the broad 
applicability and computational efficiency of the proposed approach for both bulk and single-cell 
multi-omics data analyses. 

We compared the updated iCluster methods to the popular Seurat WNN method and the MOFA2 
method.  Overall, the updated iCluster methods demonstrated overall superior performance 
compared with the WNN and MOFA2 methods across three evaluation metrics: NMI, ARI, and 
AS score.  In addition, because the iCluster methods are model-based, the model parameters can 
be used to rank multi-omics features to identify the most important features that drive the cell 
clustering.  This feature-selection capability is an important advantage of model-based methods.  
In contrast, the WNN method does not provide a direct approach for identifying and ranking 
multi-omics features that contribute most to cell clustering in single-cell multi-omics data analysis.   

One limitation of our study is that we compared the iCluster methods only with the WNN and 
MOFA2 methods. Several other methods have been developed for integrative analysis of multi-
omics data and could also be considered for comparison. In future work, we plan to conduct more 
extensive comparisons with additional methods. 

In summary, we developed a new computationally efficient approach for the iCluster methods that 
substantially improves their applicability to both bulk and single-cell multi-omics data. We believe 
that this approach will be a useful computational tool for multi-omics data analysis in biological 
research. 
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Measuring multiple genomic profiles (i.e., modalities) over time enhances our under-
standing of cell development. However, these modalities are not equally analyzable. Sparse
and poorly separated measurements, such as chromatin accessibility, are difficult to inter-
pret on their own, and the limited availability of temporal single-cell co-assay data leaves
such modalities without the cross-modal cell correspondence needed to borrow structure
from richer ones. As a result, critical developmental analyses and cross-modal comparisons
remain underperformed for these weak modalities. Additionally, existing methods cannot in-
tegrate separately sequenced measurements while preserving cellular dynamics. We present
scMultiNODE, an integration model that combines gene expression and chromatin acces-
sibility measurements from multiple discrete timepoints for single cells, without relying
on any prior cell-to-cell correspondence across modalities or time. scMultiNODE employs
a scalable Quantized Gromov-Wasserstein optimal transport method to align cells across
measurements, and neural ordinary differential equations with a dynamic regularization
term to model cell development in a shared latent space, capturing cellular dynamics while
preserving cell-type variations. Experiments across four developmental single-cell datasets
demonstrate that scMultiNODE integrates separately sequenced measurements over time
more effectively than existing methods that overlook cellular dynamics. Crucially, by an-
choring chromatin accessibility to the shared dynamical latent space, scMultiNODE recovers
developmental trajectories and cell annotations from scATAC-seq that this modality can-
not support in isolation. The resulting joint latent space further supports important multi-
modal downstream analyses, including complex trajectory investigation and cross-modal
label transfer for cell annotation. The data, code, and supplementary notes are publicly
available at https://github.com/rsinghlab/scMultiNODE.
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1. Introduction

Biological systems are inherently dynamic, constantly changing and adapting over time, and
function at different scales, like organisms, cells, and molecules. Analyzing dynamic processes
at the cell level reveals how cells grow, divide, and differentiate into various cell types.1,2

Understanding these cellular dynamics enhances our understanding of cell development and
disease progression. Advances in single-cell measurements taken over time support this study
by capturing high-resolution genomic snapshots of different cell states. Recent research in-
creasingly involves temporally profiling multiple developmental single-cell measurements (or
modalities), uncovering heterogeneity within the same tissue type and cellular dynamics across
developmental stages.3,4 For instance, Fleck et al.5 collected gene expression and chromatin
accessibility profiles across a developmental time course of brain organoids, capturing key
processes such as neurogenesis. These modalities, however, are not equally informative. They
differ not only in the biological signal they capture but in how readily that signal can be
analyzed, and this asymmetry shapes what can be learned from each alone. In this paper,
we present a deep learning model that integrates gene expression and chromatin accessibil-
ity modalities across discrete single-cell timepoints, enabling the characterization of cellular
dynamics.

While existing studies6–9 have provided valuable insights on modeling cellular development
using either gene expression or chromatin accessibility, each modality offers only a partial
and unevenly reliable view. Gene expression provides detailed transcriptional readouts but is
affected by dropouts and mRNA degradation,10 whereas chromatin accessibility reports reg-
ulatory potential yet is sparse, high-dimensional, and of low specificity, leaving it difficult to
interpret in isolation and typically lacking cell-type annotations.11 This reflects not just a dif-
ference in content, but in analyzability. Core developmental analyses, such as reconstructing
trajectories, ordering cells in pseudotime, and assigning cell identities, are unreliable or alto-
gether infeasible when performed on a sparse, weakly separated modality such as chromatin
accessibility on its own, because its cells do not cleanly resolve into the groups and paths these
analyses depend on. Integration is usually motivated by completeness, such that combining
complementary modalities yields a fuller description of a biological system.12,13 We empha-
size a second, less appreciated consequence. Because the modalities share underlying biology,
integration offers the opportunity to transfer the analytical strength of a richer modality to
a weaker one, anchoring the poorly resolved modality within a shared representation so that
analyses it cannot support alone become possible. Realizing this opportunity, rather than
merely fusing modalities, is a central aim of our work.

In practice, however, the structure of the data works against this. Single-cell sequencing
is inherently destructive, so each modality is typically measured in different cell populations,
yielding datasets that are “unaligned”, where no cell-to-cell correspondence exists between
modalities. Co-assay technologies that profile multiple modalities within the same cells (e.g.,
gene expression and chromatin accessibility)14,15 do provide such correspondence, but they
remain resource-intensive and are often limited by low sequencing depth,16,17 which restricts
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Fig. 1. Model overview. (A) We integrate multi-timepoint scRNA-seq (gene expression) and
scATAC-seq (chromatin accessibility) data without prior cell-to-cell correspondences across modali-
ties or timepoints. (B) Single-modal analysis on the weaker modality limits accurate cell-state iden-
tification. (C) Existing integration methods (e.g., SCOTv218) improve the weaker modality by lever-
aging the stronger one, but often fail to capture continuous cellular dynamics, yielding trajectories
(solid arrows) that break continuity, contradict reference lineages, or connect unrelated cell groups.
In contrast, our scMultiNODE explicitly models smooth and continuous dynamics, improving tempo-
ral analysis. (D) scMultiNODE aligns multi-modal datasets using QGW optimal transport to infer
cross-modal cell correspondences while preserving cell-type structure, and models continuous cell
dynamics with neural ODEs.

their scalability across developmental timepoints and complex tissues. The unaligned setting
sharpens the asymmetry described above. Without measured correspondence, there is no
direct bridge along which a weak modality can borrow structure from a strong one, and
the weak modality frequently lacks annotations altogether or carries only sparse, biased ones
that are difficult to use. Consequently, most temporally resolved multi-modal datasets remain
unaligned across modalities and time, so the analyses a weak modality would benefit from
most, like trajectory inference and cross-modal comparison, are the hardest to perform on it.

Currently, there are no computational methods that can jointly integrate unaligned multi-
modal temporal datasets and explicitly model cellular dynamics over time. Existing ap-
proaches, primarily applied to static snapshot datasets, either align different modalities by
identifying correlated patterns or common biological signals across modalities19,20 or adopt
alignment techniques that better capture intricate cross-modality structures.18,21–23 They
achieve flexible integration, particularly by aligning cell types across modalities, but treat
integration as a symmetric fusion aimed at completeness and do not model how cells evolve
over time. Although the recent scTIE model24 combines multiple timepoints from temporal
data into a shared space for gene regulation analysis, it is not applicable to unaligned datasets
and does not explicitly model cellular development. As a result, the integrated latent spaces
of existing methods do not naturally encode cellular dynamics,25 limiting their ability to re-
solve temporally dependent transitions and branching developmental trajectories. Fig. 1B and
Sec. 4.2 show state-of-the-art integration methods (e.g., SCOTv218) learning an alignment of
developmental multi-modal single-cell data but yielding trajectories that break continuity,
contradict reference lineages, or connect unrelated cell groups, which has a direct and over-
looked cost for weak modalities. A method that cannot represent developmental structure at
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all cannot transfer that structure to a poorly resolved modality, so even where static labels
can be shared, dynamic analyses on the weak modality remain out of reach. Closing this gap
requires a method that integrates unaligned temporal multi-modal data, explicitly models
cellular dynamics, and thereby carries developmental structure to the modality that cannot
recover it alone.

We propose single-cell Multi-modal Neural Ordinary Differential Equation (scMultiNODE),
which integrates gene expression (scRNA-seq) and chromatin accessibility (scATAC-seq)
profiles while explicitly modeling cellular dynamics over multiple timepoints (Fig. 1).
scMultiNODE is a novel model that does not require prior cell-to-cell correspondence infor-
mation across modalities or timepoints, as opposed to other multi-modal dynamic model-
ing approaches. Specifically, scMultiNODE aligns cells across modalities and timepoints using
Quantized Gromov-Wasserstein (QGW) optimal transport,26 which identifies biologically sim-
ilar cells and scales to large-scale datasets. Guided by this alignment, scMultiNODE constructs
a joint latent space and explicitly learns smooth developmental trajectories using a single
shared neural ordinary differential equation (ODE). Critically, because both modalities are
governed by the same learned dynamics in this joint space, a sparse and weakly separated
modality such as chromatin accessibility is placed onto the developmental flow inferred from
the cleaner modality, rather than being modeled in isolation. As a result, scMultiNODE is the
novel method to preserve both local cell relationships (e.g., cell type distinctions) and global
cellular dynamics (e.g., complex developmental trajectories) across multiple modalities during
integration (Fig. 1D), a capability not achieved by previous multi-modal integration methods.

We evaluate scMultiNODE on four developmental single-cell datasets, comprising two co-
assay datasets and two unaligned datasets, using scRNA-seq and scATAC-seq assays mea-
sured at multiple timepoints across different species and tissues. Our analyses demonstrate
that scMultiNODE integrates gene expression and chromatin accessibility measurements well
in both unaligned and co-assay datasets. Moreover, scMultiNODE significantly outperforms
baseline integrative models in capturing cellular dynamics while retaining cell-type variation.
Beyond achieving high-quality integration, we demonstrate that scMultiNODE performs correc-
tive integration. By leveraging complementary transcriptomic information, scMultiNODE re-
covers coherent developmental trajectories from scATAC-seq, a modality whose sparsity
and weak cell-type separability often obscure trajectory structure when analyzed alone.
scMultiNODE also identifies development-related, ATAC-specific genes and transfers annota-
tions from RNA to unlabeled ATAC cells. Together, these results show that scMultiNODE pro-
duces an interpretable joint latent space that captures complex cell trajectories, supports
the reconstruction of cell transition paths, and facilitates the discovery of development-
related genes, which are key elements for studying cell differentiation. We envision that
scMultiNODE will be critical to integrative analyses of multi-modal temporal single-cell
datasets, especially those with unaligned measurements.

2. Methods

scMultiNODE aligns scRNA-seq (gene expression) and scATAC-seq (chromatin accessibility)
datasets measured across time. We denote X(t) ∈ Rmt×p as the gene expression of mt cells
and p genes at timepoint t and Y(t) ∈ Rnt×q as the chromatin accessibility of nt cells and q
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chromatin regions at timepoint t. Vectors are denoted in bold lowercase letters, and matri-
ces are in bold capital letters. Given gene expression and chromatin accessibility matrices at
observed timepoints TRNA, TATAC ⊆ {0, 1, 2, · · · }, we aim to learn a unified low-dimensional rep-
resentation that brings together multiple modalities, reflects cell type variations, and preserves
dynamic cellular progression for downstream developmental analysis. We assume consistent
feature sets across timepoints: the same genes for scRNA-seq and the same chromatin regions
for scATAC-seq. While no prior cell-to-cell correspondence is needed, we assume the datasets
share common biological signals, such as overlapping cell types and similar developmental
trajectories, making joint integration both meaningful and feasible. scMultiNODE infers the
necessary correspondence during learning and learns a single d-dimensional latent represen-
tation (d ≪ min{p, q}) that we require to: (1) place biologically similar cells from the two
modalities close together, so that local cell-type structure is shared rather than confined to
one modality, and (2) arrange cells so that their representations reflect continuous global
progression over time.

2.1. Scalable integration while preserving local cell relationships

In this multi-modal integration problem, the important step is to align two single-cell modal-
ities measured separately and representing distinct feature spaces. To achieve this, we use
Gromov-Wasserstein (GW) optimal transport27 to align cells across modalities in an unsuper-
vised manner.

GW optimal transport aims to move data points from one feature space to another while
preserving the original local geometry captured by intra-modality distances. The central con-
cept of GW is to find the best data correspondence matrix T that denotes the alignment
between each data point across two data modalities, through minimizing the transport cost
(i.e., the GW distance) as

GW(XALL,YALL) = min
T∈Π(νX ,νY )

∑
i,i′,j,j′

∥ DRNA
ii′ −DATAC

jj′ ∥2 TijTi′j′ . (1)

Here, XALL = CONCAT(X(t)|t ∈ TRNA) and YALL = CONCAT(Y(t)|t ∈ TATAC) are concate-
nations of gene expression and chromatin accessibility of all cells across available timepoints.
νX and νY are empirical distributions of XALL and YALL, respectively. DRNA and DATAC are
intra-modality distance matrices. Due to high dimensionality and sparsity of single-cell data,
scMultiNODE employs an autoencoder (AE)28 to map each modality to its latent variable Z

and construct intra-modality distance matrices in the latent space with k-nearest neighbor
(kNN) distance:

DRNA = kNN(ZRNA) and DATAC = kNN(ZATAC) where

ZRNA = EncX(XALL, ϕX), X̂ALL = DecX(ZRNA, θX);

ZATAC = EncY(YALL, ϕY), ŶALL = DecY(ZATAC, θY),

(2)

with encoder Enc(·, ϕ) and decoder Dec(·, θ) for each modality.
In the cell correspondence matrix T, the element Tij indicates the alignment probability

of RNA cell i and ATAC cell j. The GW loss function measures how intra-modality cell-pair
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distances in one dataset compare with those in the other dataset. So, the GW distance does
not directly compare data points across different feature spaces, but instead finds a cross-space
sample that best preserves intra-modality structure. This ensures that the transport plan T

can preserve local geometry, like cell clusters and cell-cell neighboring relationships, in one
modality and correspond to similar local structures in the other when we align two single-cell
modalities. We binarize the predicted T such that for a RNA cell i, Tij = 1 if ATAC cell j has
the highest alignment probability with i; otherwise Tij = 0. Notice that scMultiNODE does not
require cell correspondence information as a prior and predicts it in an unsupervised mannera.

While previous unsupervised integration methods have successfully aligned single cells
using GW optimal transport,27 the exact computation of the GW distance (Eq. 1) is NP-
hard and incurs high computational costs for large-scale single-cell datasets. Therefore,
scMultiNODE employs Quantized Gromov-Wasserstein (QGW),26 a divide-and-conquer strat-
egy (Supp. Sec. S1) that recursively partitions and aligns feature-space blocks, enabling effi-
cient computation and scalability to large datasets (evaluated in Supp. Sec. S10).

With the help of the inferred cell correspondence T, scMultiNODE can now integrate gene
expression and chromatin accessibility measurements into a joint latent space. Specifically,
scMultiNODE uses a neural network Fus(·, ω) : Rd 7→ Rd parameterized by ω, named the fusion
layer, to map modality-specific cell latent variables of each modality to the d-dimensional joint
latent space through

Z̃ = Fus(Z, ω) with Z ∈ {ZRNA,ZATAC}. (3)

We hypothesize that if cells i and j from different modalities are biologically similar, they
should be aligned in the joint latent space and their latent representations z̃i and z̃j should
be close to each other. To this end, scMultiNODE aligns modalities in the joint latent space
by minimizing the loss function

Lfusion = α
∑
i,j

1 (Tij ̸= 0) ∥ z̃i − z̃j ∥22 +MSE
(
XALL, X̂ALL

)
+MSE

(
YALL, ŶALL

)
(4)

with the indication function 1(·). Latent variables z̃i = Fus(zi, ω) and z̃j = Fus(zj , ω) for RNA
cell i and ATAC cell j (from Eq. 3), and

X̂ALL = DecX(Z̃RNA, θX) with Z̃RNA = {z̃i | ∀ RNA cells i},

ŶALL = DecY(Z̃ATAC, θY) with Z̃ATAC = {z̃j | ∀ ATAC cells j}.
(5)

Therefore, during fusion layer training, we minimize the distance between the latent repre-
sentations of cell pairs matched by the GW optimal transport alignment (i.e., 1 (Tij ̸= 0)),
weighted by the hyperparameter α. Since the decoders operate on the joint latent space, we
also include the MSE reconstruction loss in the fusion objective (Eq. 4) to update the model.

2.2. Incorporating global cellular dynamics with neural ODE

scMultiNODE uses QGW to capture local cell relationships in the joint latent space. However,
the joint space for now does not account for global cellular dynamics, such as developmental

aIf cell correspondence is known (even partially) ahead, we can encode such information into T and
skip the alignment procedure. Our experiments assume no cell correspondence is given.
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trajectories or lineage bifurcations. All the previous integration methods have this limitation,
hence, their latent representations poorly define natural cell paths across timepoints and hinder
downstream analysis.

To address the problem, scMultiNODE uses neural ODEs29 to explicitly model cell de-
velopmental dynamics in the joint latent space. Neural ODEs parameterize the temporal
evolution of latent cell states by learning a neural network–based derivative function. While
existing flow-based frameworks9,30 have used neural ODEs (with respect to time) to construct
continuous-time trajectories and model single-cell development from gene expression data,
scMultiNODE extends them to model the aligned representations of multi-modal datasets. It
quantifies changes of cell latent representation Z̃(t) in the joint latent space at time t through
a neural ODE: dZ̃(t) = Drift

(
Z̃(t), µ

)
dt. Here, Drift(Z̃(t), µ) is a single non-linear neural net-

work parameterized by µ and shared across both modalities, modeling the instantaneous rate
of change of any cell’s latent state in the joint space. scMultiNODE calculates the initial con-
dition Z̃(0) of cells at the first time t = 0, defined as the earliest observed timepoint for both
modalities. scMultiNODE then predicts the subsequent cell states step-wise at any timepoint
t through (assume RNA modality has the first timepoint as 0 ∈ TRNA)

Z̃(t+∆t) = Z̃(t) +Drift
(
Z̃(t), µ

)
∆t with

Z̃(0) = Fus
(
Z
(0)
RNA, ω

)
and Z

(0)
RNA = EncX

(
X(0), ϕX

)
,

(6)

Here, hyperparameter ∆t denotes step size. We use the first-order Euler method (in Eq. 6) for
convenience of explanation and one can specify any ODE solver in our implementations.

To fit the continuous trajectory (controlled by Drift neural network) to the observations,
scMultiNODE minimizes the difference between the input and the reconstructed data. Specif-
ically, at each measured timepoint t ∈ TRNA or t ∈ TATAC, scMultiNODE uses the decoder
DecX/DecY to convert latent variables Z̃(t) generated from Eq. 6 back to the high-dimensional
feature space. Because we have no correspondence between true cells and cells generated from
the ODE model, scMultiNODE utilizes the 2-Wasserstein metric31 to measure the distance
between distributions defined by ground truth X and predictions X̂ as

W2(X, X̂) = ( min
Γ∼Π(X,X̂)

∑
i,j

D2
ijΓij)

1/2 with Dij = ∥Xi − X̂j∥2. (7)

Wasserstein distance measures the distribution distance in the same metric space, different
from the GW version that is applied for aligning different metric spaces. Here, Π(X, X̂) denotes
the set of all transport plans between each cell of X and X̂ and Dij represents the ℓ2 distance,
such that the Wasserstein metric adopts the minimal-cost transport plan Γ to measure the
data dissimilarity. scMultiNODE utilizes Wasserstein distance as the reconstruction loss when
training the neural ODE.

Furthermore, to incorporate the cellular dynamics of neural ODE, scMultiNODE uses a
dynamic regularization term to update the joint latent space with global developmental dy-
namics. The dynamic regularization is proposed in our previous work9 for modeling temporal
scRNA-seq data, which incorporates cellular dynamics into the latent space to make it more
robust to distribution shifts in the measurements across time. Here, we extend dynamic reg-
ularization in the multi-modal integration setting. Specifically, the dynamic regularization
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minimizes the difference between the joint latent representations generated by the fusion layer
(i.e., Fus (EncX(X, ϕX)) or Fus (EncY(Y, ϕY))) and the dynamics learned by the ODE (i.e.,
Z̃). Because we have no correspondence between them, scMultiNODE again uses Wasserstein
distance to evaluate their difference at each timepoint and defines the dynamic regularization:

R =
∑

t∈TRNA

W2

(
Z̃
(t)
fus, Z̃(t)

)
+

∑
t∈TATAC

W2

(
Z̃
(t)
fus, Z̃(t)

)

with

{
Z̃
(t)
fus = Fus

(
EncX(X(t), ϕX), ω

)
for t ∈ TRNA

Z̃
(t)
fus = Fus

(
EncY(Y(t), ϕY), ω

)
for t ∈ TATAC

,

and Z̃(t) comes from neural ODE (Eq. 6)

(8)

This term folds the learned dynamics back into the shared representation. Because the con-
straint applies identically to both modalities, a cell whose own features weakly determine its
latent position is nonetheless drawn toward the shared, global developmental flow.

With these, scMultiNODE jointly optimizes all components by minimizing the regularized
loss function

Ldyn =
∑

t∈TRNA

W2(X
(t), X̂(t)) +

∑
t∈TATAC

W2(Y
(t), Ŷ(t)) + βR. (9)

By embedding cellular dynamics, scMultiNODE improves upon previous integration models.
This enables more effective data fitting and yields a joint latent space that is more robust and
interpretable by capturing both global cellular dynamics and local cell relationships. Pseudo-
code for scMultiNODE is provided in Supp. Algorithm S1.

3. Experiment Setup

Datasets. We use four developmental single-cell datasets with scRNA-seq and scATAC-seq
measured at multiple timepoints and thousands to tens of thousands of cells (Supp. Table
S1): two co-assay datasets — human cortex (HC)12 and human organoid (HO);5 two unaligned
datasets — drosophila embryogenesis (DR),13 and mouse neocortex (MN).32 For each modality,
we keep the top 2,000 most variable features and use batch-corrected data (Supp. Sec. S3).
Baselines. We compare scMultiNODE with six state-of-the-art unsupervised single-cell in-
tegration methods that are capable of aligning different single-cell measurements (details in
Supp. Sec. S4): Seurat,19 UnionCom,33 uniPort,23 Pamona, SCOTv1,22 and SCOTv2.18

Evaluation metrics. We evaluate each model’s integrated latent representations from mul-
tiple perspectives (details in Supp. Sec. S5): modality integration, cell type preservation, cell
label transfer, and cellular dynamics. Modality integration is assessed using batch entropy,23

fraction of samples closer than the true match (FOSCTTM),22 neighborhood overlap,33 and
Spearman correlation coefficient (SCC). Cell type preservation is quantified by normalized mu-
tual information (NMI)34 between Louvain clustering35 labels in the integrated latent space and
ground truth cell type. Cell label transfer is evaluated by kNN-based label transfer accuracy
using cell type labels (LTA-type).18,23,33 To assess cellular dynamics, we compute label trans-
fer accuracy using timepoint labels (LTA-time) and the distance correlation between latent
representations and timepoint labels (time correlation).
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Implementation. scMultiNODE is trained sequentially. Modality-specific AEs are pretrained,
followed by QGW cell correspondence and fusion-layer optimization (Eq. 4), and then neural
ODE training (Eq. 9) to learn cellular dynamics. The full procedure is detailed in Supp.
Sec. S2. For fair comparison, all methods are tuned with Optuna36 using broad search ranges
(Supp. Sec. S6) and identical evaluation criteria, without using labels during training. All
methods use a joint latent dimension of 50 and are trained to convergence. Ablation studies
and hyperparameter guidance for scMultiNODE are provided in Supp. Sec. S9.

4. Experiment Results

4.1. scMultiNODE integrates modalities without sacrificing temporal or
rare-population structure

Static integration discards temporal structure while scMultiNODE preserves it. The
quality of the integrated latent space is first assessed using 2D Uniform Manifold Approxima-
tion and Projection (UMAP)37 and Principal Component Analysis (PCA) projections (Supp.
Fig. S1-S4). The visualizations show that scMultiNODE effectively aligns the two modalities
across all timepoints while preserving cellular dynamics. In contrast, baseline methods ei-
ther fail to achieve effective cross-modal alignment over time (e.g., Pamona and UnionCom) or
neglect temporal structure (e.g., SCOTv2), resulting in latent spaces dominated by cell type
signals. Across all datasets, scMultiNODE consistently preserves both cell type variation and
temporal cellular dynamics during integration.

Regarding the batch entropy score, scMultiNODE consistently outperforms the baselines
across all datasets (Fig. 2A and E). Furthermore, scMultiNODE achieves the highest time

correlation across all datasets (Fig. 2C and G), demonstrating that it aligns the two modal-
ities well while preserving the underlying dynamics.

Then, we validate whether the integration preserves distinct cell type separations (Fig.
2B and F). scMultiNODE achieves cell-type clustering performance comparable to existing
baselines across most datasets. For instance, scMultiNODE attains NMI=0.41 on HO dataset
(baseline median NMI=0.405) and NMI=0.32 on MN dataset (baseline median NMI=0.30). Plot-
ting LTA-type against LTA-time (Fig. 2D and H) demonstrates that scMultiNODE uniquely
occupies the upper region of both axes, achieving the highest LTA-time at a comparable
LTA-type level. In contrast, baseline methods fail to simultaneously preserve temporal and
cell-type heterogeneity. These results suggest that scMultiNODE sacrifices minimal static cell-
type separation to recover developmental trajectories that are overlooked by static integration
methods. While incorporating cell-type supervision may improve clustering metrics, we find
that it compromises modality alignment and temporal continuity (Supp. Sec. S8), likely due to
rigid class constraints or noisy annotations that distort the latent space. Therefore, we adopt
an unsupervised integration strategy throughout our experiments to better capture continuous
cellular transitions. A complete list of metric values is provided in the Supplementary Note.

Single-modal dynamics are asymmetric across modalities while scMultiNODE over-
come it. To assess the benefit of jointly modeling RNA and ATAC with scMultiNODE ,
we compared it against scNODE,9 a single-modal dynamics model trained separately on
RNA (scNODE (RNA)) and ATAC (scNODE (ATAC)) across all datasets (Fig. 3A-B). No-
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Fig. 2. Integration evaluation on all datasets. (A and E) Batch entropy as an example of modality
integration performance. (B and F) Cell type NMI score. (C and G) Time correlation evaluates
integrations on capturing cell dynamics. (D and H) Label transfer accuracy (LTA) across modalities.
We plot the LTA-type/LTA-time scores on the X/Y axes for all the methods, respectively. Mean
performance across five independent random seeds.

tably, scNODE performance is highly asymmetric, with scNODE (ATAC) substantially under-
performing scNODE (RNA), reflecting the sparser, noisier signal in ATAC data. In contrast,
scMultiNODE largely closes this gap, significantly outperforming scNODE (ATAC) in time

correlation while achieving the comparable or even better time correlation than scNODE

(RNA). A similar pattern holds for NMI, where scMultiNODE outperforms scNODE (ATAC) on
three of four datasets, while remaining comparable to scNODE (RNA) on HO, the same trade-
off noted above. These results indicate that scMultiNODE ’s key advantage lies in leveraging
shared cross-modal structure to substantially improve dynamics and cell-type resolution for
the weaker modality, without compromising performance on the stronger RNA modality.
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Fig. 3. (A,B) We compare scMultiNODE with scNODE and AE trained on each modality separately
in terms of cell-type NMI and time correlation. (C, D) Silhouette score of rare cell populations in
the ATAC (C) and RNA (D) modalities, where scMultiNODE is compared against the best integration
baseline, scNODE, and AE. The fraction of rare cells is annotated above each panel (“Best Integ”:
best integration baseline model).

scMultiNODE rescues rare populations in the weak modality. Sparsity and low feature
specificity make rare populations hard to resolve in scATAC-seq, limiting downstream analysis.
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To evaluate rare-population separation, we first perform integration and then compute a one-
vs-rest silhouette score for the rare cell type (i.e., cell types with the fewest cells) in the learned
joint latent space for ATAC and RNA (Fig. 3C-D).

On the ATAC modality, methods that incorporate either multi-modal integration or cellu-
lar dynamics outperform the single-modal AE, indicating that each component independently
improves rare-population separation. The best integration baseline improves over the single-
modal AE on some datasets (e.g., 0.24 of best integration vs. 0.14 of AE on HC), but collapses
on others and fall below the AE (e.g., DR and MN), where the integration is dominated by
the stronger RNA modality at the expense of ATAC. Modeling cellular dynamics alone (i.e.,
scNODE) yields only modest gains (e.g., 0.54 vs. 0.51 on HO), suggesting that neither integra-
tion nor dynamics alone is sufficient to overcome the challenges of weak modalities. By jointly
modeling cross-modal correspondence and cellular dynamics, scMultiNODE achieves the high-
est silhouette score on all datasets. For example, scMultiNODE attains a silhouette score of 0.31
on HC, compared with 0.24 for the best integration baseline and 0.20 for scNODE (Fig. 3C).
The improvement is even more significant on unaligned MN data, where scMultiNODE achieves
0.33 while all other methods remain below 0.15. Notably, scMultiNODE is the only method
that avoids ATAC collapse on these datasets, highlighting the importance of jointly modeling
integration and dynamics for reliable rare-population separation in weak modalities.

Although scMultiNODE yields the largest improvements on the weaker ATAC modality, it
remains competitive on RNA (Fig. 3D). Relative to the matched single-modal RNA repre-
sentation, scMultiNODE retains or improves rare-population separability. It is only surpassed
by the dedicated integration baselines on RNA, but those same methods collapse on ATAC.
This reflects a expected trade-off that because RNA already provides strong cell-identity
signals, these baselines can achieve high RNA performance by effectively discarding ATAC,
whereas scMultiNODE learns a balanced representation that resolves rare populations across
both modalities. These results demonstrate that combining multi-modal integration with dy-
namic modeling enables scMultiNODE to more reliably resolve rare cell populations, particu-
larly in weaker modalities such as scATAC-seq.

Together, these results highlight scMultiNODE ’s advantages. It preserves cell-type struc-
ture, better captures temporal dynamics than static integration methods, narrows the
RNA–ATAC performance gap, and better resolves rare populations in the weaker modal-
ity. Ablation studies show robustness to latent-space size. scMultiNODE also accurately re-
constructs leave-one-timepoint-out cells, demonstrating predictive capability beyond cross-
modal integration (Supp. Sec. S16), while QGW captures coarse lineage structure and
scMultiNODE improves cross-modal alignment (Supp. Sec. S14). Despite these capabilities,
scMultiNODE remains computationally efficient and scalable (Supp. Sec. S9).

4.2. Joint dynamics recover multifurcating trajectories that weak modality
cannot support alone

We demonstrate that scMultiNODE learns an interpretable joint latent space that preserves
complex cellular developmental trajectories in multi-modal data. Previous methods typically
infer pseudotime from the integrated latent space to reconstruct cell lineages.19 However, be-
cause they rely on static latent representations without explicitly modeling cellular dynamics,
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they often struggle to capture complex cell trajectories.
We conduct the evaluation on the human cortex (HC) dataset, which contains complex de-

velopmental trajectories. Pseudotime is inferred from each latent space using Monocle338 and
evaluated by the Spearman correlation (ρ) with the ground-truth trajectory progression (Fig.
4A). We compare scMultiNODE with multi-modal integration baselines lacking dynamic mod-
eling, as well as single-modality AE and scNODE models trained separately on RNA/ATAC.
ATAC provides a particularly challenging test due to its sparsity and weak cell-type separation,
allowing us to assess whether integration improves trajectory recovery in a weak modality.

To test whether scMultiNODE ’s performance can be achieved with a simpler two-step
pipeline, we also evaluate scNODE (transfer). Here, scNODE is trained on one modality to
infer pseudotime, which is then transferred to the other modality via regression after alignment
with each integration baseline (Supp. Sec. S11). We evaluate both RNA-to-ATAC and ATAC-
to-RNA transfer, reporting the best result across all integration baselines.

Methods that model dynamics explicitly (scMultiNODE and scNODE(RNA)) preserve global
trajectory structure, whereas static integration baselines produce collapsed or misaligned
branches. For example, scMultiNODE reaches ρ = 0.84 on the EN lineage against 0.47 for
the best integration baseline. On the Oligodendrocyte lineage scMultiNODE has ρ = 0.55,
comparable to SCOTv1 (ρ = 0.60) and above all others (Fig. 4B).

The uplift on ATAC is the sharpest result. From ATAC alone, no baseline recovers
the branching structure. The static AE reaches ρ = 0.14 (Oligodendrocyte) and 0.52 (EN),
and scNODE(ATAC) fails on the Oligodendrocyte lineage. By contrast, scMultiNODE attains
ρ = 0.55 (Oligodendrocyte) and ρ = 0.84 (EN), recovering coherent trajectories from a modality
that does not support accurate inference on its own. The two-step pipeline is not sufficient.
scNODE (transfer) improves on static integration (ρ = 0.61 vs the best integration base-
line’s 0.47 on EN) by carrying learned dynamics across the alignment, but underperforms
scMultiNODE on every branch and falls below single-modal scNODE in several cases, because
errors in the intermediate alignment propagate into the transferred pseudotime. Dynamics
and integration must be learned jointly rather than composed. We additionally perform this
analysis using PAGA,39 a topology-based pseudotime inference method, and obtain similar
results, indicating that scMultiNODE integration preserves not only trajectory direction but
also complex topological structures (Supp. Fig. S7).

These results demonstrate that explicitly modeling global cellular dynamics and jointly in-
tegrating modalities are essential for accurate trajectory inference. Rather than simply adding
RNA information, scMultiNODE leverages its joint architecture to transfer developmental dy-
namics through a shared neural ODE, enabling weak modalities such as ATAC to recover
complex trajectories that cannot be resolved independently.

Least Action Path (LAP) analysis30 of the scMultiNODE integration recovered coherent
trajectories toward oligodendrocytes and glutamatergic neurons (Supp. Fig. S11), with tra-
jectory genes showing stronger temporal variation than random controls and including known
developmental regulators. Notably, the weak modality contributed signals not captured by the
strong modality, improving driver gene detection and highlighting complementary biological
information from multi-modal integration (Supp. Sec. S12).

Pacific Symposium on Biocomputing 2027

745



0.0 0.5 1.0

Static_AE-ATAC
Static_AE-RNA
scNODE-ATAC

scNODE-RNA
scNODE (transfer)

Seurat
uniPort

UnionCom
Pamona
SCOTv2
SCOTv1

scMultiNODE

0.52
0.87

0.79
0.85

0.61
0.31
< 0

0.18
0.23

0.41
0.47

0.84

en

0.0 0.5 1.0
Spearman Corr ( )

0.36
0.78

0.73
0.83

0.52
0.25
< 0

0.32
0.18
0.58

0.32
0.67

in-mge

0.0 0.5 1.0

0.33
0.79

0.67
0.78

0.48
0.24

< 0
0.29

0.19
0.55

0.37
0.60

in-cge

0.0 0.5 1.0

0.14
< 0
0.00

0.70
0.51

0.32
< 0

0.42
0.06

0.37
0.60

0.55

oligodendrocytes

B.
EN IN-mge IN-cge Oligodendrocyte

scMultiNODE
SCOTv1
SCOTv2
Pamona

UnionCom
uniPort
Seurat

scNODE (RNA)
scNODE (transfer)

scNODE (ATAC)
AE (RNA)

AE (ATAC)

Multi. Dyn.

Quantitative Comparison of Pseudotime InferenceMethodCell Pseudotime

RG

EN
fetal-early

EN
fetal-late

EN

IPC

IN fetal

IN-mge
IN-cge

OPC

Oligodendrocyte

Reference Lineage

Sp
ea

rm
an

 C
or

r.

A.

Spearman Correlation (↑)

Fig. 4. (A) Consistency between cell pseudotime and reference lineage on the HC dataset, with RG
branching into four lineages. (RG: Radial Glia, IPC: Intermediate Progenitor Cells, OPC: Oligoden-
drocyte Precursor Cells, EN: Excitatory Neurons, IN: Inhibitory Neurons) (B) Spearman correlation
(ρ) between ground-truth cell-state order and Monocle3 pseudotime. “Multi.”: multi-modal integra-
tion; “Dyn.”: models incorporating cell dynamics.

4.3. Label transfer makes unannotated chromatin data interpretable

Germ layers are foundational embryonic structures that give rise to diverse organs and cell
types, making their identification essential for understanding development.40 While scRNA-
seq provides strong transcriptional signals for annotation, scATAC-seq remains challenging
due to limited labels.11 This unaligned setting complicates existing approaches for modeling
biological processes across modalities. To address this challenge, we leverage the integration
learned by scMultiNODE to transfer germ layer annotations from RNA to ATAC, enabling
interpretation of the weakly annotated ATAC modality (Supp. Sec. S13).

We evaluated label transfer on the unaligned DR dataset, where germ layer labels were
available only for RNA. A random forest classifier trained on RNA embeddings accurately
predicted ATAC labels in scMultiNODE’s joint latent space, producing coherent germ layer
clusters consistent with developmental trajectories (Supp. Fig. S12). Marker gene analysis of
ATAC-derived gene activity confirmed clear germ layer separation (Supp. Fig. S13), whereas
baseline methods showed poor resolution. Gene Ontology (GO) enrichment further validated
biological relevance, revealing germ layer–specific functions (Supp. Fig. S14), such as nervous
system development in the ectoderm group.41 Overall, scMultiNODE preserves dynamics across
modalities and enables accurate cross-modal label transfer, improving the interpretability of
chromatin accessibility data.

5. Conclusion

scMultiNODE integrates temporally resolved, multi-modal single-cell datasets across unaligned
modalities and timepoints, reconstructing population-level trajectories from destructive mea-
surements rather than tracking individual cells longitudinally. Its deterministic neural ODE
may not capture stochastic or heterogeneous dynamics, population birth/death, or modality-
specific cell states, motivating future stochastic and population-aware extensions.

scMultiNODE complements RNA-velocity methods by modeling temporally sampled, po-
tentially unpaired modalities without requiring paired measurements or spliced/unspliced
RNA counts, enabling applications where kinetic measurements are unavailable.
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Absorption and Co-expression Modules Show Where Polygenic and Proteomic
Risk Scores Diverge in Neurodegenerative Diseases
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Polygenic and proteomic risk scores are both proposed for pre-symptomatic stratification,
yet the extent to which they provide overlapping or complementary information has not
been measured across neurodegenerative disease. To quantify this overlap, we define ab-
sorption as the fraction of a polygenic score’s predictive contribution accounted for by an
out-of-fold proteomic score and estimate it among 9,434 to 9,820 UK Biobank participants.
Absorption did not track h2, as Alzheimer’s with APOE, Alzheimer’s without APOE and
Parkinson’s carried matched SNP h2 of 0.068, 0.061 and 0.069 yet absorbed 0.73, 0.39 and
0.19, with amyotrophic lateral sclerosis at 0.22. Residual genetic signal remained in all
four, indicating that proteomic risk scores did not fully capture the predictive information
contained in polygenic risk scores. The proteins associated with a polygenic score and the
proteins a proteomic score selects overlap no more often than chance, converging only where
APOE dominates. Across 33 plasma co-expression modules built in 41,358 disease-free par-
ticipants, germline signal concentrates in modules rather than spreading, with the summary
component of seven modules associated with the score for Alzheimer’s with APOE and none
for Parkinson’s. The lysosomal module M32 has 89% of its members associated with the
score for Alzheimer’s with APOE, an association absent without APOE, yet none was used
by the proteomic score. Rebuilding the co-expression modules in All of Us gave an adjusted
Rand index of 0.582 against the 0.686 attainable within that cohort, and 29 of 33 modules
stayed together above a permutation null. We show that transfer is stable and that the
disjointness of the proteomic and genomic protein sets is not an artifact of how the sets
were defined.
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1. Introduction

Two stratification methods have been proposed and implemented for estimating patient risk
before disease onset. The first uses the germline, static genome, summarized as a polygenic
risk score (PRS). The second uses proteomic readings in plasma and sometimes cerebrospinal
fluid (CSF), which represents the patient’s state of health and physiology more dynamically
and is now assayable at scale by affinity platforms.1,2 With multi-modality data becoming
increasingly available, clarifying how much one modality substitutes for the other becomes
essential for determining whether PRS and ProRS provide redundant or complementary pre-
dictive information, and whether both are needed for risk stratification.

Recent work by Woerner et al. showed that proteomic risk scores (ProRS) trained on
prevalent samples often surpassed PRS in predictive performance on incident cases while
retaining complementary information, but also observed that when used in conjunction, the
fraction of PRS’s contribution after conditioning on ProRS scaled with heritability of the
predicted trait.3 However, Woerner et al. did not specifically analyze, on a protein or pathway
resolution, how the two scores overlap or substitute for each other, nor did they individually
categorize neurodegenerative diseases such as Alzheimer’s Disease (AD), Parkinson’s disease
(PD), amyotrophic lateral sclerosis (ALS), and frontotemporal dementia (FTD).

Previous studies have shown that APOE ε4 carriage leaves a reproducible imprint on the
circulating proteome.4–6 This presents evidence that plasma protein levels, from which the
ProRS is built, are associated with genomic variants, so individual proteins may also associate
with a PRS, which aggregates the effects of many loci. Therefore, we ask the question for each
of AD, PD, ALS and FTD: to what extent can ProRS can account for proportion of genetic
risk explained by the PRS signal, and does this correspond to the same individual proteins
being prioritized by each score?

Proteomic and polygenic stratification may converge on the same biological processes with-
out involving the same individual proteins. For example, genetically associated and disease-
predictive proteins may occupy different roles within one pathway, and many individually weak
associations may become detectable only when treated as a coordinated system. Co-expression
modules provide such a higher-order representation by capturing biologically coherent pro-
cesses, and protein modules recover reproducible biology across cohorts and tissues.7–10 Prior
serum work further showed that modules associated with incident disease and mortality are
under cis- and trans-genetic regulation.11 We therefore ask whether the predictive redundancy
observed between PRS and ProRS reflects sparse associations across the plasma proteome or
concentration within a limited number of co-expression modules, and whether the two scores
converge at the module-level despite limited overlap among individual proteins.

We address these questions in UK Biobank, using 2,920 Olink analytes, polygenic scores
built exclusively from non-UK-Biobank discovery GWAS, and up to 41,358 participants with-
out a recorded diagnosis for the proteome-wide work. Our module-level analysis replicated
modestly in 9,211 disease-free participants of All of Us, assayed on a later Olink panel. Our
contributions are fourfold. We quantify the extent to which proteomic risk captures the pre-
dictive contribution of polygenic risk as an effect size with a bootstrap interval, and find it
substantial for AD, partial in every disease examined. We then show that the proteins ProRS
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selects and the ones associated with polygenic risk are largely different populations, overlap-
ping no more often than chance except for AD with APOE. We then analyzed 33 data-derived
co-expression modules and observed the two sets’ modular separation as well as patterns
of their respective enrichment. Finally, we ask whether those module definitions are stable
across cohort transfer by rebuilding them in All of Us and measuring their agreement with
UK Biobank, which identifies which modules are reproducible across cohorts, for use in later
studies relating germline or proteomic risk to the plasma proteome.

2. Methods

2.1. Cohorts, phenotyping and quality control

Discovery analyses used UK Biobank,12,13 restricted to participants of European genetic an-
cestry with Olink Explore 3072 proteomics at the baseline instance.1 Cases were defined from
linked hospital and death records by ICD-10 code (AD G30, PD G20, ALS G12.2, FTD G31.0)
and classified as prevalent or incident relative to venepuncture. Three distinct analysis pop-
ulations are used. The nested logistic models use the complete-case intersection of proteome,
genotype and covariates with a downsampled control pool, giving 9,434–9,820 participants
per disease. The association analyses use every participant with genotype data but without
a recorded diagnosis at venepuncture, including the incident diagnoses, giving 38,602–39,807
per disease. Modules are built once in the 41,358 participants with proteomic data and no
recorded AD diagnosis. These participants were not screened for PD, ALS or FTD, so about
700 of them may carry one of those diagnoses. Covariates throughout were age, age squared,
sex and the first ten genotype principal components. Olink NPX values were used as released
by UK Biobank, with no additional plate or processing-batch adjustment, because plate and
batch identifiers were not available in our data extract.

Modules and absorption were assessed in an external cohort. All of Us contributed 9,969
participants with Olink Explore HT plasma proteomics.14,15 Of the 2,920 UK Biobank module
proteins, 2,819 were present on Explore HT by gene symbol and survived QC. Proteins missing
in more than 20% of participants and participants missing more than 20% of proteins were
dropped, and the remainder were standardized and mean-imputed, whereas the UK Biobank
matrix was k-nearest-neighbour imputed.

2.2. Polygenic risk scores

To preclude sample-overlap inflation, discovery summary statistics were taken exclusively from
non-UK-Biobank GWAS (Table 1).16–19 Posterior effect sizes were obtained with PRS-CS
under the continuous-shrinkage prior against the 1000 Genomes European LD reference,20

and scores computed with PLINK.21 Two AD scores were constructed, one genome-wide and
one excluding chr19:44.4–46.5Mb (GRCh37),22 with the exclusion applied to the summary
statistics before shrinkage so that the resulting posterior is APOE -free by construction. SNP
heritability on the liability scale was estimated by LD score regression.23
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2.3. Proteomic risk scores

ProRS3 were fitted by LASSO logistic regression with glmnet,24 with proteins penalized and
covariates forced in unpenalized, and λ selected by inner cross-validation. A repeated stratified
five-fold design was used in which all prevalent cases enter every training fold while incident
cases and a downsized control sample are scored strictly out of fold; the entire procedure was
repeated three times with distinct seeds, giving fifteen selection opportunities per protein.
In each repetition, controls were randomly downsampled to 10,000 of the roughly 41,000 to
43,000 available, and these controls together with all incident cases were divided into five case-
control-stratified folds, with prevalent cases added to every training set. This gave roughly 13
to 38 controls per case in training depending on disease, and the ratio was not varied. Because
the ProRS is never exposed to the genetic score, one cached ProRS per disease is compared
against every genetic score. A protein counts as ProRS-selected when it is selected in at least
7 of the 15 folds. As a sensitivity analysis on this threshold itself, the cut was swept from 1
to 15 folds; the observed-to-expected overlap between the PRS-associated and ProRS-selected
sets for AD with APOE rose across the entire range, from parity at t = 1 to 5.7-fold at t = 15,
crossing nominal significance (p < 0.05) at t = 3 and remaining significant through t = 15, while
none of the other three scores reached nominal significance at any threshold (Supplementary
Fig. S1). The reported separation is therefore not because of the selected 7-of-15 cut. As a
sensitivity analysis, every ProRS was refitted by elastic net at α = 0.5 with the penalty being
the only difference.

2.4. Proteomic absorption of polygenic predictive signal

For each disease we fitted four nested logistic models on an identical complete-case set, these
being covariates alone, covariates plus PRS, covariates plus ProRS, and both.3 Using ∆R2

increment,25 absorption is

A = 1− ∆R2(PRS | cov + ProRS)

∆R2(PRS | cov)
,

the proportion of the polygenic score’s own predictive contribution accounted by the proteome.
Confidence intervals came from a case-control-stratified bootstrap with 2000 resamples, and
between-disease comparisons use a paired bootstrap that resamples the shared control pool
once and applies the same resample to both diseases.26 The DeLong test on the area under
the curve is also reported.27

2.5. PRS-associated proteins

A protein was called PRS-associated if its abundance tracked that score among participants
without a recorded diagnosis at proteomic assessment, including controls and incident cases.
Prevalent cases were excluded so that established disease, its treatment, or its physiological
consequences could not alter protein abundance and be misattributed to a PRS association.
Each of the 2,920 assayed proteins was regressed individually on the standardized PRS with
age, age2, sex and PC1–10 as covariates, and the resulting p-values were Benjamini–Hochberg
corrected at q < 0.05 within each score, and every subsequent q value carries the same correc-
tion. Two genomic regions are reported separately from the rest. The major histocompatibility
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complex and the 17q21.31 inversion1,28,29 were associated with a very wide range of traits and
contain strong cis-pQTLs, so every polygenic score carried weight there and every score there-
fore appeared to associate with the proteins those regions encode. Proteins encoded in the two
regions are held out of the proteome-share denominator for that reason and counted separately
(Fig. 1a).

2.6. Plasma proteome co-expression modules

In the 41,358 disease-free participants, each protein was residualized on the covariate design
by ordinary least squares, retaining residuals only. Residuals were standardized and Pearson-
correlated pairwise, and the signed distance 1 − r clustered by Ward’s minimum-variance
criterion following established practice.7 The resulting dendrogram was cut at twelve candidate
resolutions spanning K = 8 to 50 clusters. Each resolution was characterized on reproducibility,
measured by partitioning participants at random into halves and scoring each half’s partition
against the full-data partition by the adjusted Rand index (ARI) over five independent splits,
as well as the smallest module the cut produced (Fig. 2c). Reproducibility rises monotonically
across the sweep and so cannot select a resolution on its own; thus, we selected for K = 35

as the finest resolution before the smallest module size degrades from a plateau held at 17
proteins from K = 20 through K = 35 to 8 at K = 40 and 6 at K = 50, relative to a floor of
15 proteins per module (dashed line in Fig. 2c). The two neighboring resolutions, K = 30 and
K = 40, both have split-half reproducibility within 0.03 of the selected cutoff (0.742 and 0.771
against 0.766 at K = 35) and agree with the retained 33-module partition at ARI 0.962 and
0.986 respectively, so K = 35 is stable relative to its neighbors (Supplementary Table S1). Each
module was summarized by its eigenprotein, the score on the first principal component of its
members’ residualized abundances, which assigned one value to every participant. Any pair
of eigenproteins correlating above 0.85 was merged. The retained cut requested 35 clusters,
and two such merges returned the 33 modules analyzed throughout (Fig. 2c).

Modules were annotated by hypergeometric over-representation of Gene Ontology terms
with the assayed panel as background. Module-level association was assessed by regressing
each module’s standardized eigenprotein on the standardized polygenic score with the same
covariates, in disease-free participants only so that disease-consequence cannot confound any
discovery. Each module was additionally tested for over-representation of the PRS-associated
set and of the ProRS-selected set by hypergeometric test against the assayed panel, giving
three per-module axes in total.

2.7. Cross-cohort comparison

Module transfer was assessed in All of Us using proteins shared with UK Biobank. The
two cohorts were residualized and partitioned independently through the same clustering
procedure, and agreement was quantified by the adjusted Rand index (ARI). As an internal
reference ceiling, All of Us was split in half ten times, each pair of half-sample partitions
was compared, and the median ARI was retained. Module-specific preservation was assessed
by the fraction of each UK Biobank module’s protein pairs assigned to the same All of Us
module. This co-location fraction was compared with 2,000 size-matched random protein
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sets, converted to a z-score, and tested using one-sided p-values with Benjamini–Hochberg
correction across 33 modules. In a complementary analysis, UK Biobank module membership
was held fixed without reclustering All of Us. Module coherence, defined as the variance
explained by the first principal component, was recomputed in All of Us and compared with
the corresponding UK Biobank values.30 UK Biobank modules were derived in European-
similar disease-free participants, whereas the All of Us analysis included all ancestries because
restricting to the 2,681 European-similar participants would reduce the available sample from
9,211 by approximately fourfold.

Absorption was additionally evaluated in All of Us by applying the frozen UK Biobank
ProRS weights without refitting. Refitting was not attempted because only 20 to 56 disease
cases were available (Supplementary Table S2), so the transferred score tests the UK Biobank
weights rather than the All of Us proteome’s best achievable fit.

3. Results

3.1. Proteomic substitution for polygenic risk is partial in every disease
and its magnitude tracks one locus

Adding ProRS to the covariates model improved discrimination in every disease and by a
wider margin than what PRS achieved, with AD rising from an area under the curve of 0.819
for covariates alone to 0.855 with PRS and 0.903 with ProRS (Table 2), echoing Woerner
et al.’s findings. Absorption was 0.727 (95% CI 0.645–0.806) for the APOE -containing AD
score, 0.394 (0.119–0.667) for AD with APOE excluded, 0.221 (0.009–0.509) for ALS and 0.187
(0.001–0.380) for PD. Because the 95% confidence interval for PD absorption reaches down
to zero, the data cannot rule out a complete absence of proteomic absorption of genetic risk
in PD. The residual polygenic increment’s interval excluded zero in all four contrasts, with
∆R2(PRS | ProRS) at 0.0226 (0.0134–0.0341), 0.0057 (0.0014–0.0128), 0.0081 (0.0016–0.0184)
and 0.0047 (0.0013–0.0101) for AD with APOE, without APOE, ALS and PD respectively.

Table 1. Study design. Phenotype counts are for European-ancestry UK Biobank partici-
pants with Olink plasma proteomics and complete covariates, before restriction to participants
with a polygenic score. SNP-heritability is on the liability scale from LD score regression.

Trait ICD-10 Discovery GWAS Prevalent Incident Controls Liability h2 (SE)

AD, with APOE G30 Kunkle 2019 73 432 41,358 0.068 (0.011)
AD, no APOE G30 Kunkle 2019 73 432 41,358 0.061 (0.009)
PD G20 FinnGen R13 105 652 42,372 0.069 (0.012)
ALS G12.2 van Rheenen 2021 36 220 42,873 0.028 (0.003)

FTD* G31.0 Ferrari 2014 20 69 43,040 0.026 (0.022)

*FTD is unstable (the standard error of h2 ≈ the estimate) and is excluded from subsequent claims.

AD with APOE had the greatest absorption of any disease model at 0.73 whereas PD
was the lowest at 0.19, and SNP heritability alone cannot explain the differences between
them, since liability-scale h2 is 0.068, 0.061 and 0.069 for the AD, AD-without-APOE and
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PD scores, all within one standard error of each other (Table 1). Direct cross-disease com-
parisons should be interpreted cautiously because they involve different disease-specific case
populations and PRS predictive increments, and because the PD estimate is imprecise, with its
lower bound touching zero. The cleaner contrast is therefore within AD, where the outcome,
analysis population, covariates, and ProRS were held constant. Excluding the APOE region
reduced absorption from 0.73 to 0.39, isolating the APOE region as a major contributor to
the unusually high absorption observed for AD.

An attempt to repeat the analysis in All of Us reproduces the point estimates but cannot
address the contrast. Absorption for the APOE -containing AD score was 0.470 (0.248–0.862)
on 39 prevalent cases, an interval overlapping the UK Biobank estimate, and PD gave 0.249 in
the European-similar subset, likewise overlapping (Supplementary Table S3). Because these
analyses rest on very small samples, this cohort provides an underpowered assessment of
absorption effect sizes rather than an independent validation of the disease-specific dissocia-
tions observed in UK Biobank. AD without APOE was not estimable there, its denominator
∆R2(PRS | cov) falling to about 5×10−5. The AD-versus-PD contrast rests on 20 and 35 cases
in that subset and is under-powered. The frozen UK Biobank proteomic scores transferred to
All of Us without refitting, giving an AUC of 0.865 for AD and 0.791 for PD in all ancestries
(Supplementary Table S2).

Table 2. The four-model AUC and absorption results. ∆R2 values are Nagelkerke increments.
DeLong p reflects AUC significance of PRS given ProRS and covariates. Absorption inter-
vals are percentile bootstrap ( B = 2000, 3 cross-validation repeats). FTD is characterised
in Table 1 but omitted here, its absorption denominator being below the stability threshold.

AUC ∆R2

Trait cov +PRS +ProRS full PRS|cov PRS|ProRS DeLong p A [95% CI]

AD with
APOE

0.819 0.855 0.903 0.908 0.0828 0.0226 0.056 0.73 [0.65, 0.81]

AD no
APOE

0.819 0.825 0.903 0.905 0.0095 0.0057 0.125 0.39 [0.12, 0.67]

PD 0.745 0.750 0.805 0.809 0.0058 0.0047 0.010 0.19 [0.00, 0.38]
ALS 0.633 0.656 0.723 0.733 0.0104 0.0081 0.162 0.22 [0.01, 0.51]

3.2. The proteins polygenic risk associates with and the proteins the
proteomic score uses are generally distinct

Regressing every assayed protein on each PRS in disease-free participants demonstrates the
plasma’s association with genomic signal on an individual-protein resolution. The APOE -
containing AD score was associated with 7.9% of the proteome (227 of 2,873 proteins), against
1.2% for AD’s polygenic background, 1.7% for ALS and 0.5% for PD (Fig. 1a; Supplemen-
tary Table S4). Proteins encoded in the MHC and in the 17q21.31 inversion are held out of
that denominator and drawn separately, so percentages are computed over the 2,873 analytes
outside those regions while the counts described below are over all 2,920. AD’s polygenic back-
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Fig. 1. Two protein populations, in 38,602 to 39,807 participants without a recorded diagnosis
at venepuncture, depending on trait. (a) Share of the assayed proteome each polygenic score is
associated with at q < 0.05, over the 2,873 analytes outside the MHC and the 17q21.31 inversion,
with the count contributed by those two regions drawn as a separate segment. (b) Absolute count of
PRS-associated proteins, ProRS-selected proteins at 7 of 15 folds, their observed overlap and the
overlap expected by chance, with the one-sided hypergeometric p for excess overlap above each panel.

ground associates with the products of its own risk genes16 (TREM2 q = 7.9 × 10−10, CD33
q = 1.4× 10−5, CR1 q = 3.4× 10−3), whereas the PD score associates with neither of its main
risk genes SNCA (q = 0.86) nor GBA (q = 0.81)31 (Supplementary Table S5); LRRK2 is not
represented on the Olink panel and was not tested.

AD with APOE is the outlier here as it was for absorption. Its PRS associates with the
most plasma proteins at 238, and it is the only model whose overlap with the ProRS-selected
set exceeds chance, at 16 shared proteins against 5.79 expected (Supplementary Tables S6 and
S7; Fig. 1b). The three other models are largely disjoint. AD without APOE and ALS have
separate ProRS, PRS sets, and PD shares two against 0.82 expected, which is not statistically
distinguishable from chance. PD has the smallest PRS-associated footprint at 18 proteins, and
its low absorption further suggests that the PD score is associated with few plasma proteins,
which together with its low absorption suggests a limited plasma footprint, although the PD
estimates are imprecise.

3.3. Germline signal and the proteomic score’s vocabulary separate at
module resolution

Unsupervised clustering of the residualized proteome in UK Biobank yielded 33 co-expression
modules after two pairs being merged from 35 modules, ranging from 17 to 717 proteins
(Supplementary Table S8). Modules recovered recognizable biology, including immune cell-
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Fig. 2. Module-resolution analysis. Modules are defined once in the 41,358 participants with no
recorded AD diagnosis; the association axes are evaluated in each disease’s own analysis population.
(a) The 12 modules significant on at least one of the three axes, of the 33 tested. An asterisk marks
a module named by its most enriched gene-ontology term where that term does not clear q < 0.05.
(b) Per module, fraction of ProRS-selected proteins against the fraction of AD with APOE PRS-
associated proteins, all 33 modules, filled red where the eigenprotein itself is associated with the
AD PRS. (c) Split-half reproducibility and smallest module size across twelve resolutions, with the
dashed line marking the floor of 15 proteins per module. (d) Barplot showing the counts of how
many modules have eigenprotein associated with PRS, is enriched for ProRS-selected proteins (in
t ≥ 7/15 folds), is enriched for PRS-associated proteins, and is enriched for both ProRS and PRS
proteins.
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surface signalling (q = 4×10−23), lysosomal hydrolases (q = 3×10−23), sarcomere (q = 6×10−10)
and lipoprotein particles (q = 2 × 10−3) (Fig. 2a). Each module was analyzed for whether its
membership was enriched for PRS-associated proteins, whether it was enriched for ProRS-
selected proteins (selected in t ≥ 7/15 folds), and whether its eigenprotein was associated with
PRS (Fig. 2a). No module was enriched for both the ProRS-selected and the PRS-associated
set in any disease, suggesting that network-level convergence of the two sets remains limited
(Fig. 2d). This holds at K = 40; at K = 30 one module became significant for AD with
APOE (ProRS enrichment q = 0.049 against 0.058 at K = 35), reflecting weaker correction
over fewer modules rather than new biology. M32 and M23 are unchanged at both resolutions
(Supplementary Table S9).

For PD, while 2 modules were enriched for ProRS-selected proteins, 1 was enriched for
PRS-associated proteins, and no module’s eigenprotein was PRS-associated. Importantly,
because only 18 proteins in total met the PRS-association threshold for PD, module-level
overlap tests are severely underpowered. Most modules contain 0 or 1 PRS-associated protein,
so the absence of significant dual enrichment may reflect limited statistical power rather than
definitive evidence of biological divergence at the module level. This contrasts with AD with
APOE, where 7 modules were enriched for PRS-associated proteins and 7 module eigenproteins
were themselves associated, dominated by the 18-protein lysosomal module M32, 89% of whose
members are individually PRS-associated. This enrichment is absent for AD without APOE
(PRS enrichment q = 1.0, eigenprotein q = 0.058), which is consistent with a concentration
of the APOE signal in this module. APOE itself belongs to M14, and M32 holds 16 of the
238 PRS-associated proteins. None of the 18 members is selected by the ProRS at t ≥ 7/15

folds. The two sets of seven overlap in six modules, M4, M5, M7, M8, M17 and M32, which
are enriched for PRS-associated members and also associated as a module eigenprotein with
PRS, but this pattern dissociates once APOE is removed from the score.

Although LASSO may shrink correlated proteins and thus potentially reduce the number
of ProRS, PRS protein overlap, their separation here does not depend on the penalty. Refitting
every ProRS by elastic net enlarged the selected sets by 17% to 48%, yet the overlap grew no
faster than chance, the observed-to-expected ratio for AD with APOE moving from 2.76 to
2.22 while the other three models remained indistinguishable from chance, and no module was
enriched for both sets under either penalty (Supplementary Figs. S2 and S3, Supplementary
Table S10).

3.4. Module definitions transfer across cohort, and coherence tracks which
ones

Upon defining K = 33 modules in UK Biobank, two ways to define module construction in All
of Us at K = 33 were tested. First, modules were built de novo in All of Us on 2,819 shared
proteins in 9,211 disease-free participants gave an adjusted Rand index of 0.582 against the
UK Biobank partition. Read against the internal ceiling of 0.686, the median over ten random
split-half rebuilds within All of Us (range 0.628 to 0.779), that recovers 84.8% of the attainable
agreement (Fig. 3a).

Under the independent partitions, co-location was also tested to determine whether the
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Fig. 3. Transfer of the UK Biobank module definition to All of Us. All of Us partitioned inde-
pendently from UK Biobank at K = 33: (a) Partition agreement between the two cohorts with the
ten split-half rebuilds drawn individually and module counts annotated; (b) Per module, the fraction
of within-module protein pairs still assigned together by the de novo All of Us partition, against a
size-matched permutation null from the same 2,819 shared proteins. All of Us partitioned identi-
cally as UK Biobank: (c) Variance on the first principal component, membership held at the UK
Biobank definition, measured once in each cohort.

members of one UK Biobank module are still partitioned together in All of Us, and 29 of 33
modules beat a size-matched permutation null at q < 0.05, with a median z of +6.5 (Fig. 3b).
The lysosomal module M32 keeps 57.4% of its member pairs together against a chance level
near 9%, a z of +9.57. M3, the HDL and lipoprotein module, is one of the four failures at
z = −1.19 (Supplementary Table S11).

The second approach applied UK Biobank’s K = 33 partition unchanged to All of Us and
asked whether the modules are equally coherent there. Comparing the variance on the first
principal component of the same 33 modules across the two cohorts gave a Pearson correlation
of 0.79. Coherence is therefore stable across these two Olink-assayed cohorts. Since both use
the same assay platform, this does not establish that modules are free of technical structure,
but it does show that internal consistency is reproducible rather than being particular to one
sample. (Fig. 3c).
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4. Discussion

Proteomic substitution for polygenic risk is never complete, and its size is not explained by
heritability alone. Three scores whose liability-scale heritability agrees within one standard
error give absorption estimates spanning most of the available range, from substantial and
bounded away from zero in AD to estimates in PD that are compatible with little or no ab-
sorption (95% CI 0.00–0.38), ordered by whether the score carries a large-effect locus whose
product is itself measured in plasma.32 APOE is heavily implicated in our findings: the absorp-
tion gap, the number of PRS-associated proteins and the single lysosomal module all depend
on inclusion of the APOE region in the score.

M32 is enriched for lysosomal proteins, holding 18 proteins across four enzyme classes. A
plasma lysosomal signature of patients carrying APOE ε4 has been reported,6 and lysosomal
ABCA1 has been placed downstream of cholesterol accumulation in APOE4 models, which
offers a candidate explanation that our associational data do not test.33 The association
of M32 with the score for AD with APOE is therefore the expected one and, because it is
absent without APOE, is consistent with a concentration of the APOE signal in this module;
however, the proteomic score selects none of its 18 members.

M23 was consistently concentrated for ProRS-selected proteins across AD and PD. It is
annotated to central nervous system development and the GABAergic synapse, and several
members are established fluid markers of neurodegeneration, including NEFL, GFAP, SYT1
and NPTXR.34–36 AD and PD were associated with this module through different proteins.
AD selected BCAN, GFAP, NPTXR, SYT1 and VGF, PD selected F3, LRTM2, NCAN, PT-
PRN2, SCG2 and SLITRK1, and NEFL was the only member both scores use. This agreement
between AD and PD presents evidence that module-level analysis may capture shared biology
that individual proteins cannot.

This study defined two protein sets, those selected by LASSO in the ProRS model and
those significantly associated with PRS, and showed the two are largely disjoint. However, the
L1 penalty has no grouping effect.37,38 Among correlated predictors LASSO retains a subset
and shrinks the rest to zero; which member survives varies across resamples, so a protein
both PRS-associated and predictive could be dropped for a correlated partner, deflating the
overlap.37,38 The elastic-net refit rules this out. When the ProRS was refit with elastic net,
which keeps correlated proteins together instead of dropping some of them, the selected sets of
proteins grew in size, but their overlap with the PRS-associated proteins did not rise relative to
chance, suggesting that the small overlap observed should not be attributed to the mechanism
of LASSO dropping correlated proteins. The two sets may therefore be largely different groups
of proteins that carry complementary information, a possibility our data do not directly test.
CR1, for example, is shared by both sets in AD, and external Mendelian randomization work
has supported its causal role.39,40

4.1. Limitations

Finally, every estimate rests on very small polygenic signal once APOE is removed, where
the scores explain under 1% of liability and the three remaining absorption intervals reach
lower bounds of 0.12, 0.01 and 0.00. Larger discovery GWAS would resolve this, and phenotype
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definition compounds the problem. The FTD model is uninterpretable at this GWAS size and
was excluded rather than reported as null, and ALS cases were scored as a single trait without
C9orf72 or SOD1 stratification, treating a heterogeneous liability as homogeneous. Genotype-
stratified replication would separate these. Modules were built without plate adjustment, so
some module covariance may be technical. Preservation in All of Us, which was processed
independently, argues against a cohort-specific artifact, but shared Olink platform structure
cannot be excluded, particularly for M2, which has no enriched annotation. Adjusting for age
and age squared does not let the relationship between the PRS and the outcome change with
age, so a single baseline PRS from a case-control GWAS may distort absorption if genetic
effects vary with age, and age-resolved summary statistics were not available. Prevalent cases
enter every ProRS training fold, so medication such as cholinesterase inhibitors or levodopa
could contribute to the score. They are a minority of cases, and only 5 prevalent AD cases
were on a cholinesterase inhibitor at baseline, but we did not examine treatments in PD or
ALS or refit without prevalent cases. The number of disease cases in All of Us is small, so the
disease-specific absorption estimates cannot be interpreted as strongly replicated. The minimal
overlap between PRS-associated and ProRS-selected proteins may also reflect a comparison of
marginal univariate regressions with conditional LASSO selection rather than distinct biology.
Cross-cohort module concordance (ARI = 0.582) should be read in light of k-nearest-neighbor
imputation within a European subset in UK Biobank versus mean imputation across a multi-
ancestry sample in All of Us, and fully harmonized, ancestry-stratified comparisons await
larger All of Us releases. All PRS-protein and PRS-module relationships are associations in
observational data and do not establish that genetic risk acts through these proteins.
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Predicting how a genetic perturbation reshapes a cell’s transcriptome is a central goal
of computational biology. Previous studies report that the mean response across training
perturbations rivals specialized models on standard accuracy metrics, even though it cannot
distinguish which perturbation occurred. Across 2,270 CRISPRi perturbations measured in
each of six cell lines, we show that this apparent paradox reflects a conserved organization of
perturbation responses. Perturbations span a continuum from responses strongly aligned with
the mean to more targeted responses that depart from it. Crucially, a perturbation’s position
along this continuum is conserved across cell lines (Kendall’s W = 0.59) and predictable
from STRING protein-interaction embeddings (R2 = 0.35). We formalize this structure with
COMPASS, an interpretable linear model that decomposes each response into shared and
gene-specific components and estimates them separately. The shared-response component
is modeled as a cell-line-wide response scaled by a perturbation-specific coefficient. This
coefficient is strongly conserved across cell lines. The residual gene-specific component—
which is moderately conserved across cell lines—recovers pathway-level programs. COMPASS
outperforms scGPT, CPA, GEARS, GenePert, and State in both response accuracy (de-
biased Pearson delta 0.34 vs. ≤ 0.32) and perturbation discrimination (cosine PDS gain
0.23 vs. ≤ 0.08). These results recast perturbation prediction across cellular contexts as
component-wise inference, with each component estimated from the evidence best suited to
it.

Keywords: Perturb-seq; genetic perturbation prediction; mean baseline; gene embeddings;
response decomposition; interpretable models.

1. Introduction

One of the long-standing puzzles in perturbation prediction is the strength of simple baselines.
For gene knockdowns measured by Perturb-seq, multiple benchmarking efforts1,2 report that
the mean response across training perturbations in the same cell line consistently rivals or
outperforms purpose-built models such as GEARS and CPA, single-cell foundation models
such as scGPT, and architectures trained across diverse experimental contexts.3–6 Systema

further showed that much of the apparent performance of these models arises from a systematic
expression shift shared across perturbations, rather than from recovery of the response specific

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC) 4.0
License.

Pacific Symposium on Biocomputing 2027

765



to the perturbed gene.7

While these observations can be read as a failure of model architectures, they also admit
structural explanations. The first is about metrics: the mean baseline is accurate, recovering
much of the measured perturbation effect, but it is ineffective at discriminating one perturbation
from another. While early studies prioritized accuracy, discrimination is necessary for a
complete assessment. The second is about biology: distinct knockdowns may converge on a
common response direction because they perturb overlapping cellular programs. Such a shared
response would explain the mean baseline’s high accuracy and provide a scaffold for isolating
perturbation-specific effects.

If such shared-response structure exists, individual perturbations should differ systematically
in how strongly they engage the shared response. Knockdowns of core growth machinery are
natural candidates for broad, stereotyped responses in which large numbers of genes shift
together. Perturbations of specific regulatory machinery may instead produce responses that
depart from the shared direction. To test this hypothesis, we characterize each perturbation
p in cell line c using its response magnitude mcp ∈ R and its alignment acp ∈ R with the cell
line’s mean perturbation direction. We explored how m and a are distributed and whether this
organization is conserved across cell lines.

Across 2,270 perturbations shared by six cell lines from three independent CRISPRi
studies,8–10 we find that magnitude and alignment trace a similar continuum in every cell
line. Strikingly, the same perturbations tend to occupy similar positions across studies, and
their representations built from prior knowledge, particularly STRING network embeddings,
predict those positions. This conservation motivates the decomposition zcp = βpuc + gp + εcp,
where uc ∈ RG is the cell line’s shared-response direction, βp ∈ R measures how strongly
perturbation p engages that direction, gp ∈ RG is the gene-specific residual response, and
εcp ∈ RG is the deviation specific to perturbation p in cell line c. Across cell lines, we compute
β̄p and gp by averaging the per-cell-line coefficients and residuals, respectively. This converts
the empirical observation of a perturbation continuum into two quantities with different
conservation properties: β̄p is strongly conserved and transferable across cell lines, while gp is
less well conserved but still retains meaningful cross-cell structure. Both quantities also carry
substantial independent biological information.

The two components can therefore be estimated from different evidence and interpreted
independently. This motivates COMPASS, an interpretable linear model that estimates these
components under within-cell-line and cross-cell-line regimes and combines them to predict
unseen perturbation responses. Across six cell lines, COMPASS substantially outperforms direct
perturbation-response models and approaches the accuracy of the strongest fixed-representation
predictor, TabICL, while matching or exceeding its cross-cell discrimination.

2. Data and Exploratory Analysis

2.1. Data and evaluation contexts

We analyzed six pooled CRISPRi Perturb-seq datasets from three independent studies: K562
and RPE1 from Replogle et al., HepG2 and Jurkat from Nadig et al., and HCT116 and
HEK293T from X-Atlas/Orion.8–10 After applying each study’s guide-assignment and cell-

Pacific Symposium on Biocomputing 2027

766



Fig. 1. Study overview. (A) We profiled 2,270 CRISPRi perturbations shared across six cell
lines and characterized each perturbation by its response magnitude and its alignment with the
cell-line average response. (B) COMPASS predicts unseen perturbations under three evidence regimes:
COMPASS-X uses the same perturbation in other cell lines, COMPASS-N uses network-neighbor
perturbations in the target cell line, and COMPASS-H combines both.

quality filters, we intersected the targets measured in all six lines to obtain 2,270 shared
perturbations, predominantly essential genes from the Cancer Dependency Map project.11,12

The shared perturbation set therefore supports matched cross-cell analysis but is enriched
for genes with strong fitness effects, a limitation we return to in the Discussion. Counts were
library-size normalized to 10,000 per cell and log-transformed as log(1 + x).

Predictions were scored on panels of 2,000 highly variable genes. We used two kinds of
panels: cell-line-specific panels, selected independently for each line, and dataset-specific panels,
shared across cell lines within a study group. Because the Replogle/Nadig (four cell lines)
and Orion (two lines) dataset-specific panels overlap in only 282 readout genes, we kept our
analysis dataset-specific; cross-cell quantities were estimated only within these groups. We
evaluated predictions in two settings that correspond to different experimental situations. In
the within-cell-line setting, a model observes a subset of perturbations in the query cell line
and predicts held-out perturbations in the same line. This corresponds to extending a partially
completed screen. In the cross-cell-line setting, the query perturbation has been measured in
other cell lines but is held out from the target line. This corresponds to transferring knowledge
from existing screens to a new cellular context. Extensive data processing details can be found
in Supplementary Sections 6.1 and 6.2.

2.2. Evaluation metrics: accuracy and discrimination

A perturbation predictor must do two separable things: recover what the response looks
like (accuracy) and distinguish one perturbation’s response from another (discrimination).
Measuring them requires distinct metrics.
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For perturbation p, cell line c, and readout gene g ∈ G with |G| = G, we define the pseudobulk
perturbation effect

zcp,g = x̄cp,g − x̄c0,g, (1)

where x̄c0,g is the mean among non-targeting controls. A predictive model returns a vector
ẑcp ∈ RG for each held-out perturbation.

We measure accuracy with the de-biased Pearson delta, which quantifies agreement
across readout genes between the predicted and measured perturbation-effect vectors. Following
Nicol et al., we form the predicted and observed effects using disjoint halves of the non-targeting
controls, preventing their shared control reference from inflating the correlation.13 We measure
discrimination with the cosine perturbation discrimination score (PDS) gain: PDS
tests whether each prediction is closer to its matched measured response than to those of
other perturbations. We use cosine similarity, as ℓ1/ℓ2 is affected by magnitude of predicted
vectors.14 A score of 0.50 corresponds to chance, and we report the gain above chance.

We also computed DE overlap@N , which measures overlap between the top-ranked differen-
tial genes in the predicted and measured responses, with N set by the number of measured genes
passing FDR < 0.05. Because DE overlap ranks methods nearly identically to the de-biased
Pearson delta across all methods and cell lines (Supplementary Table A1), we report it in
the supplement as a confirmatory accuracy measure. All formal metric definitions appear in
Section 6.3.

2.3. The mean baseline captures the shared response but cannot
discriminate perturbations

The training mean recovers much of the measured response but cannot distinguish which
perturbation produced it. Across five random 80/20 splits per cell line, assigning every held-out
perturbation the average training response matches or exceeds GEARS and scGPT on de-
biased Pearson delta in every cell line, reaching 0.09–0.55 compared with 0.03–0.43 for GEARS
(Supplementary Table A2). By construction, the same prediction is returned for every test
perturbation, so its cosine PDS remains at chance (0.50). GEARS and scGPT also remain near
chance, at gains of 0.01 and 0.00, despite producing perturbation-conditioned outputs. Their
response-level agreement therefore comes primarily from structure shared across perturbations.
All models and the training mean are described in Section 6.4.

GenePert outperforms the other baselines through a structure consistent with the decompo-
sition we formalize in Section 3. The method fits a regularized regression from a gene embedding
to the perturbation effect within a cell line and achieves the strongest response correlation
among the within-cell baselines (0.32 on average, compared with 0.28 for the training mean). Its
fitted intercept is the training mean, so each prediction is the shared response plus a shrunken
gene-dependent correction. This gene-dependent correction raises its mean PDS gain to 0.08,
although its discrimination remains modest relative to its response correlation.

Together, these results separate two prediction tasks: the mean’s high accuracy shows that
many perturbations share a dominant expression pattern, while its zero PDS gain shows that
the perturbation-specific signal resides in the variation around the shared response. We next
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characterize each response by both its overall strength and its agreement with the shared
direction.

2.4. Magnitude and alignment characterize perturbation responses

For each perturbation p in cell line c, we computed a signed Wilcoxon rank-sum statistic
for every readout gene by comparing perturbed cells with non-targeting controls from the
same experiment. The resulting profile wcp ∈ RG summarizes the direction and consistency
of the response. With w̄c = |P|−1

∑
p∈P wcp denoting the mean profile over the 2,270 shared

perturbations, we define

mcp = ∥wcp∥2 , acp = corr (wcp, w̄c) . (2)

Magnitude measures the overall response strength, while alignment measures how closely the
response follows the cell line’s shared perturbation direction.

Magnitude and alignment are positively correlated in all six cell lines (Fig. 2), with
Spearman correlations ranging from ρ = 0.41 in HEK293T to 0.82 in HepG2. As elaborated
in Section 2.6, high-magnitude, high-alignment perturbations elicit broad, similar responses,
suggesting extensive disruption of the cellular system. At the other end are perturbations that
elicit specific responses that are poorly aligned with the mean.

This correlation is partly geometric: high-magnitude responses contribute disproportionately
to w̄c and therefore tend to align with the direction they collectively define, whereas the
alignment of weak responses is estimated less reliably. Recomputing the mean without each
perturbation, or using the median response, leaves the correlation essentially unchanged
(Supplementary Table A3). Because magnitude and alignment are naturally coupled, they define
a continuum rather than independent axes, motivating a single coordinate along the dominant
trajectory (Section 2.5). This structure is robust to the choice of readout panel: recomputing the
analysis with 1,000- and 5,000-highly variable gene panels preserves the continuum, cross-cell
concordance, and response regimes (Supplementary Fig. A1 and Table A4), and to raising the
minimum number of cells per perturbation (Supplementary Table A6).

2.5. A one-dimensional coordinate orders the magnitude–alignment
continuum

To reduce this continuum to a single quantity, we standardized mcp and acp within each cell
line and computed a one-dimensional Isomap coordinate, scp, oriented so that larger values
of scp correspond to the high-magnitude, high-alignment arm (Section 6.5). This ordering is
conserved across cell lines and studies. Across the fifteen cell-line pairs, Pearson correlations
average r = 0.50 for alignment, r = 0.38 for magnitude, and r = 0.50 for scp, and every pairwise
comparison is positive; Kendall’s coefficients of concordance across all six lines are Wa = 0.587,
Wm = 0.533, and Ws = 0.588 for alignment, magnitude, and scp, respectively (Fig. 3). These
values are robust to raising the minimum number of cells per perturbation (Supplementary
Table A6). Perturbations with high (low) scp in one cell line therefore tend to rank highly
(lowly) in the others. This conservation persists across study-specific processing pipelines and
environmental factors: the strongest concordance in scp occurs for the cross-study RPE1–HepG2
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Fig. 2. Magnitude and alignment trace a common response organization across six cell
lines. Response magnitude mcp against alignment acp for the 2,270 shared perturbations. Cell-specific
Spearman correlations between magnitude and alignment are marked on each plot. Points are coloured
by the coordinate scp of Section 2.5.

pair (r = 0.66), and the next strongest, HepG2–HCT116 (r = 0.62), is also cross-study, while
K562 and RPE1, the two Replogle lines, are among the least concordant (r = 0.41, eleventh of
fifteen).

2.6. The two ends of the continuum are biologically distinct

The conserved ordering separates perturbations with distinct biological roles. We averaged
the cell-specific coordinates to s̄(p) = |C|−1

∑
c scp, ranked the 2,270 perturbations, and tested

the top and bottom 30% for Gene Ontology overrepresentation (Supplementary Table A7).
The high-magnitude, high-alignment end is dominated by core growth machinery, including
cytoplasmic translation, rRNA processing, spliceosomal mRNA processing, RNA polymerase
II preinitiation, and DNA replication. Representative genes include RPL4, RPS13, SF3B3,
PRPF31, MCM2, MCM3, MCM6, GINS1, and GINS4. The low-s̄ tail is enriched for regulatory
and organelle-specific functions, including mitochondrial translation, chromatin remodeling,
transcriptional coactivation, protein folding, and regulation of DNA-templated transcription,
with genes such as MRPL45, MRPS7, KDM6A, BRD4, NCOA4, and PFDN1. The same terms
remain significant when the tails are defined at 20%, 25%, or 30%; the full sensitivity analysis
appears in Supplementary Table A8. These enrichments support the biological distinction
underlying the continuum: core growth machinery is concentrated among strong, shared-
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Fig. 3. The response organization is conserved across cell lines and studies. Pairwise cross-
cell correlations of alignment, magnitude, and the coordinate scp across the 2,270 shared perturbations;
all fifteen pairs are positive for each measurement.

response-dominated perturbations, whereas regulatory and organelle-specific functions are
concentrated among less aligned responses.

2.7. Gene representations predict conserved response position

Because the same perturbations occupy similar positions across cell lines, we asked whether
cell-agnostic prior knowledge about the targeted gene could predict that position. We trained
a gradient-boosted regressor to predict the cross-cell means m̄(p), ā(p), and s̄(p) from gene
representations derived from protein-interaction networks, knowledge graphs, transcriptomic
data, Gene Ontology annotations, protein sequences, and language models, evaluating every
representation under identical perturbation-level five-fold splits, prediction targets, model class,
and hyperparameters (Section 6.6).

STRING predicts a perturbation’s position more accurately than the other representations
(Supplementary Fig. A2). Consistent with its strong cross-cell agreement, alignment is the most
predictable of the three quantities, with cross-validated R2 = 0.39. Magnitude and s̄(p) are also
well-predicted, albeit less strongly, at R2 = 0.24 and 0.35, respectively. Graph-neural, knowledge-
graph, Gene Ontology, and language-model representations also recover meaningful signal,
while somewhat surprisingly, transcriptomic and protein-sequence representations perform less
well.

3. Methods

3.1. COMPASS: a shared-plus-specific decomposition of the perturbation
response

The response structure characterized above motivates a direct decomposition in expression
space. For the pseudobulk effect vectors zcp defined in Eq. (1), let z̄c = |P|−1

∑
p∈P zcp ∈ RG

denote the mean perturbation response in cell line c, and let uc = z̄c/∥z̄c∥2 be the unit vector
along that mean. We decompose each response as

zcp = βcp uc + rcp, βcp = ⟨zcp, uc⟩, rcp = gp + εcp, (3)
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Held-out cell line K562 RPE1 HepG2 Jurkat Mean

shared-response coefficient β̂Cp→βCp 0.61 0.70 0.71 0.62 0.66
gene-specific component ĝp→rCp 0.22 0.22 0.21 0.21 0.22

Table 1. The shared-response coefficient transfers more strongly than the gene-specific
response. Each of the four Replogle/Nadig cell lines is held out in turn, and both components are
estimated from the other three. The coefficient is a scalar per perturbation, compared by Pearson
correlation across the 2,270 perturbations; the gene-specific response is a vector, compared by Pearson
correlation across genes within each perturbation and averaged. A perturbation-shuffled null gives
≈ 0 for both.

Here βcp ∈ R is the shared-response coefficient, computed by projecting zcp onto uc, and
βcpuc ∈ RG is the corresponding shared-response component. The vector rcp ∈ RG is the
gene-specific response remaining after this component is removed; it is orthogonal to uc by
construction. Across cell lines with a common readout space, gp denotes the conserved mean
of this gene-specific response and εcp its cell-line-specific deviation. A single cell line cannot
identify gp and εcp separately, so within-cell estimators target rcp directly. Here and below,
gene-specific means specific to the perturbed gene p, rather than to an individual readout gene.

The shared-response coefficient βcp is the expression-space counterpart of the empirical
coordinate scp: both order perturbations by how strongly their responses follow the cell line’s
shared response. βcp is slightly better conserved across cell lines than scp itself: per-cell-line
estimated values correlate at mean pairwise Pearson 0.55 among the four Replogle/Nadig
lines and 0.56 between the two Orion lines (Supplementary Table A9). The two orderings
also agree closely: the Pearson correlation between the (Replogle/Nadig) cross-cell mean
β̄p = |C|−1

∑
c βcp and s̄(p) is 0.88. Ranking by β̄p yields similar gene function enrichments

(Supplementary Table A10). Because β̄p can be estimated from source cell lines and summarizes
a perturbation’s shared-response engagement in a single portable scalar, it can be used as an
input in cross-cell prediction settings.

To measure how well these components transfer across cellular contexts, we performed
leave-one-cell-line-out assessments on the four Replogle/Nadig lines, writing C for the held-out
line. The estimate β̂Cp, formed by averaging over the remaining three lines, predicts the held-out
shared-response coefficient βCp with mean Pearson correlation 0.66, while the corresponding
estimate ĝp matches the held-out gene-specific response rCp at mean Pearson 0.22 (Table 1).
The shared-response coefficient thus transfers considerably more reliably than the gene-specific
residual. With only one source line available, as for the Orion pair, transfer remains predictive
but is clearly weaker than from three, 0.56 and 0.09 for the two components (Supplementary
Table A11).

Together, these analyses identify two components with complementary conservation prop-
erties: the shared-response coefficient β̄p is strongly conserved across cell lines and transfers
reliably, while the gene-specific response, though more cell-line-specific, still retains meaningful
cross-cell-line structure.
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3.2. Estimating COMPASS under different information regimes

We now consider predicting zCp for an unmeasured perturbation p in a target cell line C.
COMPASS assumes that the target shared-response direction uC can be estimated from a
calibration set of perturbations measured in C; the low-data analysis below shows that this
estimate stabilizes within a few tens of perturbations (also see Discussion). The prediction
task then reduces to estimating βCp and rCp. COMPASS provides three estimators for these
quantities: a cross-cell estimator that carries both components over from other cell lines, a
within-cell estimator that infers them from STRING neighbors of p measured in C, and a hybrid
that combines both sources with component-specific weights (Supplementary Algorithms 1
to 3). In each case, the final prediction is assembled as

ẑCp = β̂Cp uC + r̂Cp. (4)

COMPASS-X: the perturbation is measured in other cell lines. When p is available
in a set of source cell lines Sp = {d ≠ C : p ∈ Pd}, we estimate its shared-response projection
and conserved gene-specific component by

β̂X
Cp =

1

|Sp|
∑
d∈Sp

βdp, ĝXp =
1

|Sp|
∑
d∈Sp

rdp. (5)

Since the target-specific deviation εCp is unobserved, we approximate r̂XCp = ĝXp . We emphasize
that this differs from simply averaging the raw source response vectors zdp and transferring
them directly. COMPASS-X first decomposes each source-line response into its shared-response
projection and gene-specific component, then transfers these separately, applying the averaged
coefficient β̂X

Cp to the target-cell direction uC rather than retaining the source-cell directions.
Critically, this decomposed transfer outperforms direct source averaging, as we show below.

COMPASS-N: related perturbations are measured in the target cell. When the
target line contains a sufficiently large perturbation set, or when p has not been screened
elsewhere, we estimate both components from STRING neighbors measured in C. With Nk(p)

denoting the k nearest training perturbations,

β̂N
Cp =

1

kb

∑
q∈Nkb

(p)

βCq, r̂NCp =
1

kr

∑
q∈Nkr (p)

rCq. (6)

The neighborhood sizes kb and kr can be selected separately on validation data (Section 6.7);
we recommend default values of kb = 5 and kr = 10.

COMPASS-H: both sources of information are available. When both sources of
information are available, we combine the β and r estimates from COMPASS-X and COMPASS-
N. Because the shared-response coefficient and gene-specific response have different transfer
properties, COMPASS-H assigns them separate mixing weights:

β̂H
Cp = λbβ̂

X
Cp + (1− λb)β̂

N
Cp

r̂HCp = λr r̂
X
Cp + (1− λr)r̂

N
Cp

(7)

We set λb = 1 because the cross-cell estimate comes from the same perturbation in other
cell lines and better preserves its magnitude along the shared response direction; a sensitivity
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analysis confirms that this choice gives the strongest discrimination (Supplementary Fig. A3).
We select λr jointly with kr on the validation split, allowing the gene-specific estimate to draw
on target-cell neighbors when the conserved component alone is insufficient. As defaults, we
recommend λb = 1, λr = 0.5.

Accuracy: De-biased Pearson delta Discrimination: Cosine PDS gain

K562 RPE1 HepG2 Jurkat HCT116 HEK293T Mean K562 RPE1 HepG2 Jurkat HCT116 HEK293T Mean

C
ro

ss
-c
e
ll Source average 0.28 0.37 0.35 0.26 0.10 0.08 0.24 0.25 0.32 0.24 0.23 0.18 0.16 0.23

State 0.14 0.44 0.31 0.17 0.10 0.08 0.21 0.18 0.04 0.04 0.11 0.07 0.06 0.08
TabICL 0.41 0.63 0.46 0.41 0.28 0.20 0.40 0.24 0.18 0.20 0.27 0.15 0.16 0.20
COMPASS-X 0.33 0.43 0.40 0.32 0.12 0.12 0.29 0.25 0.30 0.22 0.24 0.18 0.19 0.23
COMPASS-H 0.36 0.51 0.43 0.35 0.22 0.16 0.34 0.24 0.28 0.21 0.24 0.23 0.19 0.23

W
it
h
in
-c
e
ll

Training mean 0.26 0.55 0.36 0.24 0.19 0.09 0.28 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CPA 0.05 0.06 0.06 0.07 0.01 0.02 0.05 0.01 0.00 0.01 0.02 0.01 0.00 0.01
GEARS 0.13 0.43 0.25 0.13 0.06 0.03 0.17 0.00 0.01 0.03 0.03 −0.01 0.02 0.01
scGPT 0.18 0.55 0.34 0.19 0.16 0.06 0.25 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GenePert 0.32 0.57 0.38 0.28 0.23 0.13 0.32 0.11 0.05 0.06 0.09 0.08 0.07 0.08
TabICL 0.39 0.61 0.43 0.35 0.28 0.19 0.37 0.21 0.14 0.15 0.19 0.16 0.15 0.16
COMPASS-N 0.34 0.57 0.39 0.30 0.25 0.16 0.34 0.19 0.13 0.13 0.18 0.15 0.12 0.15

Table 2. Cross-context prediction across the six cell lines (random splits). De-biased
Pearson delta and cosine PDS gain, averaged over five 80/20 partitions per cell line. TabICL is run
with all six prior-knowledge modalities as its authors do. Bold marks the best value in each column
and metric, underline the second best. Variability across partitions and paired significance tests
against the COMPASS variants are given in Supplementary Table A12.

4. Experiments

4.1. COMPASS is competitive with the strongest baseline using a linear,
interpretable model

To benchmark the predictive performance of our approach, we compare the COMPASS suite
against three families of existing models (Table 2): structural baselines (training mean, source
average), perturbation-conditioned deep learning models (CPA, GEARS, scGPT, State), and
embedding-based regressors (GenePert15 and TabICL16,17). Our adaptation of TabICL follows
Palla et al.’s work. Implementation details for each are given in Section 6.4. Compared to
these, the COMPASS suite exploits the response structure characterized in Section 3.1: each
prediction is a shared-response component plus a gene-specific residual, with both terms
estimated from within-cell (COMPASS-N), cross-cell (COMPASS-X) or both (COMPASS-H).
All models are scored on the same test perturbations, and any tuned hyperparameters are
selected on validation perturbations (Section 6.9).

The COMPASS suite, specifically the hybrid model COMPASS-H, matches or outperforms
every non-TabICL model on both accuracy (de-biased Pearson delta) and discrimination (cosine
PDS gain) (Table 2). COMPASS-X uses the same inputs as the source average but decomposes
them first, and is more accurate at comparable discrimination. This suggests that transferring
information from other cell lines via our linear decomposition is more effective than using
it directly. Adding within-cell information, i.e. COMPASS-H, further improves performance,
while the source averaging baseline is unable to accommodate such additional information.

COMPASS substantially outperforms the direct perturbation-response deep learning models
evaluated here. In within-cell contexts, COMPASS-N leads the deep learning approaches scGPT,
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GEARS, and CPA. As shown in Section 2.3, several of these models also underperform simple
averaging baselines on response accuracy.

GenePert and TabICL are regression-based frameworks that use one and six sets of gene
embeddings, respectively, to predict response. GenePert works in a within-cell setting and
uses regression; TabICL works in a hybrid setting and uses pre-trained tabular foundation
models. We argue they are both best thought of as powerful variants of the training mean or
source averaging baseline, as they both learn the overall response and add gene-specific tilts.
Interestingly, both methods are stronger on accuracy than discrimination, analogous to the
training mean.

TabICL is overall more accurate than COMPASS variants but slightly less discriminative;
GenePert is outperformed by COMPASS on both metrics. TabICL leads COMPASS-H on
de-biased Pearson delta by 0.06 cross-cell (0.40 vs. 0.34) and COMPASS-N by 0.03 within-
cell (0.37 vs. 0.34). On cosine PDS gain, however, COMPASS-X and COMPASS-H match or
exceed TabICL cross-cell (0.23 vs. 0.20), and COMPASS-N is within 0.01 within-cell (0.15
vs. 0.16). COMPASS is therefore competitive with a much heavier model, using STRING
embeddings only as a distance metric to select neighbors rather than as regression inputs,
and its decomposition additionally produces components that are interpretable in isolation
(Section 4.2). For both COMPASS and TabICL, accuracy and discrimination decrease as test
perturbations become more isolated from training perturbations, based on STRING embedding
space (Supplementary Fig. A4).

COMPASS variants reflect the tension between accuracy and discrimination
COMPASS-X is the stronger discriminator (PDS gain 0.23 vs. 0.15) because its perturbation-
specific information comes from measurements of the same perturbation in other cell lines.
COMPASS-N is the stronger accuracy model (de-biased Pearson 0.34 vs. 0.29) because averaging
over STRING neighbors in the target line recovers the local shape of the response, but this
neighbor-averaging cannot effectively separate a perturbation from its neighbors. COMPASS-N
is therefore the appropriate estimator when the target-cell perturbation set is large but the
target perturbation has not been measured elsewhere, while COMPASS-X is the appropriate
estimator when the same perturbation has been measured in a related cell line but the target
perturbation set is sparse (Supplementary Fig. A5). COMPASS-H estimates each component
from the source that recovers it better, matching the stronger of the two on both axes at once.

For a new cell line, COMPASS is more data-efficient than TabICL When investigating
a new cell line or tissue, a practical question is how many perturbations are needed before
data from other cell lines can be effectively used. To assess this, we included all available
cross-cell perturbations and increased the number of within-cell training perturbations from 10

to 130. Across ten seeds in each of the six cell lines (Fig. 4), COMPASS-X converges quickly:
its de-biased Pearson delta rises from 0.253 to 0.288 across the range and its PDS gain stays
flat near 0.24. This is because the target cell only enters through the shared response uC ,
which converges within a few tens of perturbations. In contrast, TabICL starts well below
COMPASS-X, and only overtakes it on accuracy at approximately 80 profiled perturbations; it
does not outperform on discrimination even with maximal data in this scenario.
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Fig. 4. Cross-context transfer versus in-context learning as the profiling budget grows.
De-biased Pearson delta (left) and cosine PDS gain (right) against the number of perturbations
profiled in a new cell line, with the remainder held out for test.

4.2. The gene-specific response gp encodes pathway-level biology

The gene-specific component contains coherent biological programs rather than unstructured
variation left after removing the shared response (Section 6.10). Averaging rcp across the four
Replogle/Nadig cell lines gives a 2,270× 2,000 matrix of conserved components gp. Clustering
their normalized directions groups perturbations targeting common biological machinery,
including mitochondrial translation, ribosome biogenesis, rRNA processing, mitosis, DNA
replication, RNA splicing, and proteasome function (Supplementary Table A13). All fifteen
clusters in the highest-coefficient tertile are enriched for perturbations targeting a coherent
pathway or complex (Supplementary Table A15). The organization persists among perturbations
that engage the shared response weakly, where clusters recover mitochondrial translation,
N-glycosylation, and mitochondrial organization programs (Supplementary Table A14).

Individual gene-specific components also recover expected downstream responses. The
TFAM component is dominated by reduced expression of mitochondrially encoded oxidative-
phosphorylation transcripts. Proteasome-subunit perturbations, including PSMB5, repress
cytoplasmic translation while inducing vacuolar and protein-stress programs; the PSMB5
component alone is enriched for unfolded-protein (q = 8× 10−5) and heat-shock (q = 3× 10−5)
responses among its fifteen most induced genes. None of these analyses uses pathway labels
during fitting. The gene-specific component therefore captures both relationships among
perturbed genes and the downstream programs that distinguish their responses.

5. Discussion

The key conceptual advancement of our work is to efficiently disentangle gene-specific effects
from shared responses in single-cell perturbation data. This separation both clarifies which
pathways a perturbation engages and improves prediction of unmeasured perturbations. Across
2,270 CRISPRi knockdowns, response magnitude and alignment define a continuum from
shared-response-dominated perturbations to those eliciting more gene-specific responses. The
ordering of perturbations in the continuum is conserved across cell lines and studies. COMPASS
formalizes this organization as zcp = βcpuc + rcp, with rcp = gp + εcp across cell lines sharing a
readout space. Averaging the shared-response coefficient for the same perturbation across source
cell lines yields the portable perturbation-level quantity β̄p, which predicts how strongly that
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perturbation will engage the shared response in a new cellular context. The shared-response
coefficient transfers substantially more strongly than the gene-specific response gp, which
retains coherent pathway-level structure. Concurrent work by Molina and Zhang18 similarly
decomposes shared and perturbation-specific response structure, but our work additionally
shows that the perturbation-specific coefficient βcp on the shared response is itself portable
across cell lines, enabling COMPASS to reconstruct the shared response as β̄puc, contributing
to its efficiency and interpretability (Section 6.12).

The decomposition also explains why accuracy and discrimination diverge in recent
perturbation-prediction benchmarks.1,2,7 Accuracy metrics reward recovery of the response
shared across many perturbations, whereas discrimination rewards capturing what makes
each perturbation’s response distinct. The COMPASS variants expose a corresponding tension
between sources of evidence. In their corresponding regimes, COMPASS-X and COMPASS-N
outperform scGPT, CPA, GEARS, GenePert, and State on both metrics. COMPASS-H
combines the strengths of COMPASS-X and COMPASS-N and approaches TabICL’s higher
accuracy, exceeds its cross-cell discrimination, and is also more data and parameter-efficient
than TabICL.

Our work suggests several directions for future work. As others have noted, perturbation
predictors should be evaluated along two distinct axes, response accuracy and perturbation
discrimination. Our results further suggest stratifying both metrics along the magnitude–
alignment continuum, and model development should similarly treat the two components
separately: cross-cell measurements and cell-agnostic gene knowledge may be particularly
effective for estimating β̄p, whereas target-cell data may be needed to refine rcp. The continuum
also suggests a strategy for experimental design. A relatively small set of high βp perturbations
can establish the shared-response direction in a new cell type, allowing more of the profiling
budget to be directed toward low-alignment perturbations whose responses carry distinctive
and less predictable biology.

There are limitations to this work, including the modest number of cells per perturbation
which results in uncertain estimation of the components (Supplementary Table A5). The current
perturbation set is enriched for essential genes, so testing functionally diverse perturbations will
establish whether the same shared-plus-specific organization persists beyond stress-dominated
responses. Extending the analysis to primary cells and additional cellular contexts will similarly
test how well β̄p and gp transfer beyond immortalized and cancer-derived cell lines and to
out-of-distribution pathways. Finally, COMPASS currently requires perturbations in the target
cell line to estimate uc; learning this direction from unperturbed cells, for example through
single-cell foundation model embeddings, could enable prediction in entirely new cellular
contexts without a perturbation calibration set.

Code, data and supplemental materials availability Code, processed response matrices,
split definitions, and scripts for reproducing the figures and tables is released at https:

//github.com/rohitsinghlab/compass. Source Perturb-seq datasets remain available from
their respective studies. Supplemental sections, figures and tables can be found at https:

//singhlab.net/compass/.
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Gene co-expression networks group genes into modules that approximate biological pro-
grams, but standard analyses summarize each module by its own activity and ignore what
the module’s network neighbors contribute. We adapt network spillover, a construct devel-
oped to quantify indirect (exogenous peer or spillover) effects that falls under the causal
inference concept of interference in social networks, to gene co-expression networks. Treat-
ing modules as units and the co-expression graph as the conduit of influence, we decompose
a module’s relationship to an outcome into a direct term, its own activity, and a spillover
term, the exposure it receives from other modules across between-module edges, and we
test whether cross-module spillover improves the predictive accuracy of an outcome beyond
that provided from its own direct activity. Applied to a longitudinal cynomolgus macaque
model of Mycobacterium tuberculosis infection, with lung FDG avidity as a measure of dis-
ease severity, cross-module spillover of a given module into myeloid modules during the
peak-response window predicts severity beyond the modules’ own activity, is stable under
resampling and cross-validation, and yields a platelet module whose own activity is uninfor-
mative while its spillover is not. The unsupervised network additionally recovers a coherent
map of blood cell lineages and immune programs. The associations are correlational. We
provide the framework as an open-access R package, QUESTIONS, and discuss extensions
to time-varying and single-sample networks.

Keywords: Gene co-expression networks; network spillover; interference; disease severity;
tuberculosis.
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1. Introduction

Biological function arises not from genes in isolation but from their coordinated activity.1

Gene co-expression networks have become a standard tool for representing this coordination,
grouping genes into modules that approximate pathways and cell-type programs and relating
those modules to phenotypes.2,3 When expression is profiled longitudinally, across develop-
ment, circadian cycles, disease progression, or response to a perturbation, the coordination
itself changes over time: modules gain and lose importance, and the relationships among genes
rewire as the biological context shifts.4,5 Capturing how network structure evolves, rather than
collapsing a time course into a single static picture, is widely recognized as necessary for un-
derstanding dynamic regulatory processes, since a network built from all time points pooled
together obscures precisely the transient structure that distinguishes one phase of a response
from the next.4

Most co-expression analyses stop at the level of individual modules, relating each module’s
own activity to phenotype but rarely asking whether the information carried between modules
is itself informative. Most temporal transcriptomic analysis still operates one gene at a time,
tracking expression trajectories while ignoring the coordinated structure that co-expression
is meant to capture.5 Where network structure is modeled over time, the dominant strate-
gies pursue a different goal than ours. One line of work estimates a separate network at each
time point, for example through time-varying graphical models, and asks how edges appear
or disappear;6,7 a second, network propagation, diffuses a signal such as a set of seed genes
across a fixed molecular network to amplify and prioritize associated genes, and has become
a mainstay of disease-gene discovery;8,9 a third, differential and single-sample co-expression
analysis, quantifies how much the wiring around a gene or module changes between condi-
tions or in an individual patient, and can relate that rewiring to clinical outcomes.10,11 These
approaches establish that network structure carries phenotypic information beyond mean ex-
pression. What none of them provides is a way to ask, for a given module, whether the activity
of its network neighbors carries information about an outcome over and above the information
in the module’s own activity, which is the question we take up here.

The above question has a direct precedent outside biology. In the analysis of interfer-
ence in social networks, spillover (or peer-exposure) methods quantify how a unit’s outcome
is shaped not only by its own treatment but by the treatments of the units it is connected
to.12 A concrete illustration comes from a stepped-wedge trial of a video-game intervention
designed to increase physicians’ Advance Care Planning (ACP) conversations with hospital-
ized patients.13,14 Physicians were connected through a shared-patient network constructed
from insurance billing records. Because physicians who had not yet received the intervention
still collaborated with those who had, the standard trial analysis risked conflating the inter-
vention’s direct effect with the effect of proximity to already-treated peers. Modeling each
physician’s network exposure separately from their own treatment status showed that peer
exposure predicted ACP billing in its own right, and that omitting it biased, and in some
specifications reversed, the estimated direct effect. Other areas of social science or medicine in
which peer-effects have been modeled include Medicare fraud15 or extreme spending in home
health care,15 polypharmacy in older people,16 the adoption of medical technologies such as
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robotic surgery,17 hospital adoption of implantable cardiac defibrillators,18 and physician will-
ingness to participate in research studies.19 The same logic underlying each of these examples
applies here: a module’s neighbors in a co-expression network may carry information about a
phenotype that the module’s own activity does not.

In recent work extending stepped-wedge cluster-randomized trials to account for inter-
ference, we represented a physician collaboration network as a weighted adjacency matrix,
row-normalized it to a transition matrix W whose entry (W)ij is the share of influence acting
upon actor i from actor j (by construction of the network, Wii = 0), and defined each actor’s
network exposure as the neighbor-weighted sum of other actors’ treatment, e = Wd.13,14 In-
cluding this exposure term alongside the direct-treatment term in an outcome model separates
an actor’s own effect from the peer-to-peer influence reaching it through the network. Ignoring
such spillover biases the estimated direct effect when interference is present.13 In the following,
our construction is deliberately generic: it requires only a weighted network in which the units
are nodes, a per-unit quantity to propagate, and an outcome.

We adapt the above statistical approach used to account for spillover effects in human and
institutional/organizational studies in which the actors have the potential to influence one
another such that one actors outcome might be affected by another actor’s treatment (“inter-
vening on the untreated”) to gene co-expression networks. We treat co-expression modules as
the units and a gene network as the conduit of influence, applying the same construction to a
distinct biological question. This decomposes each module’s relationship to an outcome into
a direct term (the module’s own activity) and a spillover term (the exposure it receives from
other modules through between-module edges). We then ask whether cross-module spillover
predicts the outcome beyond direct activity. We apply the method to a longitudinal cynomol-
gus macaque model of Mycobacterium tuberculosis infection in which whole-blood transcrip-
tomes are paired with lung FDG avidity, an imaging measure of disease severity.20 We provide
the framework as an R package, QUESTIONS.

2. The QUESTIONS framework

2.1. Direct and cross-module spillover on a co-expression network

Let A be the symmetric weighted adjacency matrix of a gene co-expression network on p

genes, partitioned into modules by a community assignment m(·). A biological network carries
signal between modules, not only within them. We therefore treat each module as a unit of
analysis whose outcome has two quantities: its own state (the direct term) and a neighbor-
weighted summary of the states of the modules it connects to (the exposure, or spillover, term).
The weights come from an (optionally) row-normalized network.12–14,21 We row-normalize the
network so that a module’s spillover reflects the proportion of its connections that are active
rather than their absolute number. This suits correlation-based edge weights and prevents
large modules from registering greater spillover merely as an artifact of their size. Retaining
the unnormalized adjacency is a defensible alternative under which influence is treated as
cumulative rather than proportional, at the cost of a spillover coefficient whose magnitude is
entangled with module connectivity.

To make the spillover term carry only cross-module influence, we first row-normalize the
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full adjacency matrix, Pgh = Agh/
∑

h′ Agh′ , so that each row of P is a gene’s distribution of
influence over all of its neighbors, and then retain only the between-module entries,

Wgh = Pgh⊮{m(g) ̸= m(h) }. (1)

We do not renormalize after this step, so the row sum of W is the fraction of gene g’s influence
that leaves its own module. This has a useful consequence: a gene wired predominantly to its
own module contributes little cross-module exposure, because most of its normalized weight
was assigned to within-module neighbors that are then removed. Restricting to between-
module weights prevents the spillover term from re-expressing a module’s own internal activity,
so that direct and spillover terms measure distinct quantities by construction.

For a unit of observation i (a sample, subject, or, in the case study below, an animal),
let di ∈ Rp be a gene-level effect vector, for example each gene’s departure from a reference
state (defined below). The gene-level spillover reaching each gene is the neighbor-weighted
departure ei = Wdi, exactly paralleling the social-network exposure e = Wd.13 We then
summarize both quantities per module.

Let GM ⊆ {1, . . . , p} index the genes of module M , and let Xi ∈ R|GM | denote unit i’s stan-
dardized expression of those genes. The module eigengene22 is the first principal component,
eigiM = v⊤

MXi, where vM is the leading loading vector of the standardized module-expression
matrix, sign-aligned so that vM correlates positively with mean module expression. We define
a departure operator relative to unit i’s own baseline samples Bi,

∆(zi) = zi −
1

|Bi|
∑
b∈Bi

zb, (2)

which subtracts a unit’s mean over its baseline samples. The direct term for module M is
the eigengene expressed as a departure, directiM = ∆(eigiM ), and the gene-level effect vector
propagated above is the per-gene departure, (di)g = ∆(xig) for gene g. The spillover term is
the mean of the gene-level spillover over the module’s genes,

spilliM =
1

|GM |
∑

g∈GM

(ei)g. (3)

In words, the direct term is how much module M itself departed from its reference, and the
spillover term is how much departure reached M from the rest of the network.

2.2. Outcome model

Given an outcome yi, the framework fits, for each module M ,

yi = β0 + βdir directiM + βspill spilliM + εi, (4)

with the direct and spillover terms standardized so that βspill is interpretable per standard
deviation sized change of the spillover predictor. The estimand of interest is βspill: whether a
module’s cross-module spillover predicts the outcome beyond the module’s own activity. The
link function is chosen to suit the outcome (identity, logistic, log, or otherwise). Because the
underlying network is an undirected co-expression graph, in which edges may arise through a
selective process such as preferential attachment23 rather than random assignment, βspill is an
association rather than a causal effect.
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2.3. Inference for small samples

Given the small sample sizes typical of omics studies, we pair the outcome model with
distribution-free and resampling inference to interpret βspill from the full (spillover) model rel-
ative to the reduced (direct-only) model. The partial spillover effect is tested by a Freedman–
Lane permutation scheme, which permutes the residuals of the direct-only model and re-
fits, yielding a distribution-free test of βspill that conditions correctly on the direct term;24,25

when many module× condition combinations are tested, permutation p-values are adjusted by
Benjamini–Hochberg over a pre-specified candidate family.26 Coefficient stability is summa-
rized by bootstrapping units to test for sign-consistency and to estimate confidence intervals of
βspill;27 added predictive value is summarized by repeated k-fold cross-validation, as the gain in
out-of-sample R2 from adding the spillover term to a direct-only model; and leave-one-unit-out
refitting is used as an influence check.

2.4. Implementation

The framework is implemented in the R package QUESTIONS (Quantifying Expression
Spillover Trajectories in Omic Network Series), which constructs the between-module weight
matrix, computes each module’s direct and spillover effects, and runs the outcome model
with the validation battery above. It is freely available at https://github.com/CarlyBobak/
QUESTIONS.

3. Case study: tuberculosis disease severity

3.1. Data and preprocessing

We applied the framework to GSE84152, a longitudinal study of Mycobacterium tuberculo-
sis infection in cynomolgus macaques in which whole-blood transcriptomes were profiled on
an Illumina HumanHT-12 v4 array (human gene symbols) at serial time points from two
pre-infection baselines through six months post-infection, with per-animal lung FDG avidity
measured by PET-CT as a surrogate for disease severity.20 The outcome is total lung FDG
avidity; because it is strongly right-skewed we modeled it on the log(1+ x) scale, standard for
total-glycolytic PET summaries and robust to a few high-burden animals. Expression was cor-
rected for batch structure across processing runs with the empirical-Bayes ComBat method.28

Each per-animal, per-gene departure was computed relative to that animal’s own pre-infection
baseline, so the propagated quantity is a within-animal response and between-animal baseline
differences are removed. The analysis included n = 37 animals. Nine time points were profiled
per animal (two pre-infection baselines and seven post-infection: days 7, 10, 20, 30, 42, and
56, and month 3). Pooling the per-animal, per-time-point profiles that passed quality control
yields the 337 windowed samples used to build the network.

3.2. Consensus network construction

To focus the network on genes that respond to infection rather than on constitutive co-
variation, we restricted the analysis to infection-responsive genes identified by a moderated
F -test for any change across any time points, with within-animal correlation accommodated by
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treating animal as a blocking factor via duplicateCorrelation and using an empirical-Bayes
variance estimator;29–31 genes passing a false-discovery threshold of 0.01 were retained (3,829
genes). Over these genes we built a single consensus network, aggregated across 337 windowed
samples so that it reflects coordination sustained across the time course rather than the
structure of any one time point. Gene pairs were joined by a signed mutual k-nearest-neighbor
rule (k = 50): an edge is kept only when each gene lies in the other’s k-neighborhood.32 The
reciprocal criterion prunes one-sided ties, yielding a sparse, modular graph that preserves the
between-module bridges the spillover analysis requires.

3.3. Module identification

Communities were detected with Infomap, a flow-based method that partitions the graph by
compressing the description of a random walk over it;33 each community defines a module,
and each module is summarized by its eigengene as in Section 2. The resulting network is
strongly modular (modularity 0.761, within-module edge fraction 0.83).

3.4. Pathway enrichment and module annotation

Modules were annotated by over-representation analysis against curated gene-set collections,
using the responsive-gene network as background so that enrichment reflects structure within
the analyzed set.34,35 Because a single immune-centric collection under-annotates non-immune
modules and a naive top-hit-per-collection rule is dominated by large generic terms, we com-
bined a cell-type call from the Blood Transcription Modules36 with a specificity-scored (term
frequency–inverse document frequency, TF–IDF) pooling of hits across each of GO biolog-
ical process, Reactome, WikiPathways, and MSigDB Hallmark.37 Enrichment is considered
corroborating evidence of the network’s biological coherence, not as independent statistical
validation of the spillover results, since the same modules carry both.

3.5. Candidate selection and testing

Applying the outcome model of Section 2, candidate module× time-point combinations were
restricted, before examining the outcome, to the modules with the most pronounced descrip-
tive spillover dynamics (Figure 1). This outcome-independent pre-selection (the “candidate
family”) fixes the set of tests before any outcome is examined. The 15 modules with the most
pronounced descriptive spillover dynamics, each evaluated at the seven post-baseline time
points, give the 105 tests over which Benjamini–Hochberg correction is applied. The direct
and spillover terms were standardized, the model fit with an identity link on the log(1 + x)

outcome across n = 37 animals, and βspill evaluated with the permutation, bootstrap, cross-
validation, and leave-one-out procedures described in Section 2.

4. Results

4.1. Cross-module spillover predicts severity beyond direct activity

Across the pre-specified family of 105 module× time-point tests, spillover clears Benjamini–
Hochberg adjustment for five combinations, all in myeloid or platelet modules and all in
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(a) Spillover of baseline departure.
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(b) Spillover of the timepoint increment.

Fig. 1: Cross-module spillover dynamics over the infection time course, and the
two questions spillover can ask. Each cell is the mean cross-module spillover received by
a module (row) at a time point (column): the between-module, neighbor-weighted departure
defined in Section 2, averaged over animals and over the module’s genes. Warm values indicate
a module receiving positive cross-module influence, cool values the reverse. The panels differ
only in how each gene’s change is defined before it is spread across the network: relative to
the pre-infection baseline in (a), or as the change from the preceding time point in (b). In
(a) spillover reads as the cumulative cross-module influence that has accrued relative to the
healthy state. In (b) spillover reads as the influence being exchanged at each interval. The
two views pose different temporal questions of the same network, cumulative burden versus
instantaneous exchange, and clarify that spillover is a lens applied to a chosen departure
rather than a fixed quantity. Modules with the most pronounced spillover dynamics, selected
independently of the outcome, defined the candidate set carried to the outcome model.

the peak-response window (Table 1). The strongest are cross-module spillover into the neu-
trophil/inflammatory module M8, at both day 42 and month 3, and into the platelet module
M6 at day 56, each at adjusted p = 0.017; spillover into the monocyte module M91 follows at
day 30 and day 42 (adjusted p = 0.026 and 0.052). All five carry a large positive standardized
spillover coefficient (for example M8 at day 42, βspill = 8.14, bootstrap 95% CI [5.42, 11.67];
M91 at day 30, 7.72, [3.01, 11.60]; M6 at day 56, 2.45, [0.47, 3.98]), are sign-stable in 100% of
bootstrap resamples, are robust to leave-one-animal-out, and improve out-of-sample prediction
(cross-validated ∆R2 between +0.23 and +0.39). The spillover p-values are corrected across the
full family whereas the direct-term p-values are reported unadjusted, so this comparison holds
spillover to the stricter standard. The signal concentrates in the day-42 to month-3 window,
coinciding with the peak transcriptional response reported for this cohort.20
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Table 1: Cross-module spillover predicts lung FDG avidity beyond a module’s own activity.
Outcome is log(1 + total lung FDG avidity); βspill is the standardized spillover coefficient (per
SD), with a bootstrap 95% confidence interval over animals. pperm is a Freedman–Lane per-
mutation p-value for the partial spillover effect; pBH is Benjamini–Hochberg adjusted p-values
across all 105 module× timepoint tests. ∆R2

CV is the repeated 5-fold cross-validated gain in
out-of-sample R2 from adding spillover to a direct-only model. pdirect is the direct-term (mod-
ule eigengene) p-value in the same model, reported unadjusted, so the spillover effect is held to
a stricter multiple-testing standard than the direct term. All five combinations are sign-stable
in 100% of bootstrap resamples and robust to leave-one-animal-out.

Module Time βspill 95% CI pperm pBH ∆R2
CV pdirect

M8 (neutrophil/inflammatory) D42 8.14 [5.42, 11.67] 5× 10−4 0.017 +0.389 2.9× 10−4

M8 (neutrophil/inflammatory) M3 7.27 [3.82, 11.18] 5× 10−4 0.017 +0.296 3.1× 10−3

M6 (platelet/coagulation) D56 2.45 [0.47, 3.98] 5× 10−4 0.017 +0.227 0.118
M91 (monocyte, Fc-receptor) D30 7.72 [3.01, 11.60] 1× 10−3 0.026 +0.230 5.8× 10−3

M91 (monocyte, Fc-receptor) D42 6.90 [3.18, 11.25] 2× 10−3 0.052 +0.230 4.1× 10−3

4.2. Direct activity and spillover capture distinct information

The platelet module M6 best illustrates what the spillover value. Its cross-module spillover
is among the strongest predictors of severity (day 56, adjusted p = 0.017; Figure 2b), yet its
own activity is uninformative (direct-term p = 0.118). Thus, this framework allows a module
whose activity carries no outcome signal to still receive outcome-relevant spillover through
the network. The interferon module M29 shows the opposite pattern. Its spillover never clears
correction (best adjusted p = 0.62), while its own activity is strongly associated with severity
(direct-term p = 2.8× 10−5 at day 42). M6 carries outcome information through its neighbors
and M29 through its own activity, which shows that the two terms capture different informa-
tion rather than restating each other. A binary high/low FDG outcome recovered essentially
no spillover signal, consistent with dichotomization discarding graded severity.

4.3. The unsupervised network recovers coherent blood biology

The network recovers a coherent map of the major hematopoietic lineages and immune
programs, erythroid, translation, neutrophil, interferon, complement, T, B, NK, monocyte,
plasma, and platelet modules, with no cell-type input; the full network is shown in Figure 3).
The outcome-associated modules sit where TB immunopathology would place them: M8 and
M91 in the myeloid-inflammatory compartment active during the peak-response window (Fig-
ure 2a), and M6 in platelet/coagulation biology (Figure 2b). The myeloid core is densely inter-
coupled while M6 is peripheral, coupling to the myeloid modules at near-zero degree-adjusted
strength, so the M6 spillover signal does not travel an identifiable myeloid route. Spillover
reaches a module over all of its between-module edges regardless of the confidence tier of the
neighbor. M6’s signal therefore arrives through its individually weak, non-myeloid connections
rather than any strong link to the myeloid core, which is why no single coupling in Figure 2
accounts for it.
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(a) Myeloid-core meta-network.

GNG11

ITGB5

LOC388588

MYL9

NCK2

Septin 5

TGFB1I1

TREML1

TSPAN9

TUBB1

M6: Platelet / integrin adhesion

(b) Platelet module M6.

Fig. 2: Network structure behind the spillover result. (a) Meta-network of the myeloid
core: each node is a module, sized by gene count, and each edge a degree-adjusted cou-
pling strength R between modules, with only above-chance couplings drawn and edge width
scaled to R. The monocyte module M91 sits at the hub, coupling most strongly to the en-
dosomal module M12 (R = 4.7) and linking the complement (M35), interferon (M29), and
neutrophil (M8) modules. Gene-level zoom insets show the internal hub structure of M8 and
M12. Spillover into M8 and M91 during the peak-response window predicts disease severity.
(b) The platelet/coagulation module M6 at gene level, with platelet-specific hubs (MYL9,
TREML1, ITGB5, TUBB1, GNG11). In contrast to the densely inter-coupled myeloid core,
M6 is peripheral: its degree-adjusted coupling to the myeloid modules is near zero. Its spillover
is associated with severity even though its own activity is not (Section 4)

5. Discussion

We have shown that network spillover, a construct developed in the analysis of interference
in social networks, transfers to gene co-expression networks and captures temporal biological
signals that a module’s own activity does not. The framework separates a module’s own
activity from the activity that reaches it across between-module edges, and tests whether the
latter predicts an outcome beyond the former. In a longitudinal model of tuberculosis this
decomposition identified cross-module spillover into myeloid modules as predictive of disease
severity, stably and out of sample, and produced a clean case, the platelet module, in which
the module’s own activity was uninformative while its spillover was not.

The platelet module M6 invites an analogy to interference in randomized trials, where
a control unit that acquires exposure through its treated peers can appear affected despite
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M10 Mitochondrial function

M12 Endosomal acidification

M17 Oxidative phosphorylation

M200 Cell fusion / syncytium

M23 TLR / innate signaling (IRF−TRAF)

M25 Cell cycle / mitosis
M39 Nucleotide biosynthesis

M47 Nuclear pore / transport

M5 DNA repair (NER)

M55 RNA processing / splicing

M59 Uncharacterized / poorly−annotated

M62 Nucleotide / RNA metabolism

M77 RNA processing / splicing

M1 Erythroid (heme/hemoglobin)

M11 T cells (TCR / costimulation)

M20 Natural killer cells

M207 Plasma cells (immunoglobulins)

M29 Type I interferon / antiviral

M30 B cells (B−cell receptor)

M35 Complement / antigen presentation

M7 Cytoplasmic translation

M6 Platelet / integrin adhesion

M8 Neutrophil / inflammatory (TLR)

M91 Monocyte (Fc−receptor)

Fig. 3: The full infection-responsive co-expression network. All non-isolated genes,
laid out by a force-directed algorithm and colored by module (high- and medium-confidence
modules only; tentative modules in gray italic, unannotated modules unlabeled). Isolated
singletons are omitted. The network recovers the major hematopoietic lineages and immune
programs as distinct communities with no cell-type input; the outcome-associated modules
M6, M8, and M91 are emphasized.

no direct assignment. Here, M6’s own activity is uninformative about severity, yet outcome-
relevant signal reaches it across the network. The analogy is partial. In a trial, contamination is
a nuisance that biases the treatment-effect estimate and is adjusted away. Here, the neighbor-
borne signal is the quantity of interest.

This paper fills a gap left by existing approaches to network structure in biology. Network
propagation diffuses a seed signal over a fixed network to amplify and prioritize genes,8,9 and
differential and single-sample co-expression methods quantify how wiring changes between
conditions or individuals and relates that change to outcomes;10 both establishing that network
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structure carries phenotypic information. What the spillover decomposition adds is the explicit
separation of a module’s own signal from its neighbors’ contribution within a single outcome
model, so that the neighbor contribution can be tested on its own terms. The two descriptive
views of spillover in Figure 1, one relative to a pre-infection baseline and one as a timepoint
increment, show that the same construction answers different temporal questions depending
on the departure that is propagated.

Although the framework is the focus, the biological hits are plausible and literature-
consistent, which supports the method’s validity. The modules whose spillover tracked severity
are the myeloid neutrophil and monocyte programs, and the network recovered the canonical
type I interferon signature as a distinct module, all of which are central to the blood transcrip-
tional response to M. tuberculosis and to the source cohort’s own findings on FDG-defined
severity.20 The platelet module is likewise coherent with a growing literature on platelet in-
volvement in tuberculosis immunopathology.38 We emphasize that these associations are cor-
relational and that a full immunological interpretation is beyond the scope of this paper.

Several limitations bound these conclusions. The most important is that every result is
conditional on the inferred network. Spillover is defined over the between-module edges, so
a mis-estimated network, wrong edges, missed edges, or an unstable community partition,
propagates directly into the spillover term and into every downstream test. Co-expression
networks are sensitive to construction choices such as the similarity measure, sparsification,
and community-detection algorithm, and our use of a single fixed consensus network conditions
the entire analysis on one such choice. A different but equally defensible network could shift
which modules and bridges carry the signal. Second, and common to longitudinal omics, the
sample size is small (n = 37 animals from a single cohort with no external replication), which is
why inference rests on permutation, bootstrap, cross-validation, and leave-one-out rather than
on parametric p-values, and why candidate modules were pre-specified independently of the
outcome. The surviving associations should nonetheless be read as strong internal evidence
awaiting replication rather than as established effects. Third, the enrichment that anchors the
biological reading corroborates the network’s coherence but does not independently validate
the spillover results, since the same modules carry both. Fourth, the direction of influence
is not identified. The network is undirected co-expression, and although temporal ordering
offers a directionality proxy, spillover between modules does not establish that one module
drives another, so the results are associational. Fifth, the module summaries (eigengenes) and
the mean-over-genes spillover summary discards within-module heterogeneity, and results can
depend on the resolution at which communities are defined. Finally, the platform is an older
microarray with deprecated probe annotations, which limits annotation of some modules, and
the outcome is a single imaging surrogate of severity rather than a clinical endpoint.

The clearest extensions concern the network itself. Our analysis propagates per-animal
departures over one network fixed across the time course, which assumes the wiring is stable
even as expression changes; a natural next step is to let the network vary over time, so
that spillover is computed on timepoint-specific or window-specific networks and can capture
rewiring rather than only changing node states. A complementary direction operates at the
level of individuals. Single-sample network inference, in particular LIONESS, estimates a
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network for each sample by measuring how the aggregate network shifts when that sample
is left out,39 so that spillover could be computed on per-sample networks and related to
per-sample outcomes, turning the present fixed-network analysis into one that also captures
individual network heterogeneity. Because such per-sample networks yield an individual-level
spillover profile, this is also the natural route to patient stratification and precision-medicine
applications of the framework. Both directions would let the framework ask not only whether
a module’s neighbors carry outcome information, but whether the connections themselves
reorganize over time or across individuals in outcome-relevant ways. Further extensions include
incorporating lagged spillover terms to model influence that acts across, rather than within,
time points, and applying the same decomposition to other network types and omics layers,
since the construction requires only a weighted network over units, a per-unit quantity to
propagate, and an outcome.

6. Conclusion

Network spillover offers a principled way to ask a question that standard co-expression analysis
leaves unaddressed: whether the activity of a module’s network neighbors carries information
about an outcome beyond the module’s own activity. By adapting the direct-versus-spillover
decomposition from the analysis of interference in social networks, and pairing it with small-
sample inference, the QUESTIONS framework makes that question testable on temporal omics
data. In a longitudinal model of tuberculosis it identified cross-module spillover into myeloid
modules as predictive of disease severity and recovered coherent blood biology without super-
vision, including a platelet module whose spillover predicted severity while its own activity
did not. The approach is general, requiring only a weighted network over units, a per-unit
quantity to propagate, and an outcome, and it extends naturally to time-varying and single-
sample networks. As longitudinal and multi-omic studies grow, network spillover effect mod-
eling and associated statistical tests provide a compact, interpretable lens on how influence
travels through biological networks.

Use of large language models

The network-spillover methodology adapted here was developed in the social-network set-
ting without the use of large language models.13,14 In preparing this adaptation to gene co-
expression networks, the authors used an LLM-based assistant in a supporting role: to help
draft and revise manuscript text, to assist in writing and debugging R-package code, and to
help prepare figures and documentation. All methodological, modeling, and scope decisions
were made by the authors, who ran every analysis, verified all code and numerical results
against the underlying data, and take full responsibility for the content. The assistant did not
generate data or produce results autonomously.
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9. G. Visonà, E. Bouzigon, F. Demenais and G. Schweikert, Network Propagation for GWAS Anal-
ysis: A Practical Guide to Leveraging Molecular Networks for Disease Gene Discovery, Briefings
in Bioinformatics 25, p. bbae014 (2024).

10. L. Wei, Y. Xin, M. Pu and Y. Zhang, Patient-specific Analysis of Co-expression to Measure
Biological Network Rewiring in Individuals, Life Science Alliance 7, p. e202302253 (2024).

11. D. M. Gysi, T. de Miranda Fragoso, F. Zebardast, W. Bertoli, V. Busskamp, E. Almaas and
K. Nowick, Whole Transcriptomic Network Analysis Using Co-expression Differential Network
Analysis (CoDiNA), PLOS ONE 15, p. e0240523 (2020).

12. M. G. Hudgens and M. E. Halloran, Toward Causal Inference With Interference, Journal of the
American Statistical Association 103, 832 (2008).

13. A. J. O’Malley, C. A. Bobak and A. E. Barnato, Causal Inference for Intervention Spillover in
a Stepped-Wedge Cluster-randomized Trial: Lessons from a Physician Network, Social Networks
86, 431 (2026).

14. C. A. Bobak, M. A. Murphy, A. E. Barnato and A. J. O’Malley, Gaming the System: Evaluat-
ing Spillover in a Video Game Intervention for Advance Care Planning using Physician Social
Networks, Health Services and Outcomes Research Methodology (2026).

15. A. J. O’Malley, T. A. Bubolz and J. S. Skinner, The diffusion of health care fraud: A bipartite
network analysis, Social Science & Medicine 327, p. 115927 (June 2023).

16. X. Ran, N. E. Morden, E. Meara, E. L. Moen, D. N. Rockmore and A. J. O’Malley, Exploiting re-
lationship directionality to enhance statistical modeling of peer-influence across social networks,
Statistics in Medicine 43, 4073 (September 2024).

17. G. Chen and A. J. O’Malley, Developing and Comparing Four Families of Bayesian Network
Autocorrelation Models for Binary Outcomes: Estimating Peer Effects Involving Adoption of
Medical Technologies, Biometrical Journal. Biometrische Zeitschrift 67, p. e70030 (February
2025).

18. A. J. O’Malley, E. L. Moen, J. P. W. Bynum, A. M. Austin and J. S. Skinner, Modeling peer
effect modification by network strength: The diffusion of implantable cardioverter defibrillators
in the US hospital network, Statistics in Medicine 39, 1125 (April 2020).

19. C. A. Bobak, D. Mohan, M. A. Murphy, A. E. Barnato and A. J. O’Malley, Constructing within
and between hospital physician social networks for modeling physician research participation,
BMC Medical Research Methodology 23, p. 253 (October 2023).

20. H. P. Gideon, J. A. Skinner, N. Baldwin, J. L. Flynn and P. L. Lin, Early Whole Blood Transcrip-

Pacific Symposium on Biocomputing 2027

792



tional Signatures Are Associated with Severity of Lung Inflammation in Cynomolgus Macaques
with Mycobacterium tuberculosis Infection, The Journal of Immunology 197, 4817 (2016).

21. P. M. Aronow and C. Samii, Estimating Average Causal Effects Under General Interference,
with Application to a Social Network Experiment, The Annals of Applied Statistics 11, 1912
(2017).

22. P. Langfelder and S. Horvath, Eigengene Networks for Studying the Relationships Between Co-
expression Modules, BMC Systems Biology 1, p. 54 (2007).

23. A.-L. Barabasi and R. Albert, Emergence of Scaling in Random Networks, Science 286, 509
(October 1999).

24. D. Freedman and D. Lane, A Nonstochastic Interpretation of Reported Significance Levels,
Journal of Business & Economic Statistics 1, 292 (1983).

25. A. M. Winkler, G. R. Ridgway, M. A. Webster, S. M. Smith and T. E. Nichols, Permutation
Inference for the General Linear Model, NeuroImage 92, 381 (2014).

26. Y. Benjamini and Y. Hochberg, Controlling the False Discovery Rate: A Practical and Powerful
Approach to Multiple Testing, Journal of the Royal Statistical Society: Series B 57, 289 (1995).

27. B. Efron, Bootstrap Methods: Another Look at the Jackknife, The Annals of Statistics 7, 1
(1979).

28. W. E. Johnson, C. Li and A. Rabinovic, Adjusting Batch Effects in Microarray Expression Data
Using Empirical Bayes Methods, Biostatistics 8, 118 (2007).

29. M. E. Ritchie, B. Phipson, D. Wu, Y. Hu, C. W. Law, W. Shi and G. K. Smyth, limma Powers
Differential Expression Analyses for RNA-sequencing and Microarray Studies, Nucleic Acids
Research 43, p. e47 (2015).

30. G. K. Smyth, Linear Models and Empirical Bayes Methods for Assessing Differential Expression
in Microarray Experiments, Statistical Applications in Genetics and Molecular Biology 3, p.
Article 3 (2004).

31. G. K. Smyth, J. Michaud and H. S. Scott, Use of Within-array Replicate Spots for Assessing
Differential Expression in Microarray Experiments, Bioinformatics 21, 2067 (2005).
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Physiological mechanisms connect molecular changes to measurements such as blood pres-
sure and plasma metabolite concentrations. We developed PhysioMap to represent these
connections across biological scales. PhysioMap defines physiological traits through ontolo-
gies and distinguishes causal influence, production, constitution, quantitative identity, and
modulation. A versioned projection maps entailed ontology patterns to typed constraints
on quantitative structural causal models. A derivative-sign abstraction supports qualitative
prediction of intervention responses at a stable equilibrium with feedback. The resource con-
tains 1,699 traits and 2,387 typed relations. Expert review assessed 83 relations across all five
types. In a rare metabolic disease evaluation against the Human Phenotype Ontology an-
notation corpus, the solver returned 175 directions across 870 downstream gene–phenotype
pairs. Of these directions, 171 agreed with the reference, giving 97.7% agreement at 20.1%
coverage. We compared forward predictions and inverse lesion rankings with shortest signed
paths and signed diffusion on the same reference. PhysioMap connects physiological trait
definitions to executable intervention queries and supports the assembly of models from
explicitly typed physiological knowledge.

Keywords: systems biology; computational physiology; causal knowledge graph; ontology;
structural causal model; qualitative abstraction; comparative statics; feedback; abduction.

1. Introduction

Physiological interventions can affect several organs through feedback. For example, in-
hibiting angiotensin-converting enzyme (ACE) reduces its activity in the renin–angiotensin–
aldosterone system, which connects angiotensin II to vascular resistance, renal sodium han-
dling, and blood pressure. A model must combine these dependencies to predict the direction
of the blood-pressure response. A measured trait also needs a precise meaning: plasma an-
giotensin II concentration specifies a chemical, a quantity, and its compartment.

We define a physiological trait as a quality borne by an entity or process in a specified
biological context. Forward prediction takes an intervention on one or more traits and com-
putes which other traits increase or decrease after the system reaches a new equilibrium.

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC)
4.0 License.
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Abduction takes observed trait directions and ranks interventions that explain them. Rare
metabolic diseases supply an application: an HFE-associated defect reduces hepcidin, which
alters ferroportin-dependent iron handling and measurable iron traits. Here, a lesion variable
denotes the primary activity or physiological function affected by a gene-associated disease
mechanism.

Directed resources such as SIGNOR, OmniPath, INDRA, Reactome, and KEGG provide
regulatory, signaling, and reaction knowledge.1–5 Network propagation spreads information
through their connections,6,7 while sign-consistency and optimization methods find network
explanations for measured molecular changes.8,9 Predicting an intervention response in a feed-
back system additionally requires a rule for combining coupled mechanisms and opposing
contributions. Parameterized differential equations supply that rule, and Physiome, CellML,
BioModels, and HumMod provide reusable quantitative models.10–13 Their assembly across
organs requires compatible variables, equations, and parameters.

Earlier physiomaps represent physiological processes and participants, and Chalkboard
traces qualitative perturbations through their networks.14,15 Toonsi et al. connect knowledge
graphs to causal and probabilistic semantics and use graph-guided mediation to analyze drug–
disease effects in population data.16 PhysioMap develops these ideas for quantitative physio-
logical traits, relation-specific structural constraints, and qualitative equilibrium responses in
cyclic systems.

Entity–quality ontology patterns define traits using anatomy, chemicals, proteins, pro-
cesses, and qualities.17–19 Web Ontology Language (OWL) reasoning classifies these definitions
and entails relations among them. To compute interventions, these logical relations require
an explicit causal interpretation.20 Structural causal models (SCMs) supply such an inter-
pretation: a perfect intervention replaces the equation for the intervened variable and retains
the other equations.21,22 Extensions to cyclic systems accommodate physiological feedback.23,24

The representation must also distinguish causal influence from production, constitution, quan-
titative identity, and modulation, because these relations constrain different mathematical
objects.

We collected physiological statements from textbooks, quantitative models, curated re-
sources, and expert curation; classified their relation types; and encoded them in an OWL
knowledge base. A versioned projection transforms entailed patterns into a typed causal
knowledge graph (CKG) that constrains a class of quantitative SCMs. Derivative signs pro-
vide a qualitative abstraction of those constraints. We implemented a feedback-aware solver
for first-order responses and a separate modulation query. We evaluate forward prediction of
directional phenotypes and abduction of single-lesion hypotheses in rare metabolic disease,
and use focused semantic checks to assess how the typed representation handles intervention.

Data and code availability. The knowledge base, projection registry, software, evaluation
inputs, and expert
review are available at https://github.com/bio-ontology-research-group/physiomap/.
Supplementary material is hosted at https://github.com/bio-ontology-research-group/
physiomap/releases/download/v1.1.2/supplement.pdf. An interactive map and interven-
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tion interface is available at https://bio2vec.net/physiomap/. Software uses BSD 3-Clause;
the map, benchmark data, and documentation use CC BY 4.0.

2. Methods

2.1. Ontology and trait semantics

We represent PhysioMap as an OWL 2 terminological knowledge base (TBox) K with standard
OWL semantics.25 Its upper level distinguishes continuants, processes, and traits. Imported
modules provide classes for chemicals, proteins, cells, anatomy, processes, and qualities from
Chemical Entities of Biological Interest (ChEBI), the Protein Ontology (PR), the Cell On-
tology (CL), Uberon, the Gene Ontology (GO), and the ontology of phenotypic qualities
(PATO).17,26–30

We use the entity–quality phenotype pattern to define a trait as a quality borne by an
entity or process in a biological context.18,19 A named trait Ti has the necessary conditions

K |= Ti ⊑ Trait⊓∃ hasPart.
(
Ei⊓∃κi.Ci⊓∃ hasQuality.QE

i

)
, κi =

{
contextPartOf Ei continuant

occursIn Ei process,
(1)

where Ei is the characterized entity or process, Ci its recorded context, and QE
i an entity-

specific subclass of the PATO quality Qi. We omit the context conjunct when no context is
recorded. The relation contextPartOf localizes a continuant, whereas occursIn localizes a process
and propagates along parthood (occursIn ◦ partOf ⊑ occursIn). The PATO hierarchy determines
whether a quality requires a continuant or process bearer.

Parthood connects trait definitions across scales. For composable qualities, the reasoner
groups traits by their bearers or their bearers’ parts. For example, plasma volume, erythrocyte
volume, and blood volume share the group volume of blood or its parts. Quantitative compo-
sition is specified separately through the identities and constitutive relations below. Extensive
quantities such as volume admit these grouping rules; intensive quantities such as pressure
require their own measurement model.

Causal axioms describe a type-level capacity. We encode that capacity with the col-
lection pattern for biological function.31 Each trait class T has an associated collection
T all, with T ⊑ ∃memberOf.T all and T all ⊑ ∃ hasMember.T . A causal axiom has the form
T all
t ⊑ ∃ hasMember.(∃ causedBy.Ts): some member of the target collection is caused by an in-

stance of the source. These existential axioms remain in the OWL 2 EL profile. Production
and modulation use corresponding patterns, with modulation qualifying the causal influence
whose slope it changes. Suppl. Sec. S1.2 gives the complete collection axioms. The projection
supplies their interventional interpretation.

2.2. Projection from ontology to a causal knowledge graph

We next project the OWL knowledge base into a causal knowledge graph (CKG), that is, a
knowledge graph with an explicitly interpreted causal edge type.16 Let V be its named trait
classes and Ec ⊆ V ×V its causal-influence edges. The CKG also contains the typed production,
constitution, quantitative-identity, and modulation relation instances defined below. A binary
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relation instance Ts → Tt labeled r is present whenever K entails a relational pattern that the
finite, versioned registry Π registers for relation type r. Each pattern ρ ∈ Π defines an arity,
direction, relation type, OWL class-expression premise φρ, and the relation instance produced
when that premise is entailed:

K |= φρ(Ts, Tt) =⇒ Ts
ρ−→ Tt. (2)

Higher-arity patterns analogously produce typed hyperedges. The causal pattern, for example,
has φρ(Ts, Tt) =

(
T all
t ⊑ ∃ hasMember.(∃ causedBy.Ts)

)
, so the entailment holding of ACE activity

and angiotensin II yields the causal edge between those two traits.
Projection follows entailments.32,33

2.3. Structural causal model semantics for typed relations

The projection targets a class M(K,Π) of quantitative structural causal models. Trait Ti de-
notes an endogenous random variable Xi, and xi a realized value. Exogenous random variables
Ui enter the differentiable dynamics ẋi = Fi(xi, xpa(i), Ui). We assume a locally unique equilib-
rium x∗ with a Hurwitz Jacobian and local self-regulation ∂Fi/∂xi < 0. A perfect intervention
do(xA = θA) replaces the mechanism or defining equation of each xa by xa = θa, removes its
incoming functional dependencies, and leaves all other equations unchanged.21,34,35 Relation
typing matters because it determines whether an intervention replaces a causal mechanism, a
constitutive constraint, or a quantitative identity.

To define a direct effect, we let xt re-equilibrate after an intervention on xs while keeping
every other variable at its reference value. Differentiating the target equilibrium equation and
using negative self-regulation gives the direct-effect sign identity:

Dst :=
dx∗t
dθ

∣∣∣∣
do(xs=θ, xj=x∗

j (j ̸=s,t))

= − ∂Ft/∂xs
∂Ft/∂xt

, sign(Dst) = sign

(
∂Ft

∂xs

)
. (3)

For a multivariate function, σj denotes the sign of its partial derivative with respect to
argument j. Table 1 gives the quantitative constraint for each first-order relation type, its
derivative-sign abstraction, and a PhysioMap example.
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Table 1. Structural causal model semantics, derivative-sign abstractions, and examples for the
first-order relation types. Dst is the direct effect in Eq. (3).

Relation Quantitative constraint and
derivative-sign abstraction

PhysioMap example

Causal
influence

The target mechanism Ft depends
non-constantly on xs;
σst = sign(∂Ft/∂xs) = sign(Dst).

More plasma ACE directly raises
plasma angiotensin II:
DACE,AngII > 0.

Production Ft = Rt + ϵptqpt(xp), with q′pt > 0 and
ϵpt ∈ {−1,+1}; σpt = ϵpt = sign(Dpt).

A higher adrenal
aldosterone-secretion rate raises
plasma aldosterone.

Constitution A whole is determined by its
constituents: Xw = Cw(Xp1 , . . . , Xpr),
with sign(∂Cw/∂xpj ) = σj for
j = 1, . . . , r.

Adipose-tissue mass contributes
positively to total body weight.

Quantitative
identity

A named random variable is exactly a
function of its arguments:
Xq = Qq(Xa1 , . . . , Xaℓ), with
sign(∂Qq/∂xaj ) = σj for j = 1, . . . , ℓ.

Mean arterial pressure = cardiac
output × total peripheral resistance;
both partial derivatives are positive.

Sign annotations belong to a derived abstraction of the quantitative constraints. The
abstract value σ = ? denotes non-constant direct dependence with an unresolved derivative
sign. Constitution and quantitative identity are directed: an intervention on the result replaces
its defining equation while retaining the equations of its arguments.

A modulation (m; (s, t), µ), where µ is the mixed-derivative sign, is a (node, causal-influence
edge) tuple in H ⊆ V × Ec. Its semantics is a paired intervention on modulator and source,

F̃t(θ, η) := Ft |do(xs=θ, xm=η), sign

(
∂2F̃t

∂η ∂θ

)
= µ. (4)

With other arguments held fixed, the sign states whether increasing xm makes the mecha-
nism slope ∂Ft/∂xs more or less positive. For example, cortisol increases the positive slope of
the peripheral-resistance mechanism with respect to norepinephrine. Modulation is retained
in H and supports a separate gain query. The first-order experiments use causal influence,
production, quantitative identity, and constitution. A first-order effect of a modulator enters
through an independently authored causal influence. The gain query combines the modulator’s
response with the mixed-derivative sign to determine how the signed slope changes. Suppl.
Secs. S9.2 and S9.3 specify the second-order and population interpretations.

2.4. First-order derivative-sign abstraction and feedback-aware prediction

The quantitative SCM supplies the semantics; the PhysioMap solver reads only its first-order
derivative-sign abstraction. The direct effects above keep the rest of the system fixed. Forward
prediction instead asks for the total effect after every other variable re-equilibrates. At the
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assumed equilibrium F (x∗, θ) = 0, the total effect is the comparative static

dx∗

dθ
= −

(
∂F

∂x

)−1 ∂F

∂θ
. (5)

The inverse Jacobian couples all variables in a feedback component. The signs of its entries
may determine a response direction, or unavailable derivative magnitudes may leave it unre-
solved.23,24,36 The PhysioMap solver returns ? in the latter case.

The relation types constrain the SCM differently. The PhysioMap solver projects the first-
order derivative constraints for causal influence, production, and quantitative identity into a
signed dependency graph G∂ = (V,E∂), whose signed adjacency pattern defines one signed Ja-
cobian. The PhysioMap solver represents constitution through a separate constitutive depen-
dency graph Gκ = (V,C) on the same vertices, with (pj , w) ∈ C labeled σj for each constituent
in Table 1; adipose-tissue mass and lean-body mass each constitute total body weight. The
constitutive dependency graph is acyclic because scales are strictly hierarchical, so no trait
constitutes one of its own constituents, and determination is transferred along it in topological
order by

sign

(
dx∗w
dθ

)
=

⊕
(pj ,w)∈C

σj · sign
(
dx∗pj

dθ

)
, (6)

where · and
⊕

are the sign product and parallel combination defined below, and a constituted
variable that also carries a causal sign combines the two the same way. Determination proceeds
from constituents to the whole. The signed dependency graph can contain cycles, so computing
downstream effects must account for feedback.

After intervention, we remove the incoming dependencies of the target from G∂, yielding
G

do(k)
∂ , and decompose this graph into strongly connected components and process their acyclic

condensation graph in topological order. A singleton uses sign algebra over {+,-,0,?} with
+ · + = - · - = +, + · - = -, and 0 annihilating products. An unknown factor absorbs a non-zero
factor. The sign of a chain is the product of its edge signs. For parallel contributions, 0 is
neutral, agreeing non-zero signs retain that sign, and opposing or unknown contributions give
?. For a feedback component S, let JS be its Jacobian sign pattern and bS its signed forcing.
The implicit function theorem and Cramer’s rule give

sign

(
dx∗i
dθ

)
= sign

(
det J

(i)
S

det JS

)
, J

(i)
S = JS with column i replaced by −bS . (7)

For a component with m variables, differentiating its equilibrium equations gives JSz = −bS.
Cramer’s rule gives Eq. (7). A real Hurwitz matrix has determinant sign (−1)m; real eigenval-
ues contribute negative factors and conjugate pairs contribute positive products. Sound sign
addition and multiplication ensure that a definite numerator sign holds for every compatible
stable realization. Applying these operations in component order extends the argument to
upstream forcing.37–39 Suppl. Sec. S12.2 gives the full proof.

The exact component algorithm handles up to 16 traits, bounding each memoized de-
terminant expansion by 216 subproblems. Larger components use a conservative fixed-point
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RAAS feedback with intracellular resistance effector
merged whole-body loop and intracellular effector; a selected neighbourhood of the released model

whole-body feedback intracellular effector setting total peripheral resistance

plasma ACE
do(plasma ACE↓)
incoming edges cut

angiotensin II

aldosterone

sodium and water
reabsorption

blood volume

venous return

cardiac output

+

+

+

+

+

+

mean arterial pressure

renal perfusion pressure

renin

+

−

+

baroreceptor firing rate

sympathetic tone

+

−

+

+

+ gain

AT1 receptor activity

plasma bradykinin

endothelial NO production

vascular smooth muscle cGMP

−

+

+

+

intracellular calcium

+

−

MLC phosphorylation

vascular smooth muscle tone

total peripheral resistance

+

+

+

MAP = cardiac output × TPR

Fig. 1. A selected PhysioMap neighbourhood merges whole-body renin–angiotensin–aldosterone
system (RAAS) feedback with an intracellular resistance effector. Pointed arrows are positive causal
influences; bars are negative influences. These glyphs show the corresponding SCM derivative signs.
The double line denotes the quantitative identity mean arterial pressure (MAP) = cardiac output
× total peripheral resistance (TPR), and the dash-dot line denotes modulation of the inhibitory
baroreceptor-to-sympathetic influence. The intervention on plasma angiotensin-converting enzyme
removes incoming causal influences. AT1, angiotensin II type 1 receptor; NO, nitric oxide; cGMP,
cyclic guanosine monophosphate; MLC, myosin light chain.

algorithm. Both algorithms return ? when their sign calculation remains unresolved. The guar-
antee is conditional on a locally unique stable equilibrium and negative self-regulation; the
software takes these as model assumptions.

Figure 1 shows ACE inhibition perturbing volume and vascular-resistance pathways cou-
pled by renal and baroreflex feedback. An intracellular arm connects receptor signals to
smooth-muscle tone; typed relations distinguish causal influences, an identity, and modu-
lation.

2.5. Construction and content validation

We assembled PhysioMap by direct expert curation, extraction from quantitative models and
curated databases, and checked language-model proposals from textbooks. The cardiovascular
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core used 17 Guyton BioModels modules and CellML integrators. Available equations sup-
plied derivatives, while directional sources supplied constraints without complete functions.
SIGNOR, the Adverse Outcome Pathway Wiki (AOP-Wiki), and direct literature curation
provided additional content. Suppl. Sec. S15.1 lists the sources and acquisition metadata.

Following the entity–quality convention,17–19 each candidate trait received an entity iden-
tifier, PATO determinable, optional context, stable label, and scale. We resolved identifiers
against pinned releases, classified measurement kind as extensive, ratio, rate, or intensive,
checked that bearer and quality categories matched, and reconciled duplicates. Only compos-
able measurement kinds admit part-to-whole rules.40,41 Unresolved traits remained explicitly
primitive.

We assigned each relation to one of the five semantic types. Release checks covered schema,
references, identifiers, bearers, constitution, relation typing, and regression against a frozen
behavioral baseline. These checks assess formal consistency and preservation of expected be-
havior.

For cross-type content validation, P.N.S. reviewed a fixed-seed stratified sample of 83
v1.1.1 relations covering all five types. We interpreted TRUE as accepted, FALSE? as flagged
for further review or investigation, and FALSE as rejected. We report the judgments for each
sampled relation type. Suppl. Sec. S15.3 gives the protocol, sampling strata, and archive.

2.6. Evidence and provenance model

Evidence and provenance govern admission and document construction. Type, arguments, and
context determine a relation’s semantics, and its sign constrains a derivative. The solver reads
relation types, arguments, contexts, and derivative signs.

For causal-influence candidates, the evidence model admits six classes. Perturbation, phar-
macological intervention, genetic loss or gain of function, and Mendelian randomization form
the interventional group because they use a manipulation or valid instrument. Mechanistic-
model evidence derives a sign from a curated model, while curated-mechanistic evidence
records a curated functional or mechanistic account; these form the mechanistic group. Ad-
mission requires evidence of the stated intervention or functional mechanism. Other relation
types use type-specific evidence, and support awaiting assignment to a controlled evidence
class remains unclassified. Each stable relation identifier links to support and a projection
trace.

2.7. Evaluation of prediction and abduction

We evaluated forward prediction against the Human Phenotype Ontology (HPO) and its gene-
to-phenotype annotation corpus (HPOA) from release 2026-02-16. For each gene entering the
evaluation, we specified one or more primary lesion variables from gene-product identity and
the disease mechanism. Suppl. Sec. S15.4 gives the mapping rule and links the complete
versioned specification.

HPO phenotype classes follow an entity–quality (EQ) pattern, in which the entity E identi-
fies the affected entity or process and the quality Q is drawn from PATO.17,42 This pattern lets
us identify a directional HPO class when Q states an increase or decrease relative to normal.
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For example, hypoglycemia pairs blood glucose with decreased concentration (PATO:0001163).
We encode the PATO distinction between increased quality (PATO:0002300) and decreased
quality (PATO:0002301) as s = + and s = -, respectively.

We propagated HPOA annotations only upward through the HPO subclass hierarchy. Let
Ag be the HPO classes directly annotated to gene g, let HPO denote the HPO ontology, and
let M(a) = (Xi, s) map a directional HPO class a to PhysioMap variable Xi and direction s.
The reference directions for Xi were

Rg(Xi) = {s ∈ {+,-} | ∃h ∈ Ag ∃a : HPO |= h ⊑ a ∧ M(a) = (Xi, s)}. (8)

Therefore, a specific annotation h contributed the mapping of an ancestor a, never that of
a descendant. We retained a gene–variable direction only when Rg(Xi) was a singleton. We
blocked propagation for two deoxycortisol terms whose asserted HPO ancestry would otherwise
map them to cortisol, although neither term denotes cortisol (Suppl. Sec. S15.4). We did not
score the intervened variable.

We scored all unambiguous downstream reference directions. To assess literature overlap
between HPOA and PhysioMap, we repeated the analysis after excluding the 15 genes named
in phenotype-directed curation fragments. Suppl. Sec. S15.4 gives the mapping sources and
the overlap specification.

For each lesion, we applied the PhysioMap solver once and compared every downstream
sign with the fixed reference pairs. Let C, W , and A denote correct, wrong, and abstaining
pairs; missing and ? predictions both count in A. We report precision = C/(C + W ) and
coverage = (C +W )/(C +W +A).

We compared two alternative inference rules on the same axioms and interventions. These
rules differ only in how they combine directions, so the comparison evaluates the inference
rules on shared physiological content. The shortest-path rule receives a lesion and an endpoint,
selects one shortest directed path, and multiplies its edge signs. Signed diffusion receives a
lesion and assigns a score to every downstream trait. Let S be the signed, column-normalized
adjacency matrix, so a node with d explicitly signed outgoing arcs contributes +1/d or −1/d

to each successor. We omit unknown-sign arcs before computing reachability and normalizing
weights. Let e encode the signed intervention. We solved

r = (1− α)(I − αS)−1e, (9)

taking sign(ri) as the prediction and |ri| as its confidence. We set α = 0.85 and swept every
distinct confidence observed on the evaluation pairs to produce the precision–coverage curve.

We tested whether abstention concentrates shortest-path errors by permuting abstention
labels within genes, conditional on each gene’s path-error and abstention counts among path-
answered pairs. The statistic counts errors assigned to abstained pairs; we report its exact
one-sided upper-tail probability (Suppl. Sec. S15.4).

For the relation-typing ablation, we cumulatively added production, quantitative identity,
and constitution to causal influence and repeated both tasks. Modulation uses a separate
query. We checked typed intervention semantics with small models whose expected responses
follow directly from their equations. The checks cover part-to-whole determination, produc-
tion, quantitative identities, and the separate modulation query. Suppl. Sec. S15.7 gives the
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models, expectations, and executable checks.
For abduction, we precomputed determinate phenotype signs for a fixed closed pool of

single-lesion hypotheses and compared them with each observed directional profile. Agree-
ment added one, contradiction subtracted one, and abstention scored zero. We ranked by net
agreement, then fewer contradictions, then more agreements. Rank is one plus the number of
strictly better candidates, so top-k, median rank, and mean reciprocal rank use the best posi-
tion within a tie; unique top-1 requires no tie. We excluded the intervened trait and retained
the true lesion in the pool.

Experiments used PhysioMap v1.1.1 (analysis v1.1.2). Suppl. Sec. S15.4 gives input check-
sums and file names; Suppl. Sec. S15.6 gives the reproduction commands.

3. Results

3.1. Construction, projection, and expert validation of PhysioMap

We built PhysioMap v1.1.1 as an OWL knowledge base containing 1,699 contextualized physio-
logical traits and 2,270 causal-influence, 85 production, 4 constitution, 9 quantitative-identity,
and 19 modulation axioms. Projection preserves evidence and provenance (Section 2.6).

Projection produced 2,387 typed relation instances as edges or hyperedges; the largest
strongly connected component contains 213 traits.

The cross-type expert review accepted 69 of 83 sampled relations, flagged 12 for further
investigation, and rejected 2 (Suppl. Table S1). The flagged category denotes an unresolved
review judgment; both rejected relations were causal. These judgments identify content for
correction or further investigation.

3.2. Forward prediction of directional endophenotypes

We tested how physiological dependencies recover the direction of measurements associated
with rare metabolic disease. The HPO mapping provided downstream directions for 167 of
183 matched genes; the other 16 had a mapped direction only for the intervened variable.
Across 870 downstream pairs, the solver returned 175 determinate directions: 171 agreed with
the reference and 4 disagreed. Agreement was 97.7% at 20.1% coverage (Figure 2b).

Shortest paths returned 379 directions, with 292 agreements and 87 disagreements (77.0%
agreement). Figure 2b compares signed diffusion across thresholds on the same reference and
interventions. The overlap analysis retained 155 determinate predictions, of which 151 agreed
with the reference.

A blinded audit of 60 sampled concordant pairs supported 57 reference directions and
judged three context-dependent; all four discordant pairs supported PhysioMap (Suppl.
Sec. S15.5). The primary result remains unadjusted at 97.7% agreement and 20.1% cover-
age.

PhysioMap and shortest paths returned identical directions on the 175 shared answered
pairs, with 2.3% error. On the 204 additional pairs answered by shortest paths, PhysioMap
abstained and the path error rate was 40.7%. The within-gene test gave P = 2.05 × 10−7:
abstention concentrated cases difficult for path inference, explaining the precision–coverage
trade-off.
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HFE-related haemochromatosis

intervention
do(hepcidin↓ )
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Blue boxes are mapped directional HPOA phenotypes.
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Fig. 2. Evaluation of prediction and abduction. (a) Relations supporting an HFE-associated hered-
itary haemochromatosis prediction; only downstream phenotypes enter scoring. (b) Precision versus
coverage for thresholded signed diffusion, with operating points and exact counts for the PhysioMap
solver and shortest signed path. (c) Abductive ranking within 175 known lesions for the three in-
ference rules and chance expectation. Top-3 and top-10 use the best rank within ties, and a unique
top-1 requires no tied candidate; mean reciprocal rank for the PhysioMap solver is 0.698.

3.3. Abduction ranks candidate lesions from phenotype profiles

The inverse benchmark excludes ARSA, CTNS, KYNU, and PKLR, which each have two
primary lesion variables, leaving 163 genes. Each true lesion belongs to the closed pool of 175
hypotheses. Only the inference rule varies across comparisons (Table 2).

Table 2. Inverse lesion ranking over 175 candidates for 163
genes. Scoring, tie handling, and metrics are identical in ev-
ery row; only the rule producing a candidate’s predicted profile
differs. Top-3 and top-10 use the best rank within ties, and a
unique top-1 requires no tied candidate.

inference rule unique top-1 top-3 top-10 MRR

PhysioMap solver 39 125 159 0.698
shortest signed path 30 92 103 0.528
signed diffusion 30 95 106 0.545
chance 1 3 9 0.033

The solver ranked the true lesion within the best-tied top three for 125 genes and uniquely
first for 39 (Table 2).

Adding the first-order relation types gave no aggregate improvement in forward coverage
or inverse ranking (Suppl. Table S3). The semantic checks verify typed intervention behavior
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in small models; broader non-causal content would test its predictive contribution.

4. Discussion

PhysioMap’s ontology defines physiological variables through shared entities, qualities, and
contexts, providing a basis for interoperability across models and data sources. The same
entity–quality pattern connects these variables to phenotype ontologies:18,19 we used it to map
directional HPO phenotypes to physiological changes. This connection allows phenotype an-
notations to inform both evaluation of predicted responses and inference of candidate lesions.
The typed projection then gives the relations between variables their intervention semantics.

The solver extends qualitative inference in earlier physiomaps and Chalkboard14,15 to re-
sponses coupled by cycles and feedback. Its derivative-sign abstraction supports predictions
around a locally unique stable equilibrium with negative self-regulation. Opposing contribu-
tions can leave responses dependent on unknown derivative magnitudes. Quantitative systems-
biology models can supply these magnitudes, resolve feedback responses, and assess stability
numerically. PhysioMap could support model assembly from Physiome, CellML, and BioMod-
els10–12 by identifying shared variables and constraints on their dependencies; integration re-
quires compatible units, contexts, and parameters. Regenerative mechanisms and transitions
between equilibria require explicit dynamics, while coupled second-order modulation responses
require further models and experiments.

Current forward coverage is 20.1% and depends on represented physiology and lesion map-
ping. Abstention concentrated cases with higher shortest-path error. PhysioMap and HPOA
can share literature; the overlap analysis assesses phenotype-directed curation, while indepen-
dent perturbation data would test transfer. Inverse ranking uses best-tied positions in a closed
pool containing the true lesion; prospective open-set evaluation would test lesions outside that
pool. Broader non-causal content would test the predictive contribution of the additional re-
lation types. Content review used one co-author and unequal sampling rates; independent
representative review would estimate release-wide quality. The reference audit concealed pre-
dictions and earlier judgments, but its co-author reviewer had previously assessed the four
discordant pairs. Independent review would test reproducibility.

PhysioMap already contains a feedback component of 213 traits. Exact sign inference is
restricted to small components; conservative inference on larger components leaves additional
responses unresolved. Extending the map across human physiology will increase both curation
demands and the complexity of dependencies across organs and scales. Reusable organ mod-
els could support expansion, but their shared variables and feedback require reconciliation.
Ontology alignment can help identify these connections; unresolved context-specific conflicts
currently yield unknown signs. Expansion should therefore be evaluated through predictive
coverage, content quality, and computational cost.

By connecting phenotype observations to physiological mechanisms, PhysioMap provides
a basis for reasoning about interventions and could guide the assembly of quantitative models
across organs and scales.
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KG-BIOPORTAL: GRAPH-NATIVE ACCESS TO BIOMEDICAL ONTOLOGIES FOR NETWORK 
AND SYSTEMS BIOLOGY 
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BioPortal is the world's most comprehensive repository of biomedical ontologies, hosting 1,549 
ontologies with more than 15 million classes and over 100 million cross-ontology mappings. 
Network-based analysis in biology and medicine increasingly relies on knowledge graphs (KGs) 
that combine experimental observations with curated knowledge, but the ontological knowledge on 
which such graphs depend has been difficult to obtain in graph-native form: it is spread across 
hundreds of separately maintained artifacts, serialized in different languages, and rarely 
accompanied by consistent node and edge typing or version-level provenance. We describe recent 
work that makes BioPortal knowledge-graph-friendly.  

KG-Bioportal consists of an open-source workflow, the software that runs it, and the derived data 
collection it publishes. It converts BioPortal ontologies into standard KGX-format node and edge 
lists, categorizes entities using the Biolink Model, records the source and submission version of 
every ontology, and publishes an independently downloadable graph for each one. Where an 
ontology imports others, a second graph with the import closure merged in is published beside it. 
The pipeline runs monthly on public infrastructure; the current collection covers 1,184 ontologies, 
8,259,694 nodes, and 15,924,223 edges. For every ontology the software could not convert, it 
reports why. 

Because graphs are released per ontology rather than as a monolith, users can compose 
made-for-purpose graphs containing only necessary domains. The median published graph has 412 
nodes and 88% have fewer than 10,000 edges. We describe complementary improvements that 
support graph-based work: a machine-readable release index, and agent skills for retrieving and 
combining graphs, and a Model Context Protocol (MCP) server that lets AI agents query BioPortal 
without fabricating term identifiers. Finally we present a browser that indexes BioPortal-derived 
graphs alongside 161 community knowledge graphs, and our design for extending BioPortal to 
accept, search, and serve knowledge graphs directly. 

Keywords: knowledge graphs; biomedical ontologies; data integration; semantic interoperability; 
BioPortal; Biolink Model; network analysis.  

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and distributed under 
the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC) 4.0 License. 
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1.  ​Introduction 

A great deal of modern biomedical analysis is, in its roots, network analysis. Gene regulatory 
network inference, signaling pathway reconstruction, multi-omics integration, and causal 
modeling all share a conceptual lineage with more applied research tasks: defining a cohort from 
clinical notes, detecting a pharmacovigilance signal, harmonizing agricultural or environmental 
measurements, or indexing a literature corpus. In every case the analyst must be able to assert that 
an entity recorded in one place is the same entity as, or stands in a defined relationship to, an 
entity recorded in another. A transcript identifier, a drug trade name, or a phenotype extracted 
from a clinical note are referring expressions whose referents must be reconciled before any 
network built from them will mean anything. Ontologies (standardized, computable 
representations of the entities in a discipline) do this reconciling work1. They supply the 
identifiers, the definitions, the synonym sets, and the hierarchical and non-hierarchical 
relationships that let heterogeneous measurements be placed in a shared frame of reference. 

Increasingly, that knowledge is consumed by software rather than read by people. Graph 
machine learning methods are now routine in biomedical discovery, and libraries such as GRAPE2 
operate on typed node and edge lists rather than on ontology documents, as do the AI-powered 
agentic systems now applied to annotation and curation. Both require the same thing: domain 
knowledge already in graph form, with consistent types and traceable provenance. 

BioPortal has served as the bioinformatics community's principal repository of ontology 
knowledge for nearly two decades3,4. Launched by the National Center for Biomedical Ontology in 
2005, BioPortal now houses 1,549 biomedical ontologies, 1,182 of them public, which together 
contain 15,293,440 classes and more than 101 million cross-ontology mappings, spanning 
molecular biology, clinical terminology, pharmacology, agriculture, environmental science, and 
the social and behavioral sciences. It is embedded in the routine operation of widely used research 
systems including REDCap5 and the CEDAR Workbench6. BioPortal is deliberately open: any 
registered user may contribute an ontology. The repository includes all ontologies from the OBO 
Foundry along with a large selection of UMLS vocabularies and several hundred ontologies 
uploaded directly by their authors. 

Despite this breadth, the knowledge BioPortal holds has historically been tricky to use in 
graph-based analysis. The obstacles are practical, and they are largely inherited from how 
ontologies are authored and published rather than introduced by the repository: BioPortal is 
faithful to what its contributors submit, and what they submit is not graphs. Ontologies arrive in 
several serializations, including OWL in any of its RDF encodings, OBO format, SKOS thesauri, 
and vocabularies derived from the UMLS, and a graph builder must handle each. For the OWL 
portion of the repository, much of the biologically interesting structure is carried in class axioms 
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rather than in simple triples, so a naive conversion loses exactly the non-hierarchical relationships 
that network analysis wants; the statement that a structure is part of some organ, for example, is 
written as an existential restriction inside a logical definition rather than as a direct edge. Node and 
edge types are inconsistent across sources, which frustrates any downstream method that expects a 
schema. Provenance is usually absent from the converted product, so a graph assembled six 
months ago is difficult to reproduce. The consequence is that most groups building biomedical 
KGs write and maintain their own ingest code for each ontology they need, an effort duplicated 
across the field and one that quietly encodes different conversion decisions into each graph. 

2.  ​KG-Bioportal: Rendering Ontologies as Knowledge Graphs 

KG-Bioportal is three things under a single name. First, it is a workflow: a sequence of inventory, 
download, conversion, typing, and publication steps applied to every public BioPortal ontology. 
Second, it is the software that runs that workflow: a Python package with a command-line 
interface, executed on public infrastructure on a monthly schedule and runnable locally by anyone. 
Finally, it includes the data collection the workflow produces: one downloadable, independently 
versioned graph per ontology, published as release assets and indexed by a machine-readable 
manifest and a public browser. It is not a database, a query service, or a merge tool. Combining 
graphs is a separate operation that users perform with standard tooling (Section 2.5). 
KG-Bioportal’s input is the BioPortal REST API. Its output, per ontology, is an archive containing 
node and edge tables. Each transformation is tracked in a publicly-accessible index. 

2.1.  ​ Design goals 

We designed KG-Bioportal around four principles, each responding to an issue described in the 
Introduction section. 

Graph-native output. Every ontology is emitted as a pair of node and edge lists in the 
tab-delimited Knowledge Graph Exchange (KGX) format, a representation for property graphs 
already used across the KG-Hub ecosystem7. The output is directly loadable by common graph 
tooling without further parsing of OWL. 

Modularity and composability. Rather than publishing a single merged KG, we publish one 
graph per ontology and leave composition to the user. Each ontology thus becomes a unit that can 
be selected, pinned to a version, cited, swapped out, and combined independently of the others. 

Versioning and provenance. Each graph is identified by the BioPortal submission number (i.e., 
the identifier BioPortal uses to distinguish different uploads) of the ontology it came from, and 
every node and edge carries the source it was derived from. 

Reproducibility and openness. The workflow is open source, runs unattended on a schedule on 
public infrastructure, and publishes both its products and the statistics describing them. 
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2.2.  ​ The transformation pipeline 

 
Fig. 1. The KG-Bioportal pipeline: inventory, acquisition, conversion, and publication, with the 

version-skip and resource-guard policies that bound each monthly run. 

The pipeline workflow has four stages, illustrated in Fig. 1 and described below. A scheduled run 
re-transforms only what changed and takes about ten minutes. A complete rebuild requires about 
two hours on twenty parallel runners. 

The first stage retrieves the current inventory of ontologies via the BioPortal REST API, 
including each ontology’s acronym, submission number, and download URL. Because each 
published graph records the submission it was built from, a scheduled run compares the new 
submission numbers against the previous index and re-transforms only the updated ontologies, 
carrying the rest forward untouched. This makes an unattended monthly build affordable. 

The second stage downloads those ontologies. In practice this step carries most of the 
operational burden, because ontology files in an open repository are heterogeneous in ways that 
are difficult to anticipate: some arrive compressed, in several different archive formats; some 
archives contain a directory rather than a single file, or contain the ontology under an unexpected 
name; some submissions lack retrievable metadata altogether. The pipeline can detect and recover 
from these conditions so that one malformed ontology file will not halt the entire build process. 
Two resource guards apply here: a source-size gate (250 MB by default) and a per-ontology 
wall-clock cap, both configurable, which bound the cost of any single ontology on shared 
infrastructure. 

The third stage performs the conversion. Each ontology is first processed with ROBOT8, the 
standard command-line toolkit for ontology workflows. We apply ROBOT's relax operation, 
which does not add new relationships but makes existing ones visible to a converter that does no 
reasoning. Ontology authors commonly define a class with an equivalence axiom of the 
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genus-differentia form, stating that an X is a Y that is part of some Z; the existential restriction 
inside such a definition is invisible to a triple-level conversion. ‘Relax’ rewrites these into the 
weaker subclass form, asserting separately that X is a subclass of Y and that X is a subclass of the 
restriction part of some Z, and the subsequent conversion step renders the latter as an edge from X 
to Z labeled part of. Without this step a flattening conversion would yield little more than a 
subsumption tree, discarding the partonomic, regulatory, and participation relationships that 
encode most of the biology. The relaxed ontology is then transformed with KGX into node and 
edge tables, provenance fields recording the source ontology and submission are attached, and the 
resulting tables are written to a per-ontology archive. 

Imports are handled in two ways, based on the OBO Foundry’s distinction between base and 
full ontology releases. Every ontology is published as a base graph such that the graph contains 
only what the ontology asserts and can be merged with other base graphs, avoiding duplicate 
nodes. When imports are declared and can be fetched, a full graph is published as well, with the 
import closure merged in. In the 2026-09-09 build, 263 of the 1,184 transformed ontologies 
declared imports, yielding 141 full graphs (120 failed due to unavailable imports; 2 of the full 
graphs exceeded the size cutoff). Nine ontologies contain only imports and are flagged 
accordingly in the KG-Bioportal index and pages. 

KGX writes biolink:NamedThing on every node, because an OWL file says nothing about the 
Biolink Model9. The transform then assigns a more specific class wherever the graph's own 
evidence supports one, by four routes applied in order. A short table of seed terms lists classes 
whose Biolink meaning is not in doubt, such as GO's biological_process and MONDO's disease. 
Every class beneath a seed, along subclass_of or skos:broader, inherits its category. A category 
crosses an exact_match edge to a node that has none. Many ontologies hang off roots whose 
meaning is a fact about that ontology rather than about the term, such as an ICD chapter or an 
HGNC locus group. These roots were placed by reading each one and its subclasses in the 
published graph, one ontology at a time, with the assistance of an AI agent. Each placement is 
recorded in the repository with the reviewer, the date, the graph read, the subclass labels that 
served as evidence, and a confirmation field that stays empty until a maintainer has checked it.  
Roots that were read and refused are recorded with the reason. Nothing else is guessed: a node 
with no evidence stays NamedThing. Measured over the Sept. 9 build, the combined strategies 
assign a specific category to 52.2% of nodes. Every ontology's page in the browser reports the 
tally by route, with the disclosure that an AI agent assisted. 

Products are published as release assets in the KG-Bioportal project repository. Hosting is 
organized as a set of releases plus one authoritative index: every run publishes its own release 
containing only what it built, and the index, republished in full each time, records for every 
ontology its status, name, version, submission number, node and edge counts, and a direct 
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download URL pointing at whichever release holds its artifact. The index is a small YAML file 
and is the intended entry point for programmatic users. Users who prefer to build graphs 
themselves (e.g., to pin a particular ontology version) can run the same pipeline locally against the 
BioPortal API. 

2.3.  ​ The resulting collection 

The collection is not one large graph stored in pieces, but a long tail of small, domain-specific 
graphs. As of the 2026-09-09 build, the collection comprises base graphs for 1,184 ontologies 
containing 8,259,694 nodes, representing ontology classes, and 15,924,223 edges, representing 
relationships among them. The size distribution matters: the median published graph has 412 
nodes and 512 edges; 1,038 of the 1,184 graphs have fewer than 10,000 edges, and 1,139 have 
fewer than 100,000. The ten largest graphs hold 36% of all edges between them.  

2.4.  ​ What does not convert and why 

A build that quietly drops what it cannot handle may accomplish its purpose but would not support 
debugging. The index therefore carries an entry for every ontology the pipeline has attempted, 
successful or not, with a machine-readable reason for each failure, and the public browser 
(Section 5) gives every ontology graph a page whether or not an artifact exists behind it. Table 1 
provides details for the 2026-09-09 build. Of 1,303 ontologies attempted, 1,184 were converted. 
Of the 119 that were not, 31 were withheld by policy: 8 are available only under a license we do 
not hold, nearly all UMLS vocabularies, and are counted apart from failures because there is 
nothing to fix; 16 known giants, among them SNOMED CT, NCBI Taxonomy, RxNorm, MeSH, 
and NCIT, are skipped before download; and 7, including ChEBI, EFO, and FMA, exceed the 250 
MB source-size gate. Of the 88 that failed, 78 failed on BioPortal's side, with no submission, no 
file, or no retrievable metadata, and 10 failed in conversion itself. The same transform code may 
be run locally, without the guards, on otherwise excluded ontologies.  

Table 1. Outcome of the 2026-09-09 build for every ontology attempted. 
Outcome Reason recorded in the index Ontologies 
Converted Base graph published (9 of these are import-only) 1,184 
Withheld License restricted (including UMLS vocabularies) 8 
Withheld Skipped before download due to file size limits 16 
Withheld Source file found to be over 250 MB limit 7 
Failed BioPortal side: no submission (27), no file (35), metadata not retrievable (16) 78 
Failed Conversion error: source unreadable by any parser (4), transform error (6) 10 
Total attempted  1,303 

 
The failure classes are not fixed. In the first public build, on 2026-08-02, conversion errors 

affected 189 ontologies, and the dominant cause was not malformed content but owl:imports.  
ROBOT resolves imports over the network when it loads an ontology, and a single dead, slow, or 
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access-restricted import URL aborts the entire conversion. Ontologies are often published with 
import targets that no longer resolve. The failure is silent for the author, whose local build 
environment has the imports cached. Stripping import declarations before invoking ROBOT 
rescued 121 of the 189 affected ontologies in that build, at the cost of leaving cross-ontology 
references as dangling edges that resolve when graphs are combined. Recording which stage lost 
each ontology, and what it said, then let the remaining errors be fixed one class at a time over the 
following month, and by the 2026-09-09 build transform errors were down to six. Import 
resolution proved an underappreciated obstacle to ontology reuse at scale: one change to one step 
moved roughly a tenth of the BioPortal inventory from unavailable to available. The cost of that 
change is measurable. In the 2026-09-09 base graphs, 5,265,221 of 15,924,223 edges (33%) touch 
a node the graph itself does not name: a term imported from another ontology, or an identifier the 
source refers to without defining. The share is 54% in the 263 graphs whose source declares 
imports and 28% in the rest, whose references were never imported to begin with. In the 141 
ontologies for which a full graph was built, merging the import closure supplies a name for 36% of 
those edges' endpoints, which is the part attributable to stripping imports and the part the full 
graph repairs.  

2.5.  ​ Made-for-purpose graph assembly 

Publishing one graph per ontology is the feature that makes the collection more widely usable. We 
perform graph merges with the KGX cat-merge utility and document this as a recipe rather than 
implement it as a service. Node rows from the input graphs are unioned on the identifier column, 
so that two rows sharing a CURIE become a single node with their properties combined, and edge 
rows are concatenated and deduplicated on the subject-predicate-object triple. Nothing is 
collapsed on the basis of labels. Combining all graph-ready BioPortal ontologies this way is 
possible, and yields a giant merged KG of 8.3 million nodes and 15.9 million edges, but for most 
analyses it is the wrong object. 

The difficulty a merged graph creates is not that it silently fuses distinct concepts, since 
identifier-keyed merging does not do that, but that it makes every sense of every term 
simultaneously present. For example, the label nucleus denotes the eukaryotic organelle in the 
Gene Ontology (GO:0005634), a neuroanatomical structure in the Zebrafish Anatomy and 
Development Ontology (ZFA:0001665), and the atomic nucleus in the Chemical Entities of 
Biological Interest (ChEBI) ontology (CHEBI:33252). All three terms survive the merge as 
separate nodes, and every operation that works from labels rather than from identifiers, including 
text annotation, lexical mapping, string search, and most embedding methods, must then arbitrate 
among them. 
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KG-Bioportal therefore supports selective assembly: a user selects the ontologies relevant to 
their specific question, retrieves those graphs by their download URLs from the index, and merges 
only those, by the procedure above. Graphs built this way typically contain fewer than 100,000 
edges, two to three orders of magnitude smaller than the all-ontology graph. They are small 
enough to store in the local memory in most computing environments, to visualize, and to reason 
over interactively. Because the products conform to KGX,  they can be easily combined with other 
KGX-format graphs such as those built under KG-Hub conventions7 and those produced through 
the NCATS Translator project10. They can also be used as inputs for graph machine learning 
libraries such as GRAPE2 for embedding and link prediction without an intervening translation 
step. KG-Bioportal intentionally restricts its scope to data, reserving analysis for existing graph 
libraries usable with this resource’s common format. Selecting the ontologies that enter a graph is 
also a scoping decision recorded in the graph's construction rather than buried in an analysis script. 

3.  ​Supporting Infrastructure for Graph-based Bioinformatics 

3.1.  ​ Retrieving and composing graphs programmatically 

Systems biology workflows include steps that seem suitable for agentic approaches, such as 
assigning cell types to transcriptomic clusters, normalizing the columns of a sample sheet, or 
extracting entities from literature; however, generative AI has a well-documented tendency to 
fabricate plausible-looking ontology identifiers11. To avoid this, we developed bioportal-mcp, a 
server implementing the Model Context Protocol for AI agents that exposes BioPortal term search, 
property search, and usage analytics as tools an agent can call, so that the agent asks BioPortal 
what a term's identifier is instead of recalling or guessing it. This server is distributed through 
PyPI and can be added to an agent client with a single command. The server does not yet expose 
BioPortal’s mapping service, though mappings may be obtained through the BioPortal REST API 
using the agent skills described below. 

3.2.  ​ Documenting procedures for reusable graph operations 

Documentation tells a reader what a resource contains but may not tell a piece of software what to 
do with it. An agent handed the KG-Bioportal index still has to rediscover which release holds an 
artifact and what columns the tables carry. Each detail is a place where a capable agent may 
produce confident nonsense that a human reviewer may not check. 

We therefore distribute the procedural knowledge alongside the data, as three agent skills 
carried in the pipeline repository: kg-bioportal-data for locating and loading graphs, 
kg-bioportal-merge for combining them with cat-merge and reporting dangling cross-ontology 
edges, and bioportal-for-kg-building for using BioPortal's Annotator, Recommender, and mapping 
services as inputs. A fourth procedure belongs to the pipeline itself: a roots command that lays out 
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a graph's top-level classes with their subclass labels, which is the packet the category review of 
Section 2.2 works from. Each carries helper scripts and data-model facts verified against the live 
collection, enabling agents to assemble made-for-purpose graphs. Agents are not compelled to use 
all data obtained from BioPortal (e.g., they are not required to use the provided mappings) but may 
instead work with graph data from multiple sources if specified. 

4.  ​Cross-domain Inference with Assembled Graphs 

The value of rendering heterogeneous ontologies as composable graphs is best shown by example. 
Consider a clinician-researcher asking what adverse interactions might occur if a patient being 
treated for atrial fibrillation drinks grapefruit juice. A graph assembled from five ontologies 
answers the question along a single path. The Food Ontology supplies a term for raw grapefruit 
(FOODON:03301702). The Food Interactions with Drugs Evidence Ontology contributes a class 
describing an interaction between grapefruit and dronedarone (FIDEO:000001707). ChEBI 
provides the corresponding chemical entity (CHEBI:50659), conveniently annotated with the 
role “anti-arrhythmia drug,” which both confirms the clinical context and makes the drug 
discoverable by mechanism rather than by name. A mapping links the ChEBI entry to its RxNorm 
equivalent (RXNORM:233698), where the drug acquires the trade names and dose forms that 
appear in prescribing records. The traversal from a food to a specific oral tablet crosses four 
independently maintained vocabularies; in the assembled graph it is a six-hop path, or longer if we 
extend the traversal to the Toxic Process Ontology (TXPO) (Fig. 2). The mapping that carries the 
path from ChEBI into RxNorm is an exact-label match, the kind of label-driven correspondence 
Section 2.5 warns against. A lexical mapping like this is a candidate that a person or a rule accepts 
one at a time, as here, and not a basis on which a merge silently fuses nodes. Though neither 
ChEBI nor RxNorm graph transforms are in KG-Bioportal’s hosted collection, their graphs may 
be built by running the same pipeline locally. This is the intended path for anything the hosted 
build does not carry. 
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Fig. 2. A path through a made-for-purpose graph assembled from nine nodes from five BioPortal 
ontologies. Arrows between nodes represent typed relationships, along with their Relation 
Ontology (RO) identifiers where available. Dashed lines represent mappings obtained through 
BioPortal’s LOOM method; all mappings shown here are exact label matches. Node color 
indicates the source ontology. The labels at left name the domain each source belongs to. 

5.  ​Toward a Repository for Knowledge Graphs 

KG-Bioportal makes ontologies available as graphs. Biomedical KGs such as Hetionet12, 
SPOKE13, the Monarch Initiative KG14, and PrimeKG15 are central to work on drug repurposing, 
precision medicine, and genotype–phenotype inference, but they remain siloed, without a common 
entry point. The repository pattern that BioPortal established for ontologies has no counterpart for 
graphs, and the community has asked us to provide one. 

BioPortal is built on RDF and stores its content in a triplestore, which gives us a graph 
database to build on but does not by itself solve the problem, because the biomedical KG 
community has largely moved toward labeled property graphs (LPGs). LPGs permit data to be 
attached to edges as well as nodes, so supporting them requires extending the BioPortal object 
model to associate information with edges. Once that is done, an edge asserting that imatinib 
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inhibits BCR-ABL1 can carry its interaction type, its supporting evidence, its source database, and 
its version, making the relationship not merely findable but interpretable. 

We have deployed a first version of that entry point. It presents, in the familiar BioPortal 
browse idiom, a single filterable index over two populations that have until now been described in 
separate places: the BioPortal ontology entries produced by the pipeline and 161 community 
knowledge graphs, each with its domain, license, publications, and reported metrics, listed and 
faceted together. Every entry has a resource page, including the ontologies that failed to convert. 

Storing graphs in the same backend as ontologies means that much existing BioPortal 
functionality extends to them at once. Nodes from submitted KGs become searchable exactly as 
ontology classes are, and may be returned by services such as the Annotator, which broadens the 
range of entities that BioPortal services can recognize. A user searching for quercetin would find 
the DrugCentral node (drugcentral:3514) even though no current BioPortal ontology 
contains it, and could follow its contraindication edges to Mondo kidney disease terms and its 
targets edges to Protein Ontology terms, with provenance carried on each edge. No comparable 
capability yet exists for KGs elsewhere. 

6. Related Work 

Several services besides BioPortal serve biomedical ontologies. EMBL-EBI’s Ontology Lookup 
Service16, the OBO Foundry1, and Ontobee17 all provide term-level search, resolution, and in some 
cases reasoning over ontologies. Each is designed for term retrieval rather than graph operations. 
Several projects have focused on rendering sets of OBO ontologies as graphs: Ubergraph 
materializes relaxed and reasoned OBO Foundry ontologies as one RDF graph18; the OBO Graphs 
JSON serialization19 and semantic-sql20 both give individual ontologies more graph-like or 
relational forms; and our own KG-OBO project served as a precursor to KG-Bioportal, as it 
performed OBO to KGX transformations across the full Foundry21. KG-Bioportal differs from 
each of these in scope and packaging. It covers nearly all of BioPortal rather than the OBO 
Foundry alone, involving a collection several times larger and containing a wider set of topics. 
KG-Bioportal also tracks the source and cause of all transformation errors. 
​ KG-Bioportal is part of a broader ecosystem of tools and resources for working with 
biological and biomedical graph data. KNIT, for example, approaches reuse from the other 
direction, allowing users to explore an existing knowledge graph to decide which ontologies to 
reuse22. BioPortal’s own Recommender tool serves the same purpose for free text. The 
KG-Bioportal graphs can then be assembled based on what the tool highlights. The knowledge 
graphs named in Section 5 also complement our work well. 
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​ Parts of the BioPortal infrastructure described in Sections 1 and 5 were reported in the 
2025 BioPortal update. An early form of KG-Bioportal was presented at the 2025 Bioinformatics 
Open Source Conference. This paper is the first full description of the KG-Bioportal pipeline.  

7. Discussion 

The work described here rests on a simple observation: the biomedical community has invested 
enormous effort in building ontologies, and a second, largely separate effort in building knowledge 
graphs. The connection between the two has been left to individual groups to reconstruct 
repeatedly. Converting BioPortal's holdings into a consistent, typed, versioned graph collection 
turns a body of curated knowledge that was accessible but awkward into one that is directly usable 
by network methods. Running that conversion on a schedule, in public, with its failures on the 
record, yields a standing measurement of the biomedical ontology landscape’s graph-readiness. 

Several limitations bound what we have achieved. Biolink categorization is only as good as the 
evidence in the source: 52.2% of nodes carry a category more specific than NamedThing, and the 
rest stay untyped rather than guessed. The ROBOT relax step and the conversion keep most but 
not all axiomatic structure. Measuring this on six OBO ontologies (GO, CL, HP, PATO, ENVO, 
and FOODON) by running the pipeline's own transform on their current sources and classifying 
every class axiom with a named subject (268,364 in all), we found that 99.0% of those axioms are 
a named superclass, a simple existential restriction, or an intersection of such. 99.97% of these are 
emitted as an edge. The remaining 1.0% (2,576 axioms, and 8.2% in ENVO, the most heavily 
axiomatized of the six) are nested or non-existential expressions: unions, complements, cardinality 
and value restrictions. KGX does not drop these outright but renders each as an edge to an 
unlabeled anonymous node. 1.3% of all edges in the collection are of that kind so the axiom is 
lost. Stripping owl:imports makes many more ontologies convertible but leaves cross-ontology 
references dangling until graphs are combined (Section 2.4), which is the right trade for a modular 
collection, and the full graphs exist for users who want a self-contained one. 

Coverage is incomplete, for the reasons given in Section 2.4. The graphs inherit their sources' 
errors as faithfully as their content. A merged graph does not audit the ontologies that enter it, and 
a densely connected region is not a well-evidenced one. The provenance on every node and edge 
is helpful here, as a suspect assertion can be traced to the ontology and submission that made it. 
Finally, we have not yet shown that a graph composed from this collection serves a downstream 
task, such as link prediction, better than one built by a conventional OWL ingest. KG-Bioportal 
makes that comparison easy to set up and more reproducible. Use case comparisons and 
development of a full task-level benchmark will be performed in future work. 

Some functionality will require additional consideration. A knowledge graph is not 
hierarchical and requires interface components able to display non-hierarchical structure. Services 
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such as the Recommender, which ranks ontologies by their fit to a body of text, need to be 
reconceived for graphs. Content overlap among graphs is expected and is not a problem to be 
resolved by merging: each graph can occupy its own space in the repository, retaining its own 
provenance and its own curatorial decisions, while shared entities become discoverable across 
graphs through BioPortal's mapping services. A user who finds a term in one graph should be able 
to see how other graphs represent it based on the evidence and context specific to each. 

The trajectory we have set out points toward a repository in which ontologies and knowledge 
graphs are managed as two aspects of a single problem. Both define relationships among concepts; 
both are modular, versioned, community-maintained artifacts; both are consumed increasingly by 
software rather than by people. Treating them together lowers the barrier to entry for researchers 
who need reusable domain knowledge and, we hope, makes the graphs on which network-based 
biology increasingly depends as accessible and interoperable as the ontologies that underlie them. 

BioPortal is freely available at https://bioportal.bioontology.org. KG-Bioportal is open source 
at https://github.com/ncbo/kg-bioportal, with prebuilt graphs and the collection index distributed 
through the repository's releases and browsable at https://ncbo.github.io/kg-bioportal/graphs/. The 
bioportal-mcp code is available at https://github.com/ncbo/bioportal-mcp and from PyPI. The 
software is released under a BSD license. Each graph is a derivative of one ontology and is 
redistributed under the ontology’s own terms as recorded by BioPortal at its submission. 
Ontologies with licenses forbidding redistribution are not transformed  (Section 2.4). Licenses for 
each transformed ontology are specified on KG-Bioportal’s site and index except where no license 
has been specified. 
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Rare diseases pose a major challenge for mechanistic and therapeutic discovery because of 

limited molecular data and small patient populations. Building on our previously developed 

interactome-based methods, we present an integrative network analysis workflow for 

constructing disease-specific functional landscapes by combining protein-protein 

interactions (PPIs), disease-gene associations, phenotypes, tissue expression, gene 

perturbation data, and drug-target relationships. We applied it to Spondylometaphyseal 

dysplasia, Sedaghatian type (SMDS), an ultra-rare lethal skeletal dysplasia caused by GPX4 

mutations. Disease-centric and gene-centric networks connected GPX4 with genes 

implicated in SMDS and related skeletal dysplasias, and with regulators of GPX4 

expression, and were enriched for SMDS-relevant phenotypes, fetal-stage functional 

modules, and brain/testis-enriched genes. Seven high-confidence computationally predicted 

GPX4 interactors (APBA3, EGR4, FUT5, GAMT, GTF2F1, MATK, and ZNF197) were 

supported by convergent network, phenotype, and expression evidence. Integrative 

transcriptomic and network analyses prioritized eleven candidate repurposable drugs, with 

resveratrol additionally highlighted by network proximity. Nearly 75% of rare diseases are 

associated with single genes, many understudied with limited experimental data. This study 

demonstrates an approach to studying a rare disease in the context of its protein interactome 

to generate mechanistic and therapeutic hypotheses. 

Keywords: rare disease; protein interactome; protein-protein interaction prediction; GPX4; 

Sedaghatian-type spondylometaphyseal dysplasia; drug repurposing 

1.  Introduction 

There are over 10,000 rare diseases which, though rare individually, affect 10% of the population 

collectively; nearly half of the patients are children [1]. 75% of the rare diseases are associated with 

a single gene each though they may present multiple phenotypes (source: our analysis of Orphanet 

data https://www.orpha.net accessed July 2026 [2]). For example, many rare diseases are pediatric 

neurodevelopmental disorders, such as Malan syndrome, Tatton-Brown-Rahman syndrome, Sotos 

syndrome, Weaver syndrome, etc., and each associated with a different gene, NFIX, DNMT3A, 

NSD1, and EZH2, respectively. Unfortunately, hundreds of genes associated with rare diseases are 

also understudied biologically, presenting an impediment to inferring molecular mechanisms for a 

given rare disease, such as pathways or biological processes associated. Characterizing these genes 

 
* Corresponding author: madhavi@pitt.edu 

Pacific Symposium on Biocomputing 2027

823

https://www.orpha.net/
mailto:madhavi@pitt.edu


in terms of their protein function, structure, and interactions can therefore provide a foundation for 

data-driven hypothesis-generation in rare disease research.  

One critical avenue for discovering mechanisms of diseases and identifying therapeutic targets 

lies in elucidating protein-protein interactions (PPIs) involving disease-associated genes [3-5]. PPIs 

drive cellular processes by facilitating signal transduction, formation of cellular structures, and 

enzymatic reactions. Disease-associated variants are enriched in protein cores and interaction 

interfaces, and often alter binding affinity or establish novel interactions [6, 7]. As a result, the 

genetic perturbations can propagate through PPI network (the ‘interactome’) influencing multiple 

biological processes, contributing to disease pathogenesis, and presenting multiple phenotypes 

despite their origin in a single gene [8]. Several studies, led by our group and others, have 

demonstrated that shared genetic architecture and overlapping phenotypes across distinct disorders 

can be traced to convergent perturbations in PPI networks [9-14]. Interactomes provide a unifying 

data structure for integrating heterogeneous molecular, phenotypic, and functional annotations in a 

disease-centric manner.  

Here, we present an interactome-based study of Spondylometaphyseal dysplasia, Sedaghatian 

type (SMDS), an ultra-rare developmental disorder caused by pathogenic variants in a single gene, 

GPX4. SMDS is a lethal autosomal-recessive skeletal dysplasia with metaphyseal, vertebral, 

cardiac, respiratory, and neurodevelopmental manifestations [15-22]. Cardiac-respiratory distress is 

the primary cause of death in infancy and living patients with severe hypotonia and intractable 

seizures have been reported [21, 23]. Studies on SMDS have described its clinical presentation [15-

20, 22], and linked it to GPX4 mutations [21, 24]. This includes a detailed analysis of the 

homozygous GPX4 R152H mutation that disrupts enzyme stability and function, and is partially 

rescued by selenium supplementation or selective antioxidant therapies [25]. No approved therapies 

exist for SMDS; management has been limited to antioxidant supplementation in a few patients, 

with anecdotal benefit [24]. Nevertheless, the etiology of this severe lethal dysplasia remains largely 

unexplored. Hence, novel approaches are needed to understand the fundamental biological 

mechanisms underlying this disorder. Motivated by the efforts of affected families 

(www.curegpx4.org) and growing calls from the rare disease community to accelerate mechanistic 

understanding, we applied our previously established interactome-analysis approach to construct a 

GPX4-centered interactome and systematically integrated functional annotations to generate 

testable biological hypotheses. This study illustrates how PPI networks and their functional 

annotation can support mechanism discovery in single-gene rare diseases for which conventional 

omics-based analyses are not feasible. 

2.  Methods 

Detailed Methods, including data sources, parameter settings and statistical tests for each analysis, 

are provided in the Supplementary Information (Section 5); a summary is given here. Disease 

associated gene sets were compiled from the DisGeNET database [26], and from Warman et al. 

[27]. Genes whose knockout, knockdown, mutation, or overexpression changed GPX4 expression 

were collected from Knockdown Atlas [28]. PPIs involving these genes which have been reported 

in the literature (‘known PPIs’) were obtained from HPRD (Human Protein Reference Database, 
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version 9 [29]) and BioGRID (Biological General Repository for Interaction Datasets, version 

3.4.159 [30]). To systematically expand the molecular context of GPX4 and SMDS-associated 

genes, high-confidence computationally predicted PPIs were incorporated using the HiPPIP model 

(a random forest classifier), which we previously developed and validated for high precision through 

computational evaluations and experimental validations [11, 31-33]. Following the original HiPPIP 

publication [11], in which all pairs scoring above 0.5 were deemed high-confidence predictions 

without distinction between their individual scores, we likewise regard all pairs above this threshold 

as equally high-confidence predictions; accordingly, individual scores are not used to rank 

interactors and are not tabulated here. Protein pairs not previously reported but predicted as 

interacting by HiPPIP were treated as novel (predicted) PPIs. The PPI networks, consisting of direct 

interactors of input genes as well as shortest paths connecting them, were created using LENS web 

application [34]. While the public web-application provides only known PPIs, an in-house version 

of LENS under development, provides networks including HiPPIP-predicted PPIs. Shortest paths 

were computed using Dijkstra's algorithm, with path length measured as the number of edges and 

no cap on length, so the closest neighbor of a gene may be one, two, or more edges away. For each 

gene in the input set, all its closest neighbors in the set, and all shortest paths to them, were included 

in the network along with the intermediate proteins and interactions. Shortest paths were used to 

assemble the network neighborhood of the genes of interest and not as a statistical measure of 

biological relatedness: in scale-free interactomes, path length largely reflects the degree distribution 

rather than functional relatedness [35], so no inference is drawn from path lengths themselves. The 

networks were downloaded as SIF files, and visualized in Cytoscape [36]. LENS also provided 

pathways, diseases, drugs and genome-wide association study (GWAS) annotations significantly 

enriched among the network genes (P-values from Fisher's exact test).  

Global and fetal-context functional modules, containing minimum eight nodes, were identified 

using shared k-nearest-neighbor graphs and Louvain clustering with HumanBase toolkit [37, 38]. 

Gene Ontology enrichment was evaluated by Fisher's exact test with Benjamini-Hochberg 

correction. Genes associated with twelve major SMDS-associated pathophenotypes were compiled 

from the MONARCH database [39]. Enrichment of these phenotypes within the interactomes was 

evaluated against a background of 15,451 genes with phenotype annotations, using Fisher's exact 

test (phenotype gene sets ranged in size from 4 to 355 genes); nominal (uncorrected) P-values and 

odds ratios are reported. Median expression across 53 postnatal tissues was obtained from GTEx 

[40]. Logarithmic transcripts per million (TPM) values were standardized by gene. PCA used SVD 

with iterative imputation in ClustVis [41]; hierarchical clustering used Pearson distance and average 

linkage in Heatmapper [42]. 

Repurposable drug candidates were identified by two independent signals: negative score 

reported in BaseSpace Correlation Engine [43] based on drug-induced and dysplasia-associated 

transcriptional profiles, and proximity between drug targets from DrugBank [44] and the 

GPX4/SMDS interactome. The BaseSpace Correlation Engine (formerly NextBio) computes a 

correlation score from the strength of overlap between two expression profiles, applies statistical 

criteria including correction for multiple hypothesis testing, ranks correlated profiles by statistical 

significance, and normalizes scores to 100 for the top-ranked result. Convergence between signals 
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was treated as stronger evidence; all candidate drugs are computational hypotheses, requiring 

experimental and clinical validations.   

3.  Results† 

3.1.  GPX4 interactome construction and expansion 

We assembled literature-supported PPIs, and ‘novel’ PPIs of GPX4 computationally predicted by 

HiPPIP, a model whose claim for high-confidence prediction was previously validated 

computationally and experimentally [11, 31-33]. GPX4 is found to have 7 novel interactors; see Fig. 

1A and Table 1. Among the seven predicted interactors, GAMT presents phenotype-level 

connection: Human Phenotype Ontology annotations report both GPX4 and GAMT to be associated 

with hypotonia phenotype (HP:0001252). We analyzed four complementary network views of 

GPX4: (i) other genes putatively associated with SMDS in DisGeNET [26], (ii) genes associated 

with other skeletal dysplasias, (iii) genes associated with disorders phenotypically similar to SMDS 

and (iv) genes whose perturbation causes significant differential expression of GPX4. For each 

network, we identified enriched functional modules and tested enrichment for SMDS-relevant 

pathophenotypes. 

 

 

 

 

 
† Additional details are provided in Supplementary Information referred to in Section 5. 

Figure 1: A. Known and Novel PPIs of GPX4. Subsequent to carrying out the analysis presented in this study, 

three additional PPIs have been reported in literature, which are shown in dashed lines. B. Interactions of GPX4 

with other genes speculated to be associated with Sedaghatian type spondylometaphyseal dysplasia. This 

network diagram shows the shortest paths connecting the genes from the DisGeNET database (dull green colored 

nodes) identified through text mining to GPX4. Nodes depict proteins and edges depict PPIs. Red and light blue 

colored nodes denote novel and known interactors respectively. Red and light blue colored edges denote novel and 

known PPIs respectively. Purple colored arrows indicate genes associated with cardiac defects, whereas green 

colored arrows indicate those associated with skeletal defects. 

 

A. B. 
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Table 1: Biological relevance of novel interactors of GPX4. See Supplementary Material for additional details. 

3.2.  Interactome of GPX4 and other genes putatively associated with SMDS 

DisGeNET lists six genes – AGRP, ARNTL, ARTN, LOH19CR1, PSD4, and RPS19 – as 

potentially associated with SMDS based on a prior study [45]. That study identified an SMDS-

associated variant within a sperm RNA element mapping to GPX4; sperm RNA elements are short 

exon-sized sequences corresponding to unique coding and non-coding transcripts [45]. Their disease 

Gene Potential relevance to GPX4/SMDS 

APBA3 Connects GPX4 to skeletal dysplasia genes (IARS2), resveratrol target APP, and oxidative stress pathways. 

EGR4 Brain developmental TF; co-expressed with GPX4; six shared GPX4 mouse phenotypes; implicated in 

cartilage/neurogenesis modules. 

FUT5 Testis-enriched; co-expressed with GPX4; implicated in cartilage development and neurogenesis. 

GAMT Links GPX4 to TERF1; 4 mouse phenotypes and 1 human phenotype shared with GPX4; oxidative stress 

module. 

GTF2F1 Connects GPX4 with PAM16 (Megarbane SMD) and resveratrol targets; participates in oxidative stress and 

epithelial morphogenesis modules. 

MATK Brain-enriched; participates in GPCR signaling and cartilage development modules. 

ZNF197 Links GPX4 to VHL/HIF1A signaling and skeletal dysplasia genes; shared mouse phenotype; implicated in 

VEGFA regulation, cartilage development, ROS metabolism, and neurogenesis. 

Figure 2: GPX4 interaction network linking GPX4 to genes associated with other spondylometaphyseal 

dysplasias and related skeletal dysplasias. Shown are the shortest paths connecting GPX4 to disease-associated 

genes (orange). Nodes represent proteins and edges represent PPIs; red/light blue indicate novel/known interactors 

and PPIs, respectively. Purple and green arrows denote genes associated with cardiac and skeletal defects. 
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association scores in DisGeNET are very low (0.01), indicating some, but minimal supporting 

evidence, whereas GPX4 has a higher score of 0.72. These genes were tagged as potentially linked 

to SMDS in DisGeNET based on co-mention of gene and disease names in literature. Given the 

scarcity of information on SMDS, these co-mentions may provide testable insights. We included 

these genes in our network analysis to assess whether they exhibited biologically meaningful 

connectivity to GPX4 and the broader SMDS molecular landscape.  

 We extracted the interactors of these six genes and the shortest paths connecting them to GPX4 

in the PPI network and found that each gene was connected to GPX4 by fewer than three 

intermediate interactions. Notably, these paths traversed six of the seven novel interactors of GPX4 

(Fig. 1B). This interactome was enriched in genes associated with myocarditis, atrial septal defect, 

and platyspondyly (P = 5.33E-04, 0.016 and 0.018; odds ratio = 55.8, 3.37 and 5.38, respectively). 

From this, we identified fetus-specific and tissue-naive (or ‘global’) modules. Fetus-specific 

modules may provide insights into the congenital underpinnings of SMDS. Cellular oxidant 

detoxification pathway was identified in both global (M4: Q-value = 2.15E-03) and fetus-specific 

(M3: Q-value = 2.77E-03) contexts. G-protein coupled receptor signaling pathway was detected 

both as a global (M3: Q-value = 4.25E-04) and fetus-specific (M2: Q-value = 3.4E-04) module. Cell 

growth (M1: Q-value = 2.38E-04) and response to redox state (M2: Q-value = 2.38E-04) were 

detected only as global modules. 

3.3.  Interactome of GPX4 and genes associated with other skeletal dysplasias 

Nine genes representing twelve related skeletal dysplasias were curated from Warman et al. [27]. 

Their network consisting of direct interactors and shortest paths to GPX4 contained 93 intermediate 

proteins and 26 novel interactions (Fig. 2). This interactome was enriched in genes associated with 

arrhythmia (P-value = 0.041, odds ratio = 1.88), cardiorespiratory arrest (P-value = 9.25E-03, odds 

ratio = 13.38), myocarditis (P-value = 4.64E-03, odds ratio = 19.11), metaphyseal cupping (P-value 

= 1.9E-07, odds ratio = 22.5), platyspondyly (P-value = 4.98E-13, odds ratio = 10.43) and abnormal 

ribs (P-value = 8.9E-03, odds ratio = 3.93). Paired global/fetal modules implicated extracellular-

matrix and cartilage development, vascular development/cell migration, and apoptosis. Additional 

fetal modules involved cytoskeletal organization, cellular maintenance, and protein catabolism, 

indicating convergence of GPX4-associated networks with clinically relevant skeletal and 

cardiovascular phenotypes.  

3.4.  Interactome of GPX4 and genes associated with disorders phenotypically like SMDS 

We used Phenogrid from MONARCH to identify the diseases that were phenotypically most similar 

to SMDS. Seven skeletal dysplasias shared 70% phenotypic similarity with SMDS: X-linked 

spondyloepimetaphyseal dysplasia, acrocapitofemoral dysplasia, A4 type SMD, Dyggve-Melchior-

Clausen disease, autosomal recessive Megarbane type SMD, metaphyseal acroscyphodysplasia and 

X-linked Dyggve-Melchior-Clausen disease. Four of them had genetic associations reported in 

DisGeNET: X-linked spondyloepimetaphyseal dysplasia (BGN and IARS2), acrocapitofemoral 

dysplasia (IHH), Dyggve-Melchior-Clausen disease (DYM), and autosomal recessive Megarbane 

type SMD (PAM16). GPX4 was connected to these five genes through 13 intermediate interactors 
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including three novel interactors of GPX4 (APBA3, GTF2F1 and ZNF197) (Fig. 3). This 

interactome was enriched in genes associated with arrhythmia, cardiorespiratory arrest, cerebellar 

hypoplasia, agenesis of corpus callosum, metaphyseal cupping, platyspondyly and abnormal ribs (P 

= 0.042, 5.9E-04, 8.63E-03, 1.88E-03, 3.73E-05, 5.9E-09 and 3.8E-03; odds ratio = 3.05, 54.2, 4.95, 

5.65, 45.18, 19.9 and 9.57, respectively, in that order), mirroring key SMDS clinical features. Five 

modules were detected in both global and fetus-specific contexts: skeletal system 

development/embryo development/gastrulation, lipid storage/reactive oxygen species biosynthetic 

process, humoral response, cellular response to toxic substance and membrane organization. A 

fetus-specific module enriched for neurogenesis was also identified, consistent with 

neurodevelopmental manifestations of SMDS.  

3.5.  Interactome of GPX4 and genes that affect GPX4 expression when perturbed  

From the Knockdown Atlas (BaseSpace Correlation Engine [28]), we compiled 136 genes whose 

knockout, knockdown, mutation or overexpression significantly affects GPX4 expression. The 

connecting network included all the seven novel interactors of GPX4. Among the 136, four were 

closely connected to GPX4, namely, AHR, DNMT3L, JUN and NTRK1 (Fig. 4). Mutations in JUN 

lead to GPX4 underexpression, whereas DNMT3L knockdown, AHR knockout, and NTRK1 

overexpression lead to GPX4 overexpression. This interactome was enriched in genes associated 

Figure 3: Interactions of GPX4 with genes 

associated with bone dysplasias sharing 

phenotypic similarity with Sedaghatian type 

spondylometaphyseal dysplasia. This network 

diagram shows the shortest paths connecting GPX4 

with the genes associated with X-linked 

spondyloepimetaphyseal dysplasia, 

acrocapitofemoral dysplasia, Dyggve-Melchior-

Clausen disease and autosomal recessive 

Megarbane type SMD (pink colored nodes). Nodes 

depict proteins and edges depict PPIs. Red and 

light blue colored nodes denote novel and known 

interactors respectively. Red and light blue colored 

edges denote novel and known PPIs respectively. 

Purple, green and orange arrows indicate genes 

associated with cardiac, skeletal and brain defects 

respectively. 

Figure 4: Four genes whose perturbation affects GPX4 

expression, which are closely connected to GPX4 in the network. 

Nodes represent proteins and edges represent PPIs; red/light blue 

denote novel/known interactors and PPIs, respectively. Black nodes 

are the 4 genes mentioned and purple arrows indicate genes 

associated with heart defects. 
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with cardiorespiratory arrest and myocarditis (P = 3.2E-03 and 1.52E-03; odds ratio = 23.06 and 

32.9, respectively), suggesting regulatory network effects relevant to SMDS-associated cardiac 

phenotypes.  

Telomere maintenance/organization and positive regulation of neurogenesis were detected both 

as global and fetus-specific modules. Six additional global modules were identified: cellular 

response to retinoic acid, detoxification, peptidyl-threonine phosphorylation, regulation of cellular 

protein localization, DNA replication and protein autophosphorylation. Three additional fetal 

modules were detected: negative regulation of myeloid cell differentiation, TGF-β receptor 

signaling pathway and positive regulation of endopeptidase activity. 

3.6.  Tissue-elevated gene clusters in the integrated GPX4 landscape. 

We merged the interactomes described in the previous sections to construct an integrated GPX4 

functional landscape containing 342 genes and 461 PPIs. We then clustered its genes hierarchically 

by GTEx tissue expression [40]. GPX4 and 59 genes clustering with it showed high expression in 

Figure 5: Clustering analysis of genes in the integrated GPX4 interactome. Tissue expression patterns of genes 

in the integrated GPX4 interactome across 53 human tissues. The interactome comprises GPX4 and the shortest 

paths connecting it to genes associated with SMDS, other spondylometaphyseal dysplasias, and phenotypically 

similar skeletal dysplasias. Heatmap values represent normalized Z-scores of log-transformed TPM expression 

levels. Hierarchical clustering identified four major gene clusters with elevated expression in (i) brain/testis, (ii) 

whole blood/spleen, (iii) liver, and (iv) small intestine. 
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brain tissues or testis, with or without elevated expression in EBV-transformed lymphocytes and 

spleen (Fig. 5). This cluster included novel interactors of GPX4, namely, EGR4, MATK, and FUT5.  

Brain-elevated genes were enriched for axon development, regulation of trans-synaptic 

signaling, regulation of ion transmembrane transport, protein localization to mitochondrion and 

neural nucleus development; testis-elevated genes for DNA recombination, aging, regulation of 

cyclin-dependent protein kinase activity, regulation of DNA metabolic process, mitotic cell cycle 

phase transition and extrinsic apoptotic signaling pathway; and small intestine-elevated genes for 

cell fate commitment, in utero embryonic development, epithelial cell proliferation, mRNA 

transcription, toxin transport and mesenchymal cell proliferation. None of these remained 

significant after multiple-testing correction, whereas the enrichments of liver-elevated genes 

(platelet degranulation and regulation of response to wounding) and of lymphocyte-, whole blood- 

and spleen-elevated genes (including leukocyte differentiation, leukocyte migration and adaptive 

immune response) did. We separately examined the interactome containing the intermediate 

interactors connecting the 4 genes (AHR, DNMT3L, JUN and NTRK1) whose perturbation affects 

GPX4 expression to GPX4, together with the known and novel interactors of these genes. We 

identified a group of nine testis-elevated genes that clustered with GPX4: FUT5, MX1, PDE6G, 

NCR1, MAGEC1, SUMO4, NTRK1, MSX2 and FKBP4. 

3.7.  Interconnections of GPX4 and genes associated with Joubert syndrome  

Joubert syndrome with Jeune asphyxiating thoracic dystrophy (JATD) exhibited 64% phenotypic 

similarity with SMDS, sharing neurodevelopmental, skeletal, cardiac, and respiratory features. To 

investigate potential molecular links, we examined shortest paths connecting GPX4 to Joubert 

syndrome-associated genes (IFT140, KIAA0586, and CSPP1). The resulting network contained 

multiple novel GPX4 interactors and perturbation-associated genes, suggesting shared molecular 

pathways between these disorders (Fig. 6a). Extending this analysis to ciliary proteins identified 

TERF1 as the closest ciliary protein connected to GPX4, which may point to a potential role for 

Figure 6: GPX4 interactions with ciliary proteins and Joubert syndrome-associated genes. (A) Shortest paths 

connecting GPX4 to three Joubert syndrome/Jeune asphyxiating thoracic dystrophy genes, together with genes 

whose perturbation affects GPX4, IFT140, or KIAA0586 expression. (B) Network of shortest paths connecting the 

ciliary protein TERF1 to GPX4. Nodes represent proteins and edges represent PPIs; red/light blue indicate 

novel/known interactors and PPIs. 

A.  B. 1 
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ciliary biology in SMDS (Fig. 6b). Functional module analysis highlighted detoxification as both a 

global and fetus-specific module, together with enrichment of developmental, cell cycle, JAK–

STAT signaling, proteostasis, and organelle-related processes. 

3.8.  Repurposable drugs for SMDS 

We adopted two complementary strategies to identify repurposable drugs for SMDS using the 

integrated interactome of SMDS-associated genes. First, we applied a transcriptome-based drug 

repurposing approach that identifies compounds whose gene expression signatures are inversely 

correlated with disease-associated expression profiles, using the BaseSpace Correlation Engine [28, 

43, 46]. An SMDS drug-protein interactome was then constructed, representing drugs that target 

one or more proteins within the SMDS interactome. Thirty-six drugs targeted 16 proteins  in this 

network, including 5 novel interactors (PSMD8, XRCC1, DHODH, GHRL and VHL) (Fig. 7a). 

Four dysplasia-related gene expression datasets were selected, comprising two datasets 

corresponding to chondrodysplasia and two corresponding to immuno-osseous dysplasia (tibial 

growth plate hypertrophic zone of Cog and Schmid mice versus wild-type littermates, GSE30628 

[47]; skin fibroblasts of Schimke immuno-osseous dysplasia cell lines SD60 and SD8 versus healthy 

controls, GSE35551 [48]). No SMDS expression datasets are available, so these dysplasias serve as 

proxies and may differ etiologically from SMDS. We then compiled a list of chemical compounds 

whose differential gene expression profiles (drug versus no drug) were negatively correlated with 

at least one of the four dysplasia-associated expression datasets (disease versus control). Using this 

approach, eleven candidate drugs were identified that may be evaluated for therapeutic value in 

SMDS (Fig. 7a): seven with expression profiles negatively correlated with chondrodysplasia and 

Figure 7: SMDS associated drug–protein interactome. (A) Drug–protein interactome linking drugs (green nodes) 

to proteins in the SMDS interactome; green edges denote drug–protein interactions. Repurposing candidates 

identified by comparative transcriptomic analysis are shown as dark green nodes with bold labels. (B) Network 

connecting GPX4 to the three targets of resveratrol (yellow-bordered nodes). Red and light blue nodes denote novel 

and known interactors, respectively; red and light blue edges denote novel and known PPIs, respectively. 
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ten with profiles negatively correlated with immuno-osseous dysplasia. Although subsets of genes 

were differentially expressed in the same direction for both the drug and disorder, the overall 

transcriptome-level signatures were anticorrelated. These drugs, namely, anakinra, colchicine, 

dactinomycin, dexamethasone, fluorouracil, gemcitabine, imatinib, sirolimus, sorafenib, tretinoin, 

and vincristine each target one to three proteins in the interactome. 

In our second approach, we compiled a list of drugs that are currently approved for, or are 

undergoing phase I/II/III clinical trials in, different forms of skeletal dysplasias [49], and identified 

their protein targets using Drug Bank [44]. This resulted in eight drugs with 56 protein targets in the 

interactome; the drugs are etidronic acid, risedronic acid, denosumab (osteogenesis imperfecta), 

resveratrol (pseudoachondroplasia), carbamazepine (Schmid type metaphyseal dysplasia), asfotase 

alfa (hypophosphatasia), burosumab (X-linked hypophosphatemia), and N-acetylcysteine 

(diastrophic dysplasia). We examined the shortest paths connecting each of these protein targets to 

GPX4 and identified those exhibiting the closest network proximity. Three resveratrol targets – 

AHR, CSNK2A1 and APP – were connected to GPX4 via single intermediate interactors (Fig. 7b). 

Specifically, both AHR and CSNK2A1 were found to be connected to GPX4 via GTF2F1, a novel 

interactor of GPX4, whereas APP was connected via known (MAPK13) and novel (APBA3) 

interactors. Further supporting this network-based observation, resveratrol gene-expression profile 

was negatively correlated with the expression profile of immuno-osseous dysplasia. 

4.  Discussion  

SMDS is an under-characterized skeletal dysplasia caused by GPX4 mutations. To expand the 

functional landscape of this disorder, we constructed both disease-centric and gene-centric 

neighborhood networks of GPX4, augmented with novel (hitherto unknown) interactors predicted 

by the HiPPIP algorithm. These complementary networks linked GPX4 to putative SMDS genes, 

related skeletal dysplasias, phenotypically similar disorders, and genes whose perturbation alters 

GPX4 expression. Together, they revealed consistent enrichment for SMDS-associated 

pathophenotypes, tissue-naïve and fetus-specific functional modules, brain/testis-enriched genes, 

and identified 11 candidate repurposable drugs.  

Several novel interactors detected in this study have been linked to developmental deficits. 

EGR4 regulates hindbrain development [50], XRCC1 deficiency causes cerebellar abnormalities in 

mice [51], and LDB1 is required for embryonic patterning, cardiac development, and regulation of 

the skeletal dysplasia gene LMX1B [52, 53]. These independent observations strengthen the 

biological plausibility of the predicted GPX4 interaction network. Across all analyses, GPX4 

emerged as a central node linking skeletal, neurodevelopmental, cardiovascular, and systemic 

processes. Enrichment of fetus-specific functional modules suggests developmental roles for GPX4 

in cellular maintenance, cytoskeletal organization, apoptosis, and vascular development, consistent 

with the congenital manifestations of SMDS. The network also connected GPX4 to Joubert 

syndrome-associated genes and the ciliary protein TERF1, suggesting ciliary biology as a possible 

contributor to disease mechanisms. Enrichment of detoxification pathways in both global and fetal 

contexts further reinforces the established role of GPX4 in oxidative stress protection, while links 

Pacific Symposium on Biocomputing 2027

833



to telomere maintenance and TGF-β signaling suggest additional mechanisms warranting 

investigation. 

The tissue-specific functional landscape of SMDS reveals strong expression of a gene cluster 

including GPX4 in both the brain and testis. Guo et al. have reported that the human brain and testis 

exhibit the highest similarity in gene expression patterns among 17 examined tissues [54]. This has 

been attributed to shared exocytotic processes and receptors, and to the involvement of both tissues 

in human speciation [55]. Functionally, the brain-elevated genes identified in this cluster were only 

nominally enriched (not significant after multiple-testing correction) for axon development, 

synaptic signalling, and mitochondrial protein localization – processes central to neural connectivity 

and plasticity – and would, if confirmed, be consistent with known roles of GPX4 in protecting 

neurons from oxidative damage. In contrast, testis-elevated genes were likewise only nominally 

associated with DNA recombination, cell cycle regulation, and apoptosis, which would be consistent 

with a role for GPX4 in germ cell maintenance and reproductive fitness. Of note, GTEx does not 

include bone or cartilage samples, so expression of these genes in skeletal tissue could not be 

assessed here. The skeletal relevance of the GPX4 interactome therefore rests on the enrichment for 

skeletal dysplasia phenotypes, the cartilage- and extracellular-matrix-related modules, and the links 

to known skeletal dysplasia genes described above, rather than on tissue expression; the relevance 

of the brain and testis signal to the skeletal phenotype of SMDS remains to be established. 

We shortlisted 11 drugs for potential prioritization in SMDS. The prominence of anticancer 

drugs among the candidates likely reflects the involvement of essential cellular pathways common 

to both oncogenesis and skeletal dysplasia. Identification of fluorouracil, gemcitabine, and imatinib 

points to shared signaling pathways, including SMAD4 and TGF-β signaling [56], between 

dysplasia and oncogenic mechanisms. Seven of the eleven candidates (dactinomycin, fluorouracil, 

gemcitabine, imatinib, sirolimus, sorafenib and vincristine) are cytotoxic or broadly 

immunosuppressive agents, and SMDS presents in neonates, in whom such drugs carry substantial 

pediatric and developmental safety risks; the realistic therapeutic window for these compounds is 

therefore narrow, and we regard them as hypotheses about the pathways implicated here rather than 

as clinical candidates. The identification of anakinra and dexamethasone – both modulators of 

immune responses [57] – supports a role for immune dysregulation in SMDS pathophysiology. 

Network-based analysis further highlighted resveratrol, in our view the most defensible candidate 

because, unlike the cytotoxic agents above, it has reached a phase II trial in a related skeletal 

dysplasia (pseudoachondroplasia; NCT03866200; terminated due to recruitment challenges), 

implicating oxidative and inflammatory pathways [58] as potential intervention points. Finally, the 

observed network connections between SMDS and other skeletal dysplasias are consistent with the 

fact that the drugs used for osteogenesis imperfecta, hypophosphatasia, and pseudoachondroplasia 

target proteins linked to GPX4. Collectively, these findings nominate repurposable therapeutic 

candidates that warrant experimental validation. Because patient-derived material is not available, 

a realistic next step is to test the predicted GPX4 interactions and the highest-priority compounds 

(resveratrol first) in cellular or model-organism systems of GPX4 deficiency, carrying forward only 

candidates with mechanistic support and an acceptable pediatric safety profile. Since SMDS is 

typically lethal early in life, the immediate value of findings in this work is likely to lie in clarifying 

disease mechanism and in identifying pathways that would need to be targeted very early in 
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development; the same pipeline may be more directly actionable for rare genetic disorders with later 

onset and longer survival, where small patient populations similarly preclude conventional 

discovery. 

This study has several limitations. First, all networks were assembled from shortest paths 

through the human interactome, which are biased toward highly connected, well-studied genes; 

enrichment for common phenotypes or for brain- and testis-elevated expression may therefore partly 

reflect properties of the interactome and of study bias rather than GPX4-specific biology. We did 

not perform a degree-preserving randomization (null model) to quantify this, and we did not 

compare our results against a baseline that uses only the direct interactors of GPX4 without shortest-

path expansion. For the same reason, observations of network proximity (for example, of the ciliary 

protein TERF1 or of the resveratrol targets to GPX4) are reported descriptively and were not tested 

against degree-matched expectations. Second, the tissue-level functional enrichments did not remain 

significant after correction for multiple testing, and phenotype-enrichment P-values are nominal 

(uncorrected); both are presented as hypothesis-generating. Third, because no SMDS expression 

data exist, the transcriptome-based drug analysis uses chondrodysplasia and immuno-osseous 

dysplasia datasets as proxies, which assumes that the transcriptional signature of SMDS resembles 

theirs; this assumption is untested. Fourth, the seven novel GPX4 interactors are computational 

predictions that (albeit believed to be of high confidence) were not experimentally tested here, and 

the six DisGeNET-derived genes rest on literature co-mention with minimal supporting evidence.  

The methods and tools used here have been applied previously by our group to other disorders, 

so the contribution of this work is their application to SMDS rather than a new method, and we did 

not benchmark the approach against alternative rare-disease gene-prioritization methods (such as 

network propagation or phenotype-driven tools), because no ground truth beyond GPX4 itself is 

available for SMDS. The novel interactors predicted by HiPPIP substantially expand the molecular 

landscape of GPX4 and provide experimentally testable hypotheses for elucidating the molecular 

mechanisms underlying SMDS.  Together, our findings position GPX4 as a focal node at the 

intersection of skeletal dysplasia, neurodevelopmental disorders, and systemic homeostasis, 

providing a structured framework for prioritizing genes, pathways, and therapeutic hypotheses for 

this rare disease.  

5.  Supplementary Material 

Additional details and vector graphics figures, which can be magnified without loss of resolution 

and searched by gene name, are available on Zenodo (https://doi.org/10.5281/zenodo.23091097) 

and at https://severus.dbmi.pitt.edu/gpx4/. All analyses were performed using web-based tools, so 

no scripts were used. 
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The human microbiome interacts with drugs and contributes to side effects and loss of 
efficacy. Methods to identify strains with potential to biotransform drugs are inefficient, 
often fail to scale, have species-level specificity, and rarely account for host factors. We 
present an in silico method to predict the microbial metabolism of drugs using a Microbe-
Drug-Host (MDH) signature. The signature integrates non-treated human omics, 
microbiome composition, and drug-treated in vitro transcriptomics to capture features that 
predict metabolic potential of a given microbe-drug pair. We built support vector machines 
(SVM) using MDH signatures to predict drug metabolism by vaginal and gut microbes. 
We established the framework with a single-drug vaginal test case and predicted 
metabolism of tenofovir with models with high performance metrics (AUC, precision, 
accuracy, recall, specificity equal to and above 0.84). Generalizing to multidrug gut 
models, 27 drugs across 130 bacteria were used to generate metabolism probabilities with 
overall high performance metrics with AUC, precision, accuracy, specificity above or 
equal to 0.81 and recall at 0.75. The gut microbes most implicated to metabolize drugs 
include Bacteroides cellulosilyticus, Bacteroides thetaiotaomicron, and Blautia hansenii, 
consistent with existing literature. Our method using the MDH signature addresses 
deficiencies of existing methods by providing a disease-agnostic, tissue-specific method to 
identify microbe-drug metabolism interactions.  
Keywords: machine learning, microbiome, drug metabolism, host-microbiome interactions 

 
1. Background 
The microbiome dynamically contributes to host heath outcomes in beneficial and deleterious 
manners. The gut microbiome aids in digestion of dietary fibers, synthesizes micronutrients, and 
assists with bile metabolism and creates a barrier of protection against pathogens.1–14 In  the vaginal 
microbiome, bacterial strains provide protection against pathogens by maintaining a low pH 
environment through lactic acid production and releasing anti-microbial compounds such as 
hydrogen peroxide and bacteriocins.15–17 Microbiomes can biotransform exogenous drugs through 
reduction or oxidation reactions, resulting in side effects on the host such as toxicity or reduced 
treatment efficacy.18,19 These interactions have been best characterized in the gut microbiome.20–23 
For instance, sulfasalazine requires an azo bond cleavage facilitated by gut microbiota-secreted 
azoreductases to become activated. 24,25 Digoxin has a well-established inactivating metabolic 
relationship with E. lenta strains that possess a two-gene cytochrome-encoding operon.26–29 In the 
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vaginal microbiome, the efficacy of the HIV pre-exposure prophylaxis drug tenofovir (TV) is 
compromised through metabolism by microbes such as Gardnerella vaginalis, Prevotella (bivia 
and amnii), Mobiluncus mulieris and Escherichia coli. These microbes  are implicated in 
increasing HIV incidence rate to 61%, compared to 18% in Lactobacillus-dominant 
microbiomes.30 31 In both the gut and vagina many drugs experience biotransformation  by the 
whole microbiome, but few explicit bacterial strains have been identified. This remains a blind-
spot for pharmacology towards comprehensively understanding the impact the microbiome has on 
drug therapies.19,32,33  

High-throughput methods for identifying microbe-drug interactions are extremely limited. 
Experimental methods use in vitro and ex vivo whole microbiome and single-species culturing with 
drugs.34 35 Computational methods for inference scale more effectively, but existing tools primarily 
predict human enzymatic interactions with drugs, and rarely predict bacterial metabolic capacity. 
36–38 39,40 Models that predict drug-microbiome interactions and resulting metabolic products 
primarily explore whole-microbiome meta-metabolome output, or use functional annotations or 
metagenomic screens to identify bacteria carrying pre-characterized enzymes.41–45 46  In silico 
models specific to microbial metabolic products primarily use physiologically based 
pharmacokinetic (PBPK) models and constraint-based reconstruction and analysis (COBRA).47 48 
Vaginal models that predict bacterial metabolic capacity primarily use the metabolome to explore 
host-microbiome interactions using genome-scale metabolic models and flux balance analysis 
methods.49,50 51 Gut models are more commonly found with wider applications and input data 
types. Some models explore prediction of drug metabolic product but only in the context of 
therapeutic effect in disease states.47,52 Models using ML methods require pre-existing molecular 
feature identification of the drugs (such as SMILE notations).53,54 Models like AGORA and 
AGORA2 identify species-level drug biotransformations but require manual curation of tissue-
specific bacterial species, rather than utilizing tissue-derived microbiome composition.44,55 Other 
models instead focus on biotransformation due to host diet or microbe population cross-feeding.56–

61 Overall, most existing vaginal and gut models identify whole-microbiome biotransformations 
and few are species-specific. Our method does not require manual curation of bacterial species, 
nor pre-identified drug molecular features, and is disease-agnostic. There is no existing in silico 
methods that integrate both host multi-omics and in vitro data, making our method exceptionally 
unique in its approach.  

Here, we develop a novel computational framework using host, microbiome, and in vitro 
drug screening data to predict species-specific metabolism of drugs across multiple microbiomes 
using a “microbe-drug-host (MDH)” signature. Each microbe-drug pair contains a unique MDH 
signature that integrates the human, microbe, and reference drug data into a set of class-separating 
features that best reflects the metabolic relationship. We establish the framework with a case study 
of vaginal microbiome metabolism of TV and generalize the pipeline to a multidrug classifier for 
species-specific drug metabolism in the gut microbiome. This method takes advantage of the non-
disease state of human in vivo omics combined with high-throughput in vitro drug transcriptomics 
to create a scalable framework to support large-scale screening and prediction for clinically 
meaningful microbe-drug metabolic relationships.  
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2. Materials and Methods 
 
2.1. Pipeline 
Fig. 1 depicts overall data preprocessing, feature selection, testing and training, and performance.  
 
2.1.2. Data pre-processing  
We generated a matrix that contains the integrated host omics, microbiome composition, and in 
vitro drug-treated transcriptomics information. Human transcriptomics or proteomics and paired 
microbiome composition undergo a Spearman correlation to produce a microbe-host ρ matrix. 
These ρ values are multiplied by each drug’s Library of Network-based Cellular Signatures 
characteristic direction (LINCS CD) to produce a product matrix.  The CD is a mean gene 
expression over many cell types and treatment conditions. The point-wise product combines drug-
treated in vitro data with in vivo microbe-host ρ. The relationship of a microbe-drug pair is denoted 
in the model with a binary class, +1 indicates a metabolic and -1 a non-metabolic relationship.  

Microbe-drug pairs without literature-established relationships, denoted class of NA, are 
considered unknown and excluded from the training and testing data. Any microbe-drug pairs with 
unknown metabolic class are sequestered to the auxiliary predictions dataset which will be used 
for microbe-drug pair predictions after the model is generated.  
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2.1.3. Feature selection of the MDH signatures 
We split the product matrix into testing and training data (split 20/80% respectively). The training 
data undergoes feature selection against the classes associated with the microbe-drug pairs via T-
test with Benjamini-Hochberg false discovery rate (FDR) correction. Features with the lowest 
adjusted p-values define and compose the MDH signatures for model training. SVMs lack built-
in feature selection, and by reducing data dimensionality we mitigate potential model overfitting.  
 
2.1.4. Training and testing  
A SVM model was selected due to its ability to handle high dimensional data well and its inherent 
property of identifying the largest margin of separation between classes of interest. We used 10-
fold cross validation (CV) with nested 3-fold hold out for hyperparameter optimization and 
determined performance metrics which include precision, accuracy, recall, and specificity for both 
test and training data. Overall performance calculated from the aggregated CV data uses a 
prediction threshold of probability 0.5, where >=0.5 is metabolic and < 0.5 probability is non-
metabolic. We performed sensitivity analysis to determine the optimal threshold for each metabolic 
class at 0.05 increments. Optimal prediction thresholds were selected based on best F1 score for 
metabolic prediction responses and negative predictive value for non-metabolic prediction 
responses, with recall and specificity used to resolve ties respectively. If ties are not resolved, the 
lowest threshold for the metabolic class is selected and the highest threshold for the non-metabolic 
class is selected. 
 
2.1.5. Predictions and response 
Novel predictions are made with the optimized model using microbe-drug pairs from the auxiliary 
data that were excluded from the testing and training data. We assessed the prediction responses 
of the model independently on the testing and training data in addition to the auxiliary predictions. 
Predictions contain metabolic prediction probabilities (MPPs) for each microbe-drug pair based 
on the respective MDH signature. Prediction responses are finalized based on the optimal 
prediction thresholds determined from the sensitivity analysis. MPPs and the corresponding 
microbe-drug pairs that fall between the metabolic and non-metabolic classification thresholds are 
considered indeterminate.  
 
2.2 Vaginal Data Participant Cohort  
The vaginal models used HIV negative vaginal swab samples from the Partner’s PrEP study.30,62,63 
The TV-VagGene cohort contains 20 woman (25-47 years old) with 27 microbes represented and 
9451 genes in vaginal tissue transcriptomics. (Fig. S1A) The TV-VagProt cohort contains 192 
woman (18-49 years old) with 150 microbes represented and 434 identified proteins from host 
mucosa. (Fig. S1C) 
 
2.3 Gut Data Participant Cohort  
The gut models use 10 control, non-IBD adults from the Inflammatory Bowel Disease Multiomics 
Database (IBDMDB) as part of the Integrative Human Microbiome Project.64 In total, 19 samples 
of ileum and rectum tissue transcriptomics with corresponding microbiome abundance was used. 
In the microbiome composition, 27 of the microbes were also found in the in vitro data, which will 
assign the microbe-drug “true” relationship for the testing and training data. (Fig. S1B) This is 
further described below in the 2.4.2 Preparing Zimmerman Data section.  
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2.4 Adapted Pipelines 
The pipelines to generate the four models follow the same steps of data preprocessing, feature 
selection, testing and training, prediction and response. The vaginal models add bootstrapping and 
a modified feature selection, with testing and training data partitioned earlier in the pipeline. The 
gut model uses Zimmerman et al 2019 in vitro data from a microbe-drug screen to define which 
microbe-drug pairs to include in the testing and training data.65 Adapted pipeline details are 
visualized in Fig. S2.  
 
2.4.1 Vaginal Models Pipeline  
 
Pre-processing with Bootstrapping 
The vaginal models, TV-VagGene and TV-VagProt, undergo modified data preprocessing steps 
that include early testing and training partitioning, and bootstrapping as depicted in Fig. S2A. For 
Tv-VagGene we generated class-balanced training data from 15 participants and test data from 5 
participants via independent bootstrapping. For Tv-VagProt we generated a class-balanced training 
data from 144 participants and test data from 48 participants via independent bootstrapping. The 
participant omics data and microbe composition ρ were bootstrapped for 100 iterations with 3 or 
10 participants selected for each iteration to produce a single microbe-host ρ matrix for the training 
and test data respectively. The microbe-host correlations were multiplied by the LINCS CD to 
generate the product matrix. These steps are repeated to generate a set of 10 data frames. Metabolic 
relationships of TV were based on in vitro validated metabolic capabilities defined by Klatt et al 
2017.30 Microbes with metabolic capacity for TV include G. vaginalis, M. mulieris, P. amnii, P. 
Bivia, and E. coli.  Microbes with non-metabolic capacity for TV include L. crispatus and L. iners.  
These classes are balanced in the training data and then filtered to exclude microbes with unknown 
metabolic capacity.  
 
Feature Selection  
Each of the 10 data frames in the training data underwent feature selection, where features with 
lowest 500 adjusted p-values were selected. The same features found across all 10 data frames 
were chosen as the MDH signature. This allows for identification of consistent features that 
distinguish the metabolic relationships independent of the noise introduced with bootstrapping. 
The first data frame is arbitrarily chosen to represent the training partition to build the model. TV-
VagProt training and testing data both represented 7 microbes with the respective class 
composition, (200 +1, 200 -1) and (200 +1, 497 -1). TV-VagGene training data represented 4/3 
microbes with the respective class composition (169 +1, 170 -1) and (195 +1, 100 -1).  
 
2.4.2 Gut model’s in vitro-defined relationships  
The literature-established metabolic relationships needed for building the gut models is defined by 
in vitro data published by Zimmerman et al 2019.65 This group assessed drug-metabolic activity 
of 76 human gut bacteria against 271 oral drugs, and reported percentage of drug consumed for 
each microbe-drug pair. The preprocessing is outlined in Fig. S2B. For our application, this in vitro 
data must be filtered to contain the same drugs and microbes found in the LINCS CD and 
IBDMDB cohorts respectively. The resulting filtered in vitro Zimmerman matrix contains 27 
microbes shared with the IBDMDB cohort, and 130 drugs shared with LINCS CD. 
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Microbe Proportion and Percent Consumed Thresholds  
We apply to the prepared in vitro Zimmerman matrix the microbe proportion threshold and percent 
consumed threshold. These thresholds impose cut-offs on the percent consumed values to in order 
to assign metabolic classes to the microbe-drug pairs. The first threshold is the microbe proportion 
threshold, which specifies for each drug the percent of microbes with a nonzero value of drug 
consumed. For example, a threshold of 0.25 means 25% of the 27 microbes tested with a drug 
contained some drug consumed. Any drugs and their respective microbes that do not meet this 
threshold are assigned a metabolic class of NA, and are dropped from the testing and training data.  

The percent consumed threshold is applied to the remaining drugs and microbes, which 
specifies the percent of drug consumed to be considered metabolized by the respective microbe. 
For example, a threshold of 0.50 means 50% or more of the drug must be consumed to be 
considered a metabolic relationship and assigned a “true” class of +1, otherwise it is denoted as 
non-metabolic and assigned a class of -1. Each microbe-drug pair in the filtered in vitro 
Zimmerman matrix will have a metabolic class assigned based on the percent consumed threshold. 
The metabolic relationships are either metabolic (+1 class), non-metabolic (-1 class), or unknown 
(NA class). Microbe-drug pairs with 1) unknown metabolic relationships and 2) pairs dropped due 
to class balancing, compose the auxiliary data and are used for prediction at the end of the pipeline. 
Multi-GutV1 model contains microbe proportion threshold of 0.50 and percent consumed 
threshold of 0.50. After sensitivity analysis was conducted on these thresholds, Multi-GutV2 
contains microbe proportion threshold of 0.25 and percent consumed threshold of 0.50. For each 
gut model the testing, training, and auxiliary data together account for 3510 unique combinations 
of microbe-drug pairs derived from 27 taxa and 130 drugs. Multi-GutV1 training and test data 
respectively contain representation of 27/25 microbes, 18/17 drugs, with a class composition of 
(120 +1, 111 -1) and (31 +1, 28 -1). Multi-GutV2 training and test data respectively contain 
representation of 27/27 microbes, 49/48 drugs, with a class composition of (310 +1, 326 -1) and 
(78 +1, 82 -1).  
 
3. Results 
 
3.1 Vaginal Models’ Performance  
Feature selection identified 455 and 91 features for the TV-VagGene and TV-VagProt model 
respectively. The hyperparameter optimization determined the TV-VagGene model to contain the 
following parameters: kernel = polynomial, degree = 1, cost=12.1, and gamma=1.41. The 
hyperparameter optimization determined the TV-VagProt model to contain the following 
parameters: kernel = polynomial, degree = 3, cost = 8.55, and gamma = 0.507. The performance 
metrics determined from the testing and aggregated CV training folds for both models are 
comparable and reflect useful classification from both methods. Notably, precision, accuracy, 
recall and specificity are all above 0.84 from the testing data and above 0.99 for the aggregated 
CV training data (Fig. 2C, Fig. S3B) Both models reflect an area under the curve (AUC) above 
0.99 in their respective testing and aggregated CV fold performances. The recall performance 
indicates that both models can identify metabolic microbes within the dataset (0.84 TV-VagGene, 
0.99 TV-VagProt). Similarly, the high specificity indicates reliable identification of non-metabolic 
prediction responses (1.00 TV-VagGene, 0.87 TV-VagProt). The patient pool bootstrapped to 
produce the training data cannot introduce biological variation beyond what is represented in the 
original cohort. The small patient pool results in limited heterogeneity and potentially reduces the 
generalizability of the model to unseen data. However, the learning curve for both models reflects 
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negligible overfitting, as the generalization gap between the accuracy and mean misclassification 
error are less than 0.01 for both models. (Fig. S5)  
 
3.2 Vaginal Model Sensitivity Analysis 
Sensitivity analysis on the classification threshold in both TV-VagGene and TV-VagProt reflect 
minimal impact on the overall performance. (Fig. 2A/B) The TV-VagGene model optimal 
prediction threshold for response is 0.50, with an associated F1 value of 0.91 and recall of 0.84. 
The non-metabolic prediction threshold is also 0.50 with a determined negative predictive value 
of 0.92 and specificity of 1.00. The TV-VagProt model optimal metabolic prediction threshold is 
0.80 with an associated F1 value of 0.98 and recall of 0.97. The nonmetabolic prediction threshold 
is 0.25 with an associated negative predictive value of 0.99 and specificity of 0.79.   

 
3.3 Vaginal Model Predictions   
TV-VagGene and TV-VagProt model prediction responses on various microbes reflect a range of 
metabolic and non-metabolic responses. (Fig. 2 A/B) Both MPP plots reflect predictions in shared 
microbes from the TV-VagGene and TV-VagProt cohorts, all microbe MPPs are in Table 1 and 2 
respectively. As expected, microbes used for training are predicted correctly with MPPs that 
support the response.  Microbes predicted to metabolize TV includes G. vaginalis (1.00 MPP, 1.00 
MPP), and M. Mulieris (0.93 MPP, 1.00 MPP) for TV-VagGene and TV-VagProt respectively. TV-
VagProt also predicted metabolic response for P. amnii, P. Bivia, (both 1.00 MPP) and E. coli (0.86 
MPP). Prediction response of nonmetabolic class is as expected for L. Crispatus (5.6e-4 MPP, 
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3.5e-4 MPP) and L. iners (1.2e-3 MPP, 2.4e-3 MPP) for TV-VagGene and TV-VagProt 
respectively. Comparatively, TV-VagGene returns more conservative predictions across all 
microbes, despite this, there are consistent predictions between both models.  

Novel metabolic predictions shared by both models include A. vaginae (0.74 MPP, 1.00 
MPP), Bifidobacterium species (0.93 MPP, 1.00 MPP), Prevotella species (0.90 MPP, 1.00 MPP) 
and Peptostreptococcus species (0.86 MPP, 0.91 MPP) from TV-VagGene and TV-VagProt 
respectively.  Notably, Bifidobacterium and Atopobium genus are highly predicted to be 
metabolizers of TV. Due to the lack of availability in the cohort data, the TV-VagGene model was 
not trained on P. amanii and P. bivia; However, the model correctly identifies the metabolic 
potential of Prevotella genus. This supports the integrity of the method as the identification of this 
genus is correct, despite its absence from the training data.  

The two models agreed on non-metabolic prediction of Lactobacillus genus. However, 
there are 11 microbes with conflicting predictions, primarily where TV-VagProt response predicts 
metabolic relationship (MPP range 0.82-1.00) and TV-VagGene does not (MPP range 1.0e-3 to 
0.10). These include Pseudomonas species, P. aeruginosa, P. syringae, P. fulva, L. gasseri, L. 
ultunensis, L. hamsteri, L. taiwanensis, L. hominis, L. jensenii, and L. vaginalis. A summary of the 
predictions between the TV-VagGene and TV-VagProt models is depicted in Fig. S3C.  
 
3.4 Multi-GutV1 
The results from Multi-GutV1 model with the microbe proportion threshold of 0.5 and percent 
consumed threshold of 0.5 depicts decent performance. (Fig. S6) The model’s parameters are: 
kernel = polynomial, degree = 2, cost = 19.2, gamma = 0.491 with 500 features. The testing fold 
performance depicts a range of 0.75 - 0.77 for precision, accuracy, recall and specificity. (Fig. 
S6A) The AUC of the sensitivity and specificity curve and precision-recall curve are 0.83 and 0.87 
respectively. These performance values and AUC support moderate performance by the model, 
and its ability to distinguish the metabolic class. (Fig. S6C) The sensitivity analysis on the 
prediction threshold reflects a 0.5 threshold is optimal for moderate performance across metrics. 
(Fig. S6B) The model’s predictions grouped by drug reflect higher mean MPPs compared to 
grouping by microbe. (Fig. S6D/E) This reflects that MPPS are more influenced by the drug type 
rather than microbe species.  
 
3.5 Multi-GutV2 Performance 
During Multi-Gut model development we interrogated microbe proportion threshold and percent 
consumed threshold to identify a model with improved performance. Denoted as Multi-GutV2, 
this model contains a microbe proportion threshold of 0.25 and a percent consumed threshold of 
0.50. The model’s parameters are: kernel = polynomial, degree = 2, cost = 15.3, gamma = 0.83 and 
contains 500 features. This improved Multi-GutV2 model contains performance metrics of 
precision, accuracy, recall, and specificity between 0.75-0.86. (Fig. 2C, Fig. S7A) The learning 
curves reflect some minor potential overfitting with a generalization gap of 0.21, likely due to the 
high model complexity. (Fig. S5) The model built on a balanced dataset can differentiate between 
the classes well (accuracy 0.81, specificity 0.86) and most positive predictions are correct 
(precision 0.84). This provides reassurance the prediction responses may provide meaningful 
MPPs worth interpreting. Sensitivity analysis on the prediction threshold reflects optimal 
performance at prediction threshold of 0.45 (F1 0.79, recall 0.83). (Fig. 2D) The optimal 
performance for nonmetabolic class is prediction threshold of 0.25 (negative predictive value 0.9, 
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specificity 0.31). Performance metrics and confusion matrices for the aggregated CV folds are 
depicted in Fig. S3A/B. 
 
3.6 Multi-GutV2 Trends in Responses  

The Multi-GutV2 responses from the testing and training data show metabolic trends when 
MPPs are grouped by drugs rather than microbes. When grouped by microbes, the two leading 
microbes with the highest mean MPPs are B. cellulosilyticus and B thetaiotaomicron (mean MPP 
0.58, mean MPP 0.55). (Fig. S7B, Table 3) Interestingly, when the same MPPs are grouped by 
drug identity, certain drugs are favored for metabolic relationships by multiple species of microbes. 
(Fig. 3A, Table 3) The leading drugs with highest mean MPPs are artemisinin and tenatoprazole 
(mean MPP 0.88, mean MPP 0.84). 37% (18/49) of drugs contain mean MPPs that are above the 
metabolic prediction threshold of 0.45. There are no structural or pharmaceutical classes 
overrepresented in these 18 drugs. However, some of these drugs share metabolic mechanisms, 
specifically involving hydrolysis and reduction reactions. These 18 include prodrugs that require 
activation and contain the respective mean MPPs which include: bisacodyl (0.76), sulfasalazine 
(0.61), famciclovir (0.59), racecadotril (0.56), deflazacort (0.51). These also include known drug 
substrates for reduction and cleavage with the following mean MPPs: sulfasalazine (0.61), 
phenazopyridine (0.62), and tinidazole (0.75).  

The predictions on microbe-drug pairs from the testing data reflects consistent 
classification of the model’s response and the corresponding true class. For microbe-drug pairs 
assigned a class “truth” of metabolic, the median MPP is 0.60 and median percent consumed is 
0.96. For the “true” non-metabolic microbe-drug pairs, the median MPP is 0.13 and median percent 
consumed is 0.0. A Spearman correlation between the MPPs for testing microbe-drug pairs and the 
corresponding percent consumed in vitro value returns a ρ of 0.53 with a p-value of 7.3e-12. The 
positive direction, meaningful magnitude and notable p-value reflect the in vitro percent consumed 
values associated with each microbe-drug pair are highly correlated to the MPP produced by the 
model. This correlation reflects the MDH signature can capture wide metabolic range, and 
corresponding MPP’s are reflective of measured activity in the in vitro values used to assign the 
classes. Together, these values support the useful classification abilities of the model.   
 Compared to the testing and training MPPs, the predictions on the auxiliary microbe-drug 
pairings assigned a truth of NA reflect a smaller range of MPPs. This is evident when grouping the 
MPPs by microbe and by drug. The two leading microbes identified to metabolize the drugs 
include B. hansenii (mean MPP 0.50) and B. thetaiotaomicron (mean MPP 0.50). (Fig. S7C, Table 
3) The two leading drugs predicted to be metabolized by the microbes are metaxalone (mean MPP 
0.64) and fenofibrate (mean MPP 0.54). (Fig. 3B) 44% (36/81) of the drugs contain mean MPPs 
above the metabolic prediction threshold of 0.45. The auxiliary microbe-drug pairs were selected 
based on failure to meet the microbe proportion threshold and percent consumed threshold, and 
therefore it is reasonable that we see more MPPs trending towards non-metabolic responses. 
Similar to the testing and training predictions, the auxiliary microbe-drug pair responses are more 
distinguishable based on the drug rather than the microbes. Experimentally these auxiliary 
microbe-drug pairs had very little metabolism representation across the microbes. The MPPs are 
less certain compared to those produced by the testing and training data, but are still above our 
classification threshold for metabolic predictions. 
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3.7 Literature Exploration of Multi-GutV2 Responses 
We asses Multi-GutV2 responses with literature-established gut microbiome metabolic 
relationships to explore our results. These include microbe-drug pairs from across the testing, 
training and auxiliary data. (Table 3) We explore known relationships between sulfasalazine, 
omeprazole, digoxin and levamisole metabolism evidence. The sulfasalazine literature-established 
relationship with the gut microbiome is reflected in the MPPs. Microbe-sulfasalazine pairs 
predicted as metabolic returned a relatively high median MPP of 0.68. For sulfasalazine, 78% 
(21/27) of microbes are predicted as metabolic and 22% (6/27) are indeterminate. Interestingly, 
for these six the true assigned class is denoted as non-metabolic, but since the MPPs are not low 
enough meet the non-metabolic prediction threshold of 0.25, they fall within the indeterminate 
class. This suggests the associated MDH signatures for these six sulfasalazine-microbe pairs still 
contain enough “metabolic” signature so that the model is unable to confidently predict them to be 
non-metabolic.  Our results reflect P. distasonis and B. vulgatus contain high MPPs (0.89, 0.68 
respectively). Interestingly, ex vivo human fecal cultures treated with sulfasalazine displayed a 
significantly increased species abundance of these same two bacterial species.66  Additionally, of 
the Bacteroides genera, B. caccae and B. Fragillis (MPP 0.77, MPP 0.75) are most likely metabolic 
towards sulfasalazine. Within literature, B. caccae has been identified as a biomarker for children 
with ulcerative colitis.67  At the same time, B. caccae is also reported as a predictor for successful 
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treatment outcomes with anti-cytokine therapies.20 There are no findings associating successful 
treatment outcomes with sulfasalazine in children with ulcerative colitis and B. caccae abundance. 
However, the Bacteroides genera has been identified to contain azoreductases implicated in 
activating sulfasalazine through reduction.68 Indeed our predictions reflect this trend, where 83% 
(10/12) of the Bacteroides species are predicted to be metabolic of sulfasalazine with a median 
MPP of 0.68. There are two Bacteroides species that are denoted as undetermined, B. stercoris and 
B. finegoldii, however the in vitro assigned truth is non-metabolic. The lack of consistency between 
the truth and response may be due to metabolic capacity being captured in the MDH signature. 
Reductive metabolism of omeprazole has been reported in in vitro conditions by gut bacteria to 
produce sulfide metabolites however there are few species explicitly identified.26,69  In our model, 
96% (26/27) of microbe-omeprazole pairs were assigned a truth of metabolic and 100% (27/27) 
had a predicted response of metabolic. Digoxin has an interesting literature established relationship 
with E. lenta, where only strains that contain a two-gene cytochrome-encoding operon metabolize 
the drug. Our results (MPP 0.31, indeterminate) reflect this range of E. Lenta response, since it is 
not a metabolic relationship held by the entire species and thusly the MPP is low enough to be 
placed in the indeterminate response. Due to the MDH signature capturing some of this metabolic 
capacity the MPP is not below the non-metabolic threshold. Microbe-levamisole pairs had 
responses that deviated from the “truth” assigned. There are two microbes A. colihominis and E. 
coli out of the 27 levamisole-microbe pairs assigned a truth of metabolic. Interestingly, the model 
prediction responses identified seven microbes to be metabolic (median MPP 0.53).  Evidence 
suggests Levamisole may be metabolized by Bacteroides species, and indeed three of these 
levamisole-microbe pairs included B. uniformis (MPP 0.72). B. cellulosilyticus (MPP 0.54), and 
B. thetaiotaomicron (MPP 0.50).70 Our results with sulfasalazine, omeprazole, digoxin and 
levamisole are explored due to their existing literature evidence to have metabolic properties with 
the gut microbiome. These results highlight the model’s capability to return predictions that align 
with literature-based findings. Drug-metabolizing capacity can vary among strains therefore 
taxonomic trends do not necessarily indicate conserved metabolic capacity across all members.  
Discrepancies between the response and truth may indicate the MDH signature’s ability to discern 
between the in vivo metabolic capacity independent of the assigned “true” class based on the in 
vitro data. 

Within the auxiliary prediction data, we explore the prediction responses for microbe-drug 
pairs with an unknown true class. (Fig. 3, Fig. S7C, Table 3) Some of the 18 drugs identified to be 
metabolized include capecitabine, sulfinpyrazone, ranitidine and nizatidine. Our results reflect 
varying degrees of model responses that align with literature-established evidence. Capecitabine 
is reduced by dihydropyrimidine dehydrogenase, an enzyme previously identified in 85 species of 
bacteria through comparative genomics.44 In our results, capecitabine returned 22% (6/27) 
microbes as having a metabolic relationship (median MPP 0.49). Sulfinpyrazone can experience 
s-oxide reduction by microbes found in human stool.71,72 For sulfinpyrazone, 30% (8/27) microbes 
were predicted to have metabolic relationship (median MPP 0.52). Ranitidine and nizatidine, when 
incubated with human stool experience a nitro reduction via cleavage of an N-oxide bond.73,74 
Ranitidine-microbe pairs had 33% (9/27) predicted to be metabolic (median MPP 0.47). 
Nizatidine-microbe pairs had 52% (14/27) microbes predicted to metabolic (median MPP 0.51). 
Despite these microbe-drug pairs being sequestered to the auxiliary data during preprocessing class 
assignment due to their inability to meet the percent consumed and microbe proportion threshold, 
we still see predictions for microbes with metabolic capacity. The median MPPs are lower 
compared to those from the testing/training. This is somewhat reasonable, since the auxiliary data 
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was not used in training, and therefore the MDH signature is not tuned to detect any metabolic 
capacity within these drugs. Despite this, the metabolic predictions demonstrate the generalizable, 
MDH signature can distinguish metabolic capacities on drugs that did not contribute to the training 
of the model. 

Metabolic relationships identified from in vitro screening with drugs can contribute to our 
understanding of drug-microbe interactions. However, it does not capture dynamic microbiome 
composition which often impacts bacterial metabolic need and activity. While we can state what 
the assigned “truth” is based off the in vitro data, the endogenous behavior of the bacteria species 
in the host microbiome context may be different. Due to this misalignment, it is possible that 
behavior observed in vitro is not behavior observed in the endogenous host microbiome. These 
results reflect the MDH signature derived from in vivo patient data can capture metabolic 
relationships, which are difficult to replicable in vitro. The MDH signature improves on the 
existing in vitro and in silico methods as it integrates the context of the complete endogenous 
microbiome interaction with the host. The Multi-GutV2 model has identified species-specific 
microbes with MDH signatures consistent with metabolic activity.  
 
4. Discussion  
The MDH signature can predict species-specific metabolic relationships. Our model is distinct 
from existing methods since it is derived from human omics data and microbiome composition 
from disease-free subjects and integrates the drug-treatment variable through in vitro derived data. 
Our findings highlight the novelty and utility of using a MDH signature to identify drug-microbial 
metabolic relationships in the vaginal and gut microbiome. Using this MDH signature we build 
vaginal microbiome models, TV-VagGene and TV-VagProt, that predict metabolism of TV. These 
models contain high performance metrics on test data (precision, accuracy, recall, specificity equal 
to and above 0.84) and an AUC equal to and above 0.99. The two models agree on the novel 
predictions of TV metabolism by the vaginal bacteria: A. vaginae, F. nucleatum, 
Peptostreptococcus genus, and Bifidobacterium genus.   

We further demonstrate the greater capacity of the MDH signature to capture multiple 
microbe-drug metabolic relationships in the gut microbiome with the Multi-GutV1 and Multi-
GutV2 models. The Multi-GutV2 model was identified through sensitivity training of the V1 
model and contains useable performance metrics from the testing data (precision, accuracy, 
specificity above or equal to 0.81 and recall at 0.75), with an AUC of 0.87. For the Multi-GutV2 
model the leading microbes most implicated in metabolism of the assessed drugs are B. 
cellulosilyticus, B thetaiotaomicron, and B. hansenii. There are 54 total drugs with mean MPPs 
across the respective microbe-drug pairs assed that reflect metabolic potential with multiple 
microbe species. The responses also reflect trends in drug literature-established metabolic 
relationships. The Multi-GutV2 model produced MPPs in the testing data which are highly 
correlated (ρ of 0.55, p-value 1.3e-53) to the percent consumed values from the in vitro data. This 
reflects the MDH signature’s ability to capture and discern the range of metabolic capacity of each 
unique microbe-drug pair.  

The method to produce the MDH signatures is highly customizable as it requires 1) non-
disease paired omics and 2) a few microbe-drugs with defined metabolic relationships. It is 
advantageous the human omics and microbiome composition is non-disease as this expands the 
range of applicable available datasets. The human paired omics and microbiome composition are 
tissue-specific and disease-agnostic. The training data requires defined metabolic relationships for 
microbe-drug pairs to establish the model. These can be taken from literature (as shown in TV-
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VagGene and TV-VagProt models) or custom in vitro experiments with a threshold to delineate 
defined metabolic relationships (as done in the Multi-GutV1 and V2 models).  

Future applications of this model could adapt the existing pipeline and shift the specificity 
of the model to suit the research interests. The utility of this model is constrained to the microbiome 
diversity of patient samples. This can impact the performance of the model though limited samples 
for testing and training or limit the amount of novel microbe-drug pairs that are predicted on. 
Future applications of this method could generate models unique to specific drug classes or 
hypothesized enzymatic mechanisms.  Drugs in similar classes or with similar functional groups 
have been shown to share metabolic properties consistent across different microbes with the same 
enzymes.19,32,33,65,75 Future applications can incorporate in vitro or ex vivo validation of the 
microbe-drug prediction, which is a limitation in our interpretation. Another model constraint is 
the feature selection T-test, which may omit interaction effects leveraged by the SVM. Future 
implementations could consider multivariate approaches with built-in feature selection such as 
Elastic Net, LASSO, or PCA.  

Another improvement could be applying tissue-specific in vitro drug-treated cell line data 
rather than the LINCS CD values. The LINCS CD readings include a vast diversity of cell types 
across various tissue locations. The models may have better performance if the in vitro values were 
more tissue-specific and therefore would have more contextually accurate drug-treatment values 
to contribute to the MDH signatures.  Future applications of this model could also expand using a 
larger applied drug pool. Here, we limited our microbe-drug pairs to drugs that were found in both 
our in vitro drug-treated microbes from the Zimmerman et al 2019 publication to simplify 
interpretation of our results and to ensure we had in vitro values to compare our generated MPP 
per microbe-drug pair. Future applications could use the whole LINCS catalogue to generate 
microbe-drug pair predictions for all LINCS drugs to generate a reference database. This generated 
library of predictions could be cited to preemptively identify any potential impact of the gut 
microbiome on the drug of interest. We could also make individual SVMs per drug for each 
microbiome, similar to the individual models we made for TV metabolism. These single-drug 
models may contain higher precision since the class-separating features in the MDH signatures 
capture each specific drug’s metabolic properties. The weakness of a multidrug model such as the 
Multi-GutV1 and V2 is the class-distinguishing features are not specific to the drug class nor the 
structures, which can contribute to loss of performance. This is reasonable, since introducing 
additional drugs may obscure the features that best distinguish the classification abilities. However, 
despite this, in a multidrug model the features are more generalizable because the features are not 
tied to one drug. We have shown reliable performance is still viable in a multidrug model. 

The utility of these models is most evident within the clinical setting. We can preemptively 
determine how a patient’s microbiome may impact the therapeutic effect of the drug. With this 
knowledge we can either pivot drug treatment to select a therapeutic that will not interact with the 
microbiome or provide probiotics to shift the microbiome populations to be more receptive to the 
drug of choice. This is a low-cost, high throughput method to assess the microbe metabolism of 
drugs in an accessible manner. Clinicians can reference this tool to incorporate microbiome state 
into patient treatment plans going forward, thereby improving personalized medicine and 
treatment success.  

 
5. Supplementary Information 
All supplementary figures, tables, code and high-resolution main figures can be found here: 
https://github.com/Brubaker-Lab/microbe-host-omic_nemecio 
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Drug-combination synergy models are generally benchmarked on combinatorial screens, in
which a fixed panel of drug pairs is assayed across a fixed panel of cell lines. Random splits
over measurements are permissive in nature, as the same drug pair may show up in both
the train and test set, albeit alongside different cell lines, allowing the model to interpolate
rather than generalize. As a possible mitigation, the field has adopted cold-start proto-
cols, namely, leave-drug-out, leave-cell-line-out, leave-tissue-out, and leave-combination-out.
Nevertheless, these protocols differ in what they actually withhold. In this work, we show
that holding out a cell line does not hold out a combination. Whenever a screen assays its
pair matrix across its entire cell panel, leave-cell-line-out retains every test combination in
training by construction. This holds exactly on the fully-crossed ALMANAC, FRIEDMAN,
and O’Neil screens, and reaches 92% on the sparser AstraZeneca screen. Additionally, a
harmonised DrugComb corpus still retains 72.8%, suggesting that pooling across screens
dilutes the effect instead of removing it. To further quantify the consequence, we compare
a null model using no molecular information, comprised of a per-cell-line mean along with
a per-pair mean, against a symmetric neural baseline and a larger pathway-aware model
under matched splits. Under the leave-cell-line-out setup, the null model outperforms both,
and collapses when combinations are held out instead. Between leave-combination-out and
leave-cell-line-out, the sign of structure’s contribution flips, while leave-drug-out yields no
resolvable difference and leave-tissue-out is too variable across folds to adjudicate. More-
over, for this one pathway model, ablation locates the advantage in the drug-target branch
rather than in pathway topology, although the branch’s contribution cannot be separated
from the capacity and auxiliary supervision it also supplies. Our work thus emphasizes that
predicting a known combination in an uncharacterized context is legitimate and clinically
relevant, but distinct from combination generalization; retained overlap is a property of a
protocol to be reported alongside the claim it supports, rather than a defect to be corrected.

Keywords: Drug combination synergy; evaluation methodology; cold-start evaluation;
train–test overlap; benchmark design; combinatorial drug screens

1. Introduction

In cancer treatment, combination therapy has emerged as the standard protocol. Neverthe-
less, exhaustive screening of compounds is tedious due to the large candidate space. In silico
adoption for screening, pioneered by Preuer et al.,1 aids in this scenario.

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC)
4.0 License.
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Evolution of research in this field has been majorly measured against benchmarks de-
rived from combinatorial screens, namely, O’Neil,2 NCI-ALMANAC,3 and their aggregation
in DrugComb.4,5 These screens share a design property that is a virtue experimentally but a
hazard statistically: a fixed panel of drug pairs is assayed across a fixed panel of cell lines. As
a result, random shuffling and splitting causes the same cell lines to appear in both the train
and test sets, just with different pairs. During testing, the model encounters drug pairs and
cell lines it has already seen, but with a new intersection. Therefore, the credibility of such
test results is a matter of debate due to the inherent bias in the predictions.

Evaluating on novel combinations instead of random measurements, Preuer et al. reported
that every method they compared degraded when extrapolating to unexplored drugs or cell
lines. Later, Dewulf et al. formalized the cold-start subtasks for drug-drug interaction pre-
diction and argued that matched validation schemes are critical to correct assessment.6 Re-
cent methods routinely reported leave-drug-out, leave-combination-out and leave-cell-line-out
alongside headline numbers.7–9

As an instance of a general problem, Kapoor et al. surveyed seventeen scientific fields and
observed leakage affecting 294 papers, often producing extremely overoptimistic conclusions.
In their reproducibility study of civil-war prediction, correcting leakage eliminated the entire
advantage of complex models over vanilla logistic regression.10,11 Bernett et al. emphasized
that leakage is especially hard to detect in biological data due to the complex dependencies
between samples,12 while Rosenblatt et al. showed that repeated subjects drastically inflate
performance in connectome models.13

In this work, we seek an answer to a question that, to our knowledge, has not been
addressed: within each cold-start protocol, how much combination overlap actually survives?
Holding out a cell line removes a context, not the combination, as the same pair is measured in
the cell lines that remain. The importance of such a scenario is an empirical question related
to the redundancy of the screens.

We treat these protocols as definitions of distinct tasks rather than as defective instru-
ments. Leave-cell-line-out defines a well-posed and clinically meaningful task, predicting a
profiled combination in an uncharacterized context, and retaining that combination in train-
ing is precisely what the task licenses. What we audit is the distance between that definition
and the generalization claims commonly attached to the numbers it produces.

In summary, this work is best placed as a method to characterize what each evaluation pro-
tocol withholds and what follows for the interpretation of reported performance. We quantify
how much combination overlap each cold-start protocol actually leaves, protocol by protocol
and screen by screen. Specifically, our work thus contributes the following:

• An audit across six protocols to measure the fraction of test combinations also present
in training,

• A null model quantifying the consequence, using a per-cell plus per-pair mean,
• A demonstration that the protocol determines the verdict on held-out combinations,
and,

• A component attribution to biological priors that might partially reflect database com-
pletion.
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2. Background and Related Work

2.1. Synergy Quantification

Synergy is defined relative to a reference model of non-interaction. Standard references are
Loewe additivity, Bliss independence, Highest Single Agent(HSA), and Zero Interaction Po-
tency(ZIP). These references depict different assumptions and disagree in practice,14–16 to the
point that the choice of dose-response fitting software can flip a combination between syner-
gistic and antagonistic.17 In this work, we use Loewe as the reference model for quantifying
synergy.

2.2. Cold-Start Protocols

As one of the earliest approaches, Dewulf et al. identified the distinct subtasks surfaced when
drugs, pairs or contexts are novel, and proposed matched validation schemes.6 In their re-
view, Abbasi et al. concluded with a classic cold-start issue by stating that the methods
they implemented performed well for known drugs and cell lines but fall short for novel
ones.18Yousefabadi et al. showcased that permissive cross-validation allowing drug pairs across
folds inflates performance, and thus adopted pair-held-out validation for antibacterial syn-
ergy.19 In a more recent work, Agboola et al. reported a random forest outperforming their
deep model under cold-drug validation.20

2.3. Structure-informed Synergy Models

Incorporating pathway or network structure is an active direction, spanning network-proximity
approaches,21 pathway-activation scores,22 interpretable subsystem models,23 graph and
transformer architectures,9,24,25 multi-task formulations,26,27 multi-omics ensembles28,29 and
proteomics-based models.8

2.4. Leakage in ML-based Science

Non-independence between train and test samples is one of eight leakage types discussed by
Kapoor et al. in their taxonomy,10,11 addressed by reporting checklists12,30 and quantified in
neuroimaging13 and other applied fields.31,32 Cold-start protocols have been already adopted
in the subfield as remedy, however, the shortcomings of such a remedy can only be seen by
scrutinizing pairs.

Combination overlap is a measurable property of a partition: the fraction of test combi-
nations that also occur in training, computable without fitting a model. Task mismatch is a
gap between the entity a protocol withholds and the entity a claim generalizes over, as when
leave-cell-line-out, which withholds biological contexts, is used to support a claim about unseen
combinations. Leakage is the case in which that gap invalidates the performance estimate for
the claim being made. Overlap alone is therefore neither necessary nor sufficient for leakage:
a protocol that retains most of its test combinations is performing exactly as intended when
the claim concerns a known combination in a new context, and the same retention becomes
leakage only under a claim of combination generalization.
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In a recent work, Çandır et al.33 replaced the drug and cell-line representations of five
published synergy models with one-hot identifiers and obtained comparable or slightly better
performance, concluding that these models exploit identity-linked covariation in the synergy
labels rather than the chemical and molecular features they are supplied.

3. Methods

3.1. Corpus

We harmonized DrugComb4 to 634,631 measurements after removing self-pairs and rows lack-
ing a Loewe score, resulting in 73,108 unique unordered pairs across 288 cell lines. Eliminating
instances of incomplete drug and cell features drastically shrinks the measurements to 180,746
over 1,945 drugs, 159 cell lines and 15 tissues, drawn from ALMANAC, FRIEDMAN, O’NEIL
and ASTRAZENECA. Every protocol, split, overlap figure and performance metrics reported
in this study is computed on this feature-complete subset of 180,746 measurements.

3.2. Protocols

Here, six protocols are implemented over the common corpus: random, leave-combo-out (un-
seen combination, both drugs seen), leave-drug-out (one/both variants), leave-cell-out, leave-
tissue-out, leave-study-out. Each of the protocols persisted as row indices with a corpus fin-
gerprint so a split replays exactly without redistributing data.

The drug degree distribution is heavy-tailed: a small number of drugs participate in a large
share of the pairs and therefore carry a disproportionate share of the rows. Partitioning entities
uniformly is consequently unstable, as a single high-degree entity landing on the held-out side
moves the realized test fraction far from its nominal value. Instead of uniform partitioning,
we therefore assigned entities by mass-aware greedy packing. The packer orders groups by
row mass, assigns each to the bin with the largest remaining deficit, and asserts the achieved
test fraction before a split is accepted. Every split reported in this paper is produced by this
packer on the 180,746-row feature-complete corpus.

The assertion applies to the mass-packed protocols only. The leave-tissue-out and leave-
study-out partition on an explicit categorical assignment. As a result, their test fraction is
essentially what the held-out block weighs, hence the check is waived consciously. The leave-
tissue-out is restricted to the eight tissues with at least 3,500 covered rows, making the distri-
bution severely skewed (skin 71,638 rows, 39.6% of the 180,746-row feature-complete corpus;
pancreas 6 rows).

3.3. Baselines

We denote the null model as B1. For a test row carrying unordered pair p in cell line c, B1
predicts y(p, c) = mc + dp, where mc is the mean Loewe score over the training rows of the cell
line c and dp is the mean of the residual yi − mc(i) over the training rows i and pair p, both
estimated on training rows only. Next, the unseen entities back off: mc is replaced by the global
training mean when c contributes no training row, and dp is set to zero when p contributes none,
so a pair unseen in a cell line unseen receives the global training mean as a constant prediction.
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B1 therefore has no fitted weights, no regularization and no hyperparameters, and its score
under a given protocol is a property of the split rather than of a training procedure. It uses
no structure, targets, pathways or omics since the objective here is diagnosing a benchmark
on which B1 is competitive. Signal from such a benchmark might be largely recoverable from
pair and context identity alone, without chemistry.

Two additional baselines are a gradient boosting on PCA-reduced embeddings (B2) and
a symmetric MLP over drug embeddings and cell features with no ontology, graph or target
projection (B3). Both consume the drug embeddings and the cell context specified in Section
3.4, encoded symmetrically as the sum and the absolute difference of the two drug vectors
concatenated with the cell vector, so that drug order cannot affect a prediction. B2 reduces
the drug embeddings with a 64-component PCA fitted on the stacked training embeddings of
both drugs and fits a histogram gradient-boosting regressor with 300 boosting iterations and
otherwise default settings. B3 applies the same encoding to the unreduced embeddings and
passes it through a 512-unit layer with layer normalization, GELU activation and dropout 0.1,
a 256-unit GELU layer and a scalar head, trained for 30 epochs with AdamW at learning rate
0.001, weight decay 0.01 and batch size 512, minimizing mean squared error on winsorized and
standardized Loewe scores with no early stopping. B2 is a learned but non-neural comparator
that sits between B1 and the neural models, while B3 acts as the reference for ”does structure
help”.

3.4. Features and Model Configuration

Cell context is a 160-dimension entity, comprising of 14 PROGENy activities,34 64 principal
components of protein-coding expression, 64 of CRISPR gene effect over the ontology’s gene
universe, and 18 genotype flags, all from the DepMap portal.35 Drug embeddings are generated
using MolFormer-XL.36 The drug-target profiles come from ChEMBL37 over a 72-gene panel,
where only 24.7% of trainable rows have both drugs annotated. Hence, a target-imputation
head predicts profiles from structure.

Pathway vocabulary, gene membership, graph topology and mechanism taxonomy are a
versioned specification with no assumption about relevant biology is embedded in the archi-
tecture. Here, we use MSigDB Hallmark (50 gene sets)38 and aggregate a pathway-pathway
graph from STRING v12 physical interactions at combined score at least 70039 with no hand-
specified edges. The panel genes are absent from every Hallmark set acting as the druggable
kinome, while Hallmark sets are expression-response signatures and are placed by STRING
guilt-by-association. Finally, the drug target profiles project onto pathways, compose across
the pair over the graph, and read out through a synergy head.

3.5. Training and Model Selection

Every split is persisted as disjoint training, validation and test bins. The mass-packed proto-
cols divide the row mass in proportions of 0.8, 0.1 and 0.1, while leave-tissue-out and leave-
study-out validate on a second tissue and on FRIEDMAN, and the tissue cross-validation
serves evaluation only. Because the protocol is the object of comparison, each model keeps
one configuration, fixed in advance and shared across protocols, folds and seeds, and no hyper-
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parameter search is performed. The pathway model is a two-layer, two-head GAT with node
dimension 16, hidden width 256, encoder width 512, dropout 0.1 and max projection, auxiliary
target, node and sparsity losses weighted 0.1, 0.05 and 0.01, and an imputation head frozen
for the first ten epochs. It is trained with AdamW at learning rate 3 × 10−4, weight decay
0.01, batch size 512 and gradient clipping at 1.0. B1 has nothing to select, and the learned
models select only through stopping rules that never see the test bin. The pathway model
keeps its best validation-Spearman checkpoint within 60 epochs (patience 8), B2 applies the
scikit-learn default early stopping to a tenth of the training rows, and B3 trains for a fixed
30 epochs, which can only favor the pathway model in Table 5. All preprocessing is fitted on
training rows, each test bin is scored once, and the untuned scores are therefore conservative.

4. Results

4.1. Combination overlap survives cold-start protocols

As shown in Table 1, leave-study-out retains only 9.8% of test combinations, whereas leave-
cell-line-out and leave-tissue-out retain 72.8% and 85.4%, respectively. Replicating this audit
within individual contributing screens (Table 2) reveals that pooling the corpus actually dilutes
the true overlap. For fully crossed screens, such as ALMANAC, FRIEDMAN, and O’Neil,
holding out a cell line removes absolutely no combinations, resulting in 100% overlap, while
the partially crossed AstraZeneca screen yields 92% retention. When evaluating leave-one-
tissue-out across all eight eligible tissues (Table 3), the retained overlap varies drastically
depending on the held-out tissue, ranging from 56.4% for skin to 100.0% for lung, ovary, and
kidney. Across these tissue folds, the performance of the context-plus-pair null model correlates
almost perfectly with the degree of combination overlap (r = 0.977). This association is not
an artifact if fold size, as the retained overlap is uncorrelated with the number of test rows in
a fold (r = 0.081 against log test rows, p = 0.85). In addition, the overlap - B1 association is
undiminished when fold size is partialled out (partial r = 0.984, p < 0.001).

Retention under biological partitioning follows from the design of fully crossed screens,
which assay every pair across every available cell line, so withholding a context masks the
context-specific measurements without removing the pair from training.The correlation be-
tween baseline performance and retained overlap is consistent with simple models recovering
the mean effect of a specific pair wherever retention is high. We report it as an association
rather than a causal estimate: folds differ in tissue biology and in size as well as in overlap, and
it is the analytic argument of Section 4.2, not this correlation, that isolates the contribution
of pair retention.

4.2. The overlap is large enough to invert model rankings

Across the evaluated protocols (Table 4, Fig. 1), the performance of the null model broadly
tracks the degree of combination overlap (r = 0.97). Under leave-cell-line-out (72.8% over-
lap), the null model outperforms both the symmetric multilayer perceptron and the pathway-
informed model, by 0.055 and 0.121 Pearson respectively; paired over the six seeds, both
margins are significant (t = 7.71, p = 0.0006 and t = 8.81, p = 0.0003). The same ordering
holds under leave-tissue-out, where the null model exceeds the multilayer perceptron in all
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Table 1. Fraction of test combinations overlap with training.

Protocol Test Rows Test Pairs Present in Train Set Held Out Combinations

Random 18,076 94.0% ± 0.3% no
Leave-tissue-out 4,372–71,638 85.4% ± 18.6% no
Leave-cell-out 18,076 72.8% ± 0.1% no
Leave-study-out 15,279 9.8% (fixed) mostly
Leave-drug-out 31,728 0.0% yes
Leave-combo-out 18,074 0.0% yes

Table 2. Per-study Replication Statistics for leave-cell-out and leave-combo-out protocols.

Study Rows Pairs Rows Per Pair Random Leave Cell Out Leave Combo Out

ALMANAC 109,897 2,992 36.7 100% (0.677) 100% (0.653) 0% (0.057)
FRIEDMAN 50,107 2,926 17.1 100% (0.380) 100% (0.400) 0% (0.100)
ONEIL 9,369 315 29.7 100% (0.682) 100% (0.600) 0% (0.135)
ASTRAZENECA 5,910 407 14.5 100% (0.421) 92% (0.298) 0% (0.323)

Table 3. Statistics for leave-one-tissue-out on 8-fold cross-validation.

Held Out Tissue Test Rows Overlap B1 B3 Pathway Model

Lung 25,612 100.0% 0.668 0.574 0.795
Ovary 16,912 100.0% 0.677 0.578 0.631
Kidney 11,845 100.0% 0.628 0.582 0.829
Large intestine 16,736 99.9% 0.642 0.544 0.561
Breast 23,644 93.1% 0.609 0.489 0.508
Brain 4,372 67.9% 0.488 0.471 0.795
Haemato./Lymphoid 4,693 66.3% 0.418 0.349 0.313
Skin 71,638 56.4% 0.325 0.210 0.192

Mean over folds 85.4% 0.557 0.475 0.578
Weighted by test rows 79.6% 0.505 0.403 0.461

eight cross-validation folds of Table 3 by a mean of 0.082 (t = 6.52, p = 0.0003); against the
pathway model, however, the fold-to-fold spread is too wide to resolve a difference (−0.021,
p = 0.73), which is the same limitation recorded for that protocol in Table 5. An off-the-shelf
gradient-boosting regressor exceeds both neural baselines under leave-cell-line-out, by 0.005
and 0.071. The inversion is specific to this regime rather than to overlap in general: under
random partitioning, where overlap is highest at 94.0%, the null model does not invert the
ranking but instead recovers 79% of the multilayer perceptron’s correlation (0.588 against
0.745) without using any molecular information. Leave-cell-line-out is the more consequential
case precisely because it is the protocol adopted to control for the permissiveness of random
splitting, and it is there that a model with no chemistry wins outright. Conversely, under
protocols that strictly enforce combination novelty, such as leave-study-out (9.8% overlap)
and leave-combo-out (0.0% overlap), the performance of all models decreases precipitously,
and the null model performs poorly.
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Table 4. Summary of Pearson Correlation on Loewe Reference
Model.

Protocol Overlap B1 B2 B3 Pathway Model

Random 94.0% 0.588 0.630 0.745 0.744
Leave-tissue-out 85.4% 0.557 0.499 0.475 0.578
Leave-cell-out 72.8% 0.425 0.375 0.370 0.304
Leave-study-out 9.8% 0.111 0.146 0.139 0.123
Leave-drug-out 0.0% 0.125 0.216 0.245 0.224
Leave-combo-out 0.0% 0.200 0.378 0.594 0.618

This inversion of model rankings is consistent with high combination overlap permitting
baseline models to exploit pair-specific memorization rather than learning transferable repre-
sentations. Complex neural models, constrained by their architecture and regularization, may
fail to memorize these pair-specific effects as efficiently as simpler models or explicit base-
lines, leading to lower apparent performance on the overlapping rows. It is a mismatch rather
than a leakage when the resulting number is read as evidence of generalization to unseen
combinations. When combination novelty is enforced instead, the memorization advantage
vanishes, and all models are forced to rely on genuine generalization, resulting in uniformly
lower performance that reflects the actual complexity of predicting unseen drug combinations.

Under leave-cell-line-out every test cell line is unseen, so the per-cell-line term of B1 backs
off to the global mean on every test row (Section 3.3) and B1 reduces to the global mean
plus the per-pair deviation. On test rows whose pair is absent from training, the pair term
backs off as well, leaving an identical constant prediction on every such row and no predicted
variance to correlate against. By construction, the leave-cell-line-out correlation of 0.425 is
therefore carried entirely by the 72.8% of test pairs retained in training. This is an isolation of
pair overlap at a fixed split, as it holds the protocol, the training data and the novelty of the
held-out cell line constant, and varies only whether a test row’s pair was seen. It applies to
B1 analytically and not to the learned models, for which the corresponding control, holding
the test rows fixed and deleting from training every observation that involves a test pair,
requires retraining on a purpose-built partition; we did not run it and record it in Section 6
as the experiment that would complete this argument. Across protocols, the comparison is
correspondingly associative, since the held-out entity, the training and test sizes and the
intrinsic difficulty of the task all move together with overlap.

4.3. The protocol determines the verdict

When comparing the pathway-informed model to a standard neural baseline across different
protocols (Table 5), the inclusion of biological structure yields a statistically significant perfor-
mance improvement of 0.025 only when combinations are strictly held out (p < 0.0001). Under
random partitioning and strict drug hold-out, the structural prior provides no significant ben-
efit, while under cell-line hold-out, the inclusion of the pathway structure actually results
in a statistically significant performance degradation of 0.067 (p = 0.0018). Leave-tissue-out
carries the largest nominal effect of any protocol, +0.103, yet it is the one protocol under
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Fig. 1. (a) Combination overlap retained by each protocol. (b) Pearson correlation of each method
under the same protocols, ordered by overlap. The null model B1 tracks overlap across the six
protocols (r = 0.97) and across the eight leave-one-tissue-out folds of Table 3, in which only the
held-out block varies (r = 0.977); protocols differ in more than overlap, so these are associations.

Table 5. Statistics for Pathway model minus MLP.

Protocol Pearson Delta T P Conclusion Supported

random -0.001 ± 0.005 -0.58 0.59 structure is irrelevant
leave-combo-out +0.025 ± 0.002 29.7 < 0.0001 structure helps
leave-drug-out -0.021 ± 0.036 -1.44 0.21 structure is irrelevant
leave-cell-out -0.067 ± 0.027 -6.04 0.0018 structure hurts
leave-tissue-out +0.103 ± 0.139 2.11 0.073 not resolvable

which no verdict can be reached: the fold-to-fold spread is 0.139, wider than the effect itself,
giving p = 0.073 over the eight folds. The obstacle is heterogeneity between tissues rather
than a small effect, and it is consistent with the fold-level variation documented in Table 3,
where retained overlap ranges from 56.4% to 100.0%. A protocol that partitions on a coarse
categorical block therefore cannot adjudicate architecture at this sample size, which is itself a
reason to prefer protocols whose held-out unit matches the entity under test. The magnitude
of these architecture-driven effects is remarkably small, particularly when contrasted with the
massive performance fluctuations induced simply by changing the evaluation protocol, where
the pathway model’s performance ranges from 0.123 to 0.744.

One reading is that where overlap is high the memorized pair effect is available and a struc-
tural prior is largely redundant, whereas enforcing combination novelty removes that shortcut
and leaves the prior something to contribute. Whatever the mechanism, a single-protocol eval-
uation cannot separate a genuine benefit from biological structure from an interaction with
the pair coverage that a given split leaves in place.

4.4. What the pathway model actually relies on

Component-wise ablation locates this model’s performance in the drug-target branch rather
than in the topology of the pathway graph. What the ablation does not establish is why that
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Fig. 2. Ablation deltas on leave-combo-out. Only the pathway graph and the target-annotation
imputation exceed the 0.01 resolution threshold, and they differ by an order of magnitude. Removing
the imputation head and removing the whole target branch are indistinguishable, which is why the
branch’s contribution cannot be attributed to annotation completion alone.

branch matters.
Ablation studies conducted under strict combination hold-out (Fig. 2, full model r =

0.6246) demonstrate that removing the pathway graph structure results in a negligible decrease
in predictive performance of 0.017. In stark contrast, removing the imputation of missing drug-
target annotations, or removing the entire target-processing branch, causes a massive drop
in performance of approximately 0.158. Furthermore, stratifying model performance by the
annotation status of the drug pairs reveals that the model performs better on pairs where
neither drug has measured target annotations (0.682) compared to pairs where both drugs are
fully annotated (0.582).

Database completion is one reading, under which imputation densifies a sparse annotation
matrix and hands the predictor a less noisy profile than the measured annotations alone. It is
not the only one, and the ablation cannot select among them: removing the imputation head
(−0.1579) and removing the entire target branch (−0.1565) cost the same, so the intervention
deletes the branch’s learned chemical representation, auxiliary supervision, parameters and
optimization path together with the imputed annotations. A capacity-matched control, a
head of equal size trained without target supervision, would apportion the drop, and we did
not run it (Section 6). The stratified comparison is likewise suggestive rather than decisive, as
the advantage on unannotated pairs (0.682 against 0.582) is confounded with the study bias
of public databases. What the ablation does support is the contrast that motivates it: the
pathway graph is worth −0.0174 here, an order of magnitude less than the target branch, so
a reported benefit from biological structure should be resolved into topology and annotation
handling before it is attributed to either. Resting on a single architecture, this does not extend
to structure-informed models in general.

5. Discussion

Cold-cell-line prediction is pivotal in predicting how a known combination behaves in an
uncharacterized cell line. Although such a finding is legitimate and clinically relevant, it cannot
be relied upon as a test of combination generalization. A model might perform well on the
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former while learning essentially nothing about the underlying chemistry. Hence, a single
performance metric cannot adjudicate both capabilities. These are two tasks, not one task and
one flaw, and neither is simply the harder version of the other. The symmetric neural baseline
scores higher under leave-combo-out than under leave-cell-line-out (0.594 against 0.370), while
the null model shows the opposite ordering (0.200 against 0.425), so the protocols differ in
the kind of information they leave available rather than along a single axis of difficulty. The
corrective we propose is therefore reporting rather than replacement: pair a protocol with the
claim it can carry, and publish the combination overlap that tells a reader which claim that
is.

Combinatorial screens are dense in biological contexts but sparse in combination space,
hence, withholding cell lines barely perturbs the coverage of drug pairs. This gap remains
invisible in aggregate model performance and becomes apparent only when pair-level overlap
is considered explicitly.

Attributing performance gains to biological structure likewise warrants caution. In the
model examined here the advantage sits in the drug-target branch rather than in pathway
topology, and studies reporting benefits from biological priors would strengthen the claim by
separating knowledge injection from data completion with capacity-matched ablations.

Relative to the shortcut-learning, what the previous work doe not measure is the residue
that produces the effect: how many test combinations each cold-start protocol actually leaves
in training. Our work quantifies that residue protocol by protocol and screen by screen, then
attribute it to full crossing of the pair-by-cell-line matrix, and use it to show that the protocol
determines the verdict on structural priors and that the apparent benefit of those priors is
traceable to annotation completion.

6. Limitations

DrugComb is the only corpus used in this study. The overlap audit is executed within four
contributing screens. Among those, three are fully crossed while one is only partially crossed.
Hence, the study addresses the effect of pooling across sources but not that of harmonization
across assays.

The ablation study is anchored to a single pathway-informed model. The study does not
claim that all such models will behave identically. Extending it would require the same abla-
tions on other structure-injection mechanisms, such as subsystem models, network-proximity
scores and graph transformers. Rather, we observe that the attribution of gains to biological
structure remains unmeasured in prior work reporting pathway benefits.

We observe that two of the non-neural baselines surpass both neural architectures under
leave-cell-line-out. This observation alone is unable to establish that no neural model could
recover the per-pair mean from learned embeddings. A hybrid design, comprised of B3 with the
per-cell-line and per-pair terms learned by B1 as explicit features would disentangle whether
the protocol leaves too much exploitable signal.

In this study, we quantify overlap and demonstrate its consequences using our own base-
lines. Confirming that specific published results change under an overlap-controlled protocol
requires re-training those methods, and we regard this as the most important extension.
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Two controls are absent, one per central claim. For pair retention, holding the test rows
fixed and deleting from training every observation involving a test pair would vary reten-
tion alone, with the held-out cell lines, the test distribution and the model constant; we
offer instead the analytic reduction of B1 (Section 4.2) and the size-adjusted association of
Section 4.1. For the ablation, a capacity-matched head trained without target supervision
would separate annotation completion from the representation and capacity the target branch
also contributes. Until both are run, the corresponding statements here are associations and
component locations rather than causal attributions.

7. Conclusion

In summary, this study showcased that standard cold-start evaluation protocols for drug-
combination synergy prediction retain a substantial and screen-dependent fraction of test
combinations in training, and that this residue dominates both the reported numbers and the
apparent utility of biological priors. The retention is consistent with the task leave-cell-line-out
defines and should not be inferred as leakage, as it becomes an inferential error only when such
numbers are taken as evidence of generalization to unseen combinations. Leave-cell-line-out
and leave-one-tissue-out evaluations often retain the majority of test combinations within the
training set depending on the underlying screen design. Under leave-cell-line-out, the protocol
adopted specifically to correct for permissive random splitting, a simple baseline predictor
lacking molecular information outperforms both conventional neural architectures outright,
and it recovers most of their correlation under random splitting as well. As the choice of
evaluation protocol can invert the apparent utility of the structured biological information,
we recommend that future studies routinely report combination overlap alongside a context-
plus-pair null model. Both are computationally inexpensive and would make the combination
coverage a split leaves in place visible at the point where performance is reported.
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