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Abstract

Understanding gene regulatory mechanisms is key
to advancing our capacity to interpret and manip-
ulate cellular physiology, with significant implica-
tions for bioengineering and precision medicine.
Two major computational paradigms, namely
gene regulatory network (GRN) reconstruction
and causal representation learning (CRL), offer
distinct perspectives on transcriptional regulation.
GRN methods focus on capturing detailed, fine-
scale interactions among genes and transcription
factors, whereas CRL seeks to identify a small
set of latent variables that drive gene expression,
providing a coarser but potentially more general-
izable representation. In this work, we propose
methods that incorporate GRN-derived structures
into CRL models, guiding their training and en-
riching their biological interpretability. Compu-
tational experiments on scPerturb-seq datasets
demonstrate that GRNs and CRL can work in
concert, yielding biologically interpretable latent
representations without sacrificing predictive per-
formance.

1. Introduction
Understanding the mechanisms that govern transcriptional
regulation is a central challenge in molecular and systems
biology. Accurate models of these processes are critical
for applications such as dissecting cell-type–specific regu-
latory programs (Zhang et al., 2023b), predicting cellular
responses to perturbations (Roohani et al., 2024), and de-
signing synthetic circuits for bioengineering (De Carluccio
et al., 2024).

Among the many computational approaches developed for
this task, two complementary paradigms have emerged.
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Gene Regulatory Network (GRN) inference methods aim
to reconstruct networks of regulatory interactions between
transcription factors (TFs) and their target genes, typically
grounded in statistical dependencies observed in gene ex-
pression data (Kim et al., 2023; Badia-I-Mompel et al.,
2023). In contrast, Causal Representation Learning (CRL)
seeks to identify a small set of latent causal variables that
explain observed high-dimensional data (Scholkopf et al.,
2021). While GRNs provide mechanistic, fine-grained de-
scriptions of regulatory interactions, CRL offers a more
abstract and potentially generalizable view of cellular regu-
lation.

Despite their shared goal of modeling transcriptional regu-
lation, these paradigms operate at different levels of abstrac-
tion and remain largely disconnected. GRN methods empha-
size biological interpretability and mechanistic grounding,
whereas CRL prioritizes disentanglement and predictive
generalization. As a result, GRNs often lack a compact
representation suitable for generative modeling, while CRL
models may yield latent variables that are difficult to inter-
pret biologically.

In this work, we introduce gCRL, a unified framework that
bridges GRN inference and CRL by using GRN-derived
structure to guide the learning of causal latent representa-
tions. Specifically, we leverage transcription factor commu-
nities identified in GRNs as biologically grounded priors for
CRL models. This integration constrains the latent space
toward interpretable regulatory programs while preserving
the generative capabilities of CRL.

We demonstrate that incorporating GRN-derived priors en-
ables CRL models to produce latent representations that
are both biologically meaningful and predictive of cellular
responses to perturbations. Our results suggest that mecha-
nistic network structure and causal representation learning
can be combined to obtain models that are simultaneously
interpretable and effective.
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Bridging GRN and CRL in Single Cell Data

2. Methods
2.1. Causal Representation Learning in Single Cell

Genomics

CRL methods represent a set of measurements X through
a set of causal latent factors (CLFs) Z, typically lying on
a lower-dimensional manifold. Unlike standard dimension-
ality reduction techniques, CRL assigns a causal interpre-
tation to Z, aiming to capture the underlying generative
factors governing X (Scholkopf et al., 2021). In practice,
most CRL methods are implemented as (variational) au-
toencoders ((V)AEs), where Z = g(X) and X = f(Z),
with g and f denoting the encoder and decoder, respec-
tively. Furthermore, the identifiability of Z generally relies
on the availability of data collected under distributional
shifts, such as external perturbations. In the language of
Pearl’s do-calculus (Pearl, 1995), interventions induce dis-
tributions of the form P (X | do(Zj = z∗j )), where the
operator do(Zj = z∗j ) denotes forcing a latent factor to a
specific value.

In single-cell transcriptomics (scRNA-seq), X corresponds
to gene expression profiles measured across individual cells,
while the latent factors Z can be interpreted as coordinated
regulatory programs acting on groups of genes. Although
previous work has attempted to associate Z with known bi-
ological processes (Cedeño et al., 2024), their interpretation
remains challenging (Tejada-Lapuerta et al., 2025).

Perturb-seq, which combines scRNA-seq with CRISPR-
based perturbations, provides a natural setting for CRL by
generating data under controlled genetic interventions (Dixit
et al., 2016). In this context, the goal of CRL models is to
learn parsimonious representations that capture causal reg-
ulatory mechanisms while enabling accurate prediction of
unseen (combination of) perturbations (Zhang et al., 2023a).

Importantly, perturb-seq interventions operate at the gene
level, inducing distributions of the form P (X | do(Xi =
x∗
i )). A central challenge for CRL models is therefore to rec-

oncile gene-level interventions with latent causal variables,
that is, to identify Zj and z∗j such that

P (X | do(Zj = z∗j )) ≈ P (X | do(Xi = x∗
i )).

This correspondence is critical for grounding latent variables
in biologically meaningful mechanisms.

2.2. Gene Regulatory Networks

A Gene Regulatory Network (GRN) is modeled as a directed
graph G(N,E), where nodes N represent genes and edges
E denote regulatory interactions. Nodes are partitioned
into transcription factors (TFs) and target genes (TGs): TFs
regulate both TGs and other TFs, while TGs do not exert reg-
ulatory effects. Biologically, TFs encode proteins that bind
to promoters or enhancers, modulating gene transcription.

Regulation is typically combinatorial, with multiple TFs
acting on the same target, and feedback loops are common.

TFs are known to organize into communities, characterized
by strong intra-community connectivity and weaker inter-
community interactions. This modular structure suggests
that TFs within a community tend to reinforce each other’s
activity, while interactions between communities are more
directional (Gyorgy & Vecchio, 2014).

Parametrizing G yields a quantitative GRN. Under a linear
assumption, the expression of a target gene is modeled as a
weighted combination of its regulators:

XTG =
∑

i∈RE(TG)

wi ·Xi + w0,

where RE(TG) denotes the set of TFs regulating the target
gene, wi are regression coefficients, and w0 represent base-
line expression. Alternative formulations, such as random
forest–based models (Bravo González-Blas et al., 2023) or
differential equation–based approaches (Bertin et al., 2025),
allow for more complex, nonlinear dynamics.

2.3. gCRL: GRN-informed CRL

The central idea of gCRL is to use structures derived from
Gene Regulatory Networks (GRNs) as an inductive bias to
constrain the latent space of Causal Representation Learning
(CRL) models. In particular, gCRL leverages the organiza-
tion of transcription factors (TFs) into regulatory modules
to guide the identification of causal latent factors.

Two biological observations motivate this approach. First,
TFs act as primary drivers of transcriptional regulation and
explain a large fraction of transcriptomic variability, with
a relatively small subset capturing most regulatory signal
(Magnusson et al., 2022). Second, the organization of TFs
into communities characterized by strong intra-group inter-
actions and coordinated activity (Gyorgy & Vecchio, 2014).
These communities can be interpreted as low-dimensional
regulatory programs, making them natural candidates for
causal latent factors.

Building on these principles, gCRL maps GRN structure to
latent variables through the following steps (see Appendix
for full details):

1. Construct a reference GRN

2. Identify TF communities within the GRN

3. Summarize the activity of each TF community

4. Use TF community activities as priors for CRL models

2.4. Construct a reference GRN

We construct a reference GRN using CellOracle (Kamimoto
et al., 2023), a method that integrates epigenomic priors

2
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with gene expression data to infer regulatory interactions.
CellOracle starts from a base network derived from TF bind-
ing evidence and refines it by fitting gene-wise regression
models that relate target gene expression to the expression
of candidate regulators. This procedure yields a directed net-
work with weighted TF–target interactions and associated
statistical significance. In our analysis, we retain regulatory
edges with FDR ≤ 0.05.

While we use CellOracle as a representative method, the
proposed framework is agnostic to the specific GRN infer-
ence approach and can be applied to any method providing
weighted TF–target interactions.

2.5. Identify TF communities within the GRN

We identify transcription factor (TF) communities by apply-
ing the Leiden algorithm (Traag et al., 2019) to the TF–TF
subnetwork derived from the GRN. Edge weights between
TF pairs are defined by aggregating the absolute values of
their inferred regulatory interactions, capturing the overall
strength of association between TFs.

To ensure robustness, community detection is repeated
across multiple random initializations and resolution pa-
rameters, and the final partition is selected based on stability
across runs. The resulting TF communities represent groups
of strongly interconnected regulators, which we interpret as
candidate regulatory modules.

2.6. Summarize the activity of each TF community

We summarize the activity of each TF community through
a one-dimensional representation of the transcriptional pro-
files of its TFs, denoted as TFA (TF community activity).

In this work, we use eigengenes, defined as the first principal
component of the normalized expression values of the TFs
within the community (Alter et al., 2000), capturing the
dominant mode of variation in TF activity.

In addition to one TFA per TF community, we include a
global TFA computed across all transcription factors, captur-
ing broad regulatory trends that may not be fully explained
by individual communities.

While eigengenes provide a simple and effective summary,
alternative strategies could be used to quantify TF com-
munity activity, ranging from simple aggregations (e.g.,
mean expression across TFs) to more expressive models
(e.g., graph-based or neural representations). The proposed
framework is therefore agnostic to the specific choice of
TFA representation.

These community-level activity profiles provide biologi-
cally grounded, low-dimensional summaries of regulatory
programs, and serve as proxies for candidate causal latent
factors in subsequent CRL models.

2.7. TF community activities as priors for CRL models:
gCRL-AE

Ahuja et al. (2023) showed that auto-encoder architectures
can recover an affine transformation of the underlying causal
factors, Ẑ = AZ, under suitable assumptions on interven-
tions and when the decoder is a polynomial function. Re-
covering the true factors Z from Ẑ then requires additional
structural constraints.

We hypothesize that TF community activities (TFA) provide
such structure in the context of perturb-seq data. Specifi-
cally, we treat TFA as biologically grounded proxies for
latent causal factors, and use them to guide the identification
of the transformation A.

To this end, we train an auto-encoder on perturbed and
unperturbed transcriptomic profiles, restricting the input to
TF expression (XTF ) and setting the latent dimensionality
to match the number of TF communities. This yields a latent
representation Ẑ, which corresponds to a mixed version of
the underlying factors.

We then estimate a linear transformation A that aligns Ẑ
with TFA by maximizing a modified version of the Test-
based Measurement EXclusivity (T-MEX) score (Yao et al.,
2025):

A∗ = argmax
A

T -MEX(TFA, ẐA).

Statistical significance of the alignment is assessed via per-
mutation analysis by shuffling TF assignments across com-
munities. We refer to this procedure as gCRL-AE.

2.8. TF community activities as priors for CRL models:
gCRL-VAE

The discrepancy-VAE (Zhang et al., 2023a) is a genera-
tive CRL model designed for perturb-seq data, capable of
(i) inferring latent variables Z, (ii) estimating a directed
acyclic graph (DAG) over Z, and (iii) predicting responses
to unseen combination of interventions, when the individual
interventions are observed during training.

This is achieved by extending a standard VAE architec-
ture with (a) an additional interventional encoder, which
estimates, for each intervention, its target latent factor and
effect, and (b) a deep structural causal model (Pawlowski
et al., 2020) that infers causal relationships among the com-
ponents of Z.

A key challenge in discrepancy-VAE is the selection and
interpretation of the latent variables Z. We address this by
introducing gCRL-VAE, which incorporates TF community
activities as priors to guide the learning of Z.

Our implementation modifies discrepancy-VAE as follows:
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1. The encoder input is restricted to TF expression values,
and the dimensionality of Z is set to the number of TF
communities.

2. A regularization term based on T -MEX(TFA,Z[π])
is added to the loss function, encouraging alignment
between latent variables and TF community activities.
Here, π is a learnable permutation that aligns the two
representations.

3. The mapping between genetic interventions and latent
variables is derived from π, providing a GRN-informed
assignment that complements the effect estimates of
the interventional encoder.

In this formulation, GRN-derived structure directly con-
strains the latent space, promoting representations that are
both predictive and biologically interpretable.

2.9. Experimentation protocol

2.9.1. PERTURB-SEQ DATA PREPROCESSING

Open Reading Frame (ORF) over-expression of transcrip-
tion factors in human embryonic stem cells. Joung et al.
(2023) generated a large-scale atlas comprising over 1.1 mil-
lion single-cell transcriptomic profiles measured in human
embryonic stem cells (hESCs), perturbing 3,266 TFs via
ORF over-expression. We randomly subsampled 10,000
unperturbed cells and up to 1,000 cells per perturbed TF.
Perturbations with fewer than 500 cells were excluded. The
resulting dataset (348,766 cells, 37,528 transcripts, 382
perturbed conditions) was normalized using the standard
Scanpy pipeline (Wolf et al., 2018), followed by the selec-
tion of 5,000 highly variable genes.

CRISPR activation (CRISPRa) combinatorial experiments
in human myelogenous leukemia cells. This dataset was
designed to explore how genetic interactions shape high-
dimensional transcriptomic landscapes (Norman et al.,
2019). We used the preprocessed version provided by
the original discrepancy-VAE publication, comprising nor-
malized transcriptomic profiles for 8,907 unperturbed
cells, 57,831 single-perturbation cells, and 41,759 double-
perturbation cells, all measured over 5,000 highly variable
genes.

2.10. Evaluation of gCRL-VAE predictive performance

We evaluated the predictive performance of gCRL-VAE us-
ing the double-perturbation data from Norman et al. (2019).

We compared gCRL-VAE against the original discrepancy-
VAE (d-VAE) and an informed variant (id-VAE), in which
the dimensionality of Z is set to the number of TF commu-
nities rather than to the number of training perturbations.
In addition, we considered two baselines: (i) worst-case

prediction, where all cells are predicted as unperturbed, and
(ii) perfect prediction, where half of the test cells are ran-
domly selected and used as predictions (Mejia et al., 2025),
providing an estimate of irreducible biological variability.

For all models (gCRL-VAE, d-VAE, id-VAE), we replaced
the Maximum Mean Discrepancy (MMD) term in the loss
function with a mean squared error (MSE) computed be-
tween the centroids of predicted and observed cell popula-
tions. While MMD can capture fine-grained distributional
differences, its estimation from small batches can be unsta-
ble; we therefore adopt a simpler and more robust alternative.
Details on model training are provided in Appendix A.6.

3. Results
3.1. TF communities are detected by interventional

CRL methods

We derived a GRN from the unperturbed cells of the Joung
et al. (2023) dataset, following the procedure detailed in Ap-
pendix A.1. The network coefficients exhibited a bimodal
distribution, motivating the retention of the top 50% of edges
(Figure S1). The resulting network comprised 25,694 edges
connecting 150 transcription factors (TFs) and 1,646 target
genes. The TFs partitioned into six communities, display-
ing significantly higher internal cohesion than expected by
chance (Figure S1c).

We performed gene over-representation analysis (ORA) to
identify Gene Ontology (GO) (The Gene Ontology Consor-
tium, 2015) Biological Processes (BPs) enriched among the
TFs in each community and their respective targets.

We identified 57 background BPs significantly enriched
(FDR < 0.05) in at least half of the communities, reflecting
overarching biological programs characteristic of the dataset.
These include neuronal differentiation and synaptic orga-
nization, cell–cell junction assembly, extracellular matrix
organization, calcium signaling, and developmental pro-
cesses such as embryonic morphogenesis and angiogenesis.
This pattern is consistent with the broad differentiation po-
tential of hESCs, as reported by Joung et al. (2023), where
cells exhibit coordinated activation of several differentiation
programs alongside repression of pluripotency.

Beyond these shared processes, individual TF communities
display distinct functional enrichments. For instance, se-
lected communities are enriched for calcium signaling and
synaptic transmission, suggesting neuronal-like programs,
while others are associated with endothelial proliferation,
angiogenesis, and Wnt signaling, indicative of mesodermal
and vascular differentiation pathways. Additional commu-
nities capture membrane organization, cytokine response,
and protein trafficking processes, pointing to signaling and
cellular remodeling.
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Figure 1. gCRL-VAE operation and results on data from Joung et al. (2023). Panel a: The entangled embeddings Ẑ are obtained from an
autoencoder with a polynomial decoder. A rotation matrix A is then used to align these embeddings with the TF community activities
TFA, yielding the disentangled representation Z. Panel b: Correlation matrices between TFA and Z (left), and between TFA and Ẑ
(right). The disentangled embeddings Z show substantially higher alignment with TF community activities, as further supported by an
increased T-MEX score. Panel c: Comparison of technical variability, measured as deriving A across different random seeds (red), with
the variability obtained by permuting TFs across communities (blue). Technical variability is an order of magnitude lower, and the T-MEX
value corresponding to the original community partition is significantly higher than expected by chance.

Further details on the ORA results are reported in Appendix
B.1.

We next applied gCRL-AE to the 1,688 genes contained
in the GRN, using both unperturbed cells and single-
perturbation conditions targeting genes present in the six TF
communities (45,072 cells across 39 interventions).

Figure 1a illustrates the latent representation Ẑ learned by
the auto-encoder, the rotation matrix A obtained by optimiz-
ing the T-MEX criterion, and the resulting aligned represen-
tation Z. Panel b reports the correlation matrices between
TFA and Z (left) and between TFA and Ẑ (right), with the
highest correlation per row highlighted. Each Z component
is maximally correlated with a single TFA component, and
vice versa, indicating a high degree of alignment. In con-
trast, each Ẑ component is associated with multiple TFA
components, reflecting a lack of disentanglement prior to
alignment. Panel c summarizes the permutation analysis.
First, we optimized A 100 times using the original TF com-

munities, varying the random seed (red values). We then
permuted TF assignments across communities 100 times
and recomputed the optimal A (three runs per permutation,
averaged; blue distribution). The variability due to optimiza-
tion randomness (standard deviation 0.0022) is an order of
magnitude smaller than that induced by community permu-
tation (standard deviation 0.0615). More importantly, the
average T-MEX score for the true communities (0.3937) is
significantly higher than that obtained for permuted commu-
nities (0.2812; one-sample, one-tailed t-test p < 10−33).

These results suggest that the auto-encoder captures, directly
from transcriptomic data, structural patterns that are consis-
tent with those derived from GRN reconstruction and TF
community organization.

We performed the same analysis on the Norman et al. (2019)
dataset, obtaining qualitatively similar results. The inferred
GRN comprised 1,642 genes, including 141 TFs, partitioned
into eight communities with higher-than-random internal
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cohesion (Figure S2). The average T-MEX score for the
true communities (0.4771) was significantly higher than
for permuted communities (0.4592; p < 10−4, see Figure
S3), although the gap was smaller than in the Joung dataset.
This suggests that the extent to which transcriptomic data
alone recapitulates GRN-derived structure depends on the
underlying dataset.

3.2. GRN-guided CRL models provide interpretability
with competitive predictive performance

Across the eight TF communities inferred from the Norman
et al. (2019) GRN, the ORA analysis identified forty-four
background biological processes. These include immune
and hematopoietic differentiation, TGF-β and ERK/MAPK
signaling, apoptosis regulation, angiogenesis, phagocytosis,
and cellular stress responses.

These shared processes reflect both the intrinsic regulatory
landscape of the K562 leukemia cell line and the experi-
mental context of perturb-seq. K562 cells retain multilin-
eage hematopoietic potential and exhibit active signaling
and stress-response pathways. In particular, the prevalence
of immune and differentiation-related programs is consis-
tent with their hematopoietic origin, while the enrichment
of signaling and apoptosis pathways reflects their trans-
formed, proliferative state. At the same time, recent evi-
dence suggests that perturb-seq experimental procedures
can induce stress responses even in nominally unperturbed
cells (Viñas Torné et al., 2025), which may contribute to the
widespread presence of stress-related programs.

Beyond these global programs, individual TF communities
show distinct enrichments corresponding to specialized reg-
ulatory modules (Appendix B.2). Some communities are
associated with immune activation and cytokine signaling,
others with endothelial and vascular processes, and others
with erythroid or muscle differentiation. Additional commu-
nities specialize further in cell cycle regulation, DNA repair,
and stress-response pathways.

We next assessed whether this interpretability comes at
the cost of predictive performance. Among the double-
perturbation conditions in the Norman et al. (2019) dataset,
25 involved transcription factors present in the GRN recon-
structed from the corresponding unperturbed cells. These
25 conditions were assigned to the hold-out test set, totaling
7,330 cells, while 27,718 cells (single-perturbation condi-
tions represented in the GRN along with unperturbed cells)
were used to train the gCRL-VAE, id-VAE, and d-VAE
models.

Table 1 reports the Average Euclidean Centroid Distance
(AECD) between predicted and observed perturbation cen-
troids for held-out double perturbations. gCRL-VAE
achieved the lowest AECD among the learned models, out-

performing both id-VAE and d-VAE in nominal terms, al-
though the differences were not statistically significant. Im-
portantly, all learned models performed substantially better
than the worst-case baseline and remained within the range
bounded by the perfect-prediction reference.

These results indicate that incorporating GRN-derived priors
improves biological interpretability while preserving predic-
tive performance comparable to discrepancy-VAE models.

Table 1. Average Euclidean Centroid Distance (AECD) between
predicted and observed centroids in gene-expression space for held-
out double perturbations from the Norman et al. (2019) dataset.
Lower values indicate better performance. p-values are paired,
two-tailed Wilcoxon signed-rank tests against gCRL-VAE. S.E.:
standard error.

MODEL AECD S.E. p-VALUE

PERFECT 1.962 0.107 < 0.01
GCRL-VAE 3.639 0.442 —
ID-VAE 3.945 0.703 0.220
D-VAE 4.324 0.756 0.080
WORST-CASE 5.504 0.322 0.002

4. Discussion
We presented gCRL, a framework that bridges Gene Regula-
tory Networks (GRNs) and Causal Representation Learning
(CRL) by using GRN-derived structure as inductive priors
to guide the inference of latent variables. This approach en-
ables the integration of mechanistic regulatory information
into data-driven representation learning.

Our results support three main conclusions. First, TF com-
munity structure defines biologically meaningful axes of
variation that can be recovered directly from transcriptomic
data. This structure is already captured by a polynomial
auto-encoder, as evidenced by the higher alignment of its
embeddings with the TFA derived from the original TF com-
munities compared to permuted counterparts. Second, TF
communities inferred from GRNs correspond to coherent
regulatory programs, supporting the interpretability of the
learned CRL representations. Third, despite the constrained
latent space induced by GRN priors, gCRL-VAE achieves
predictive performance comparable to discrepancy-VAE
models, indicating that interpretability can be improved
without sacrificing predictive accuracy.

Our approach has several limitations. First, neither the
latent variables Z nor the TF community activities TFA cor-
respond to ground-truth causal factors. Both are estimated
from data and subject to modeling assumptions. Aligning
the former to the latter enforces consistency between two
approximate representations, rather than establishing that
one provides a more faithful description of the underlying bi-
ology. In addition, the T-Mex score depends on conditional
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independence estimation, which can become statistically
challenging in high-dimensional settings.

More broadly, identifiability guarantees for CRL frame-
works hold under idealized assumptions, including suffi-
ciently informative interventions, smooth invertible map-
pings, and asymptotic data regimes. In realistic biological
systems, interventions may affect multiple latent programs
simultaneously, regulatory interactions may contain feed-
back loops, and transcriptomic measurements are noisy and
partially observed. Consequently, the learned latent vari-
ables should be interpreted as approximate causal abstrac-
tions rather than exact recovery of underlying biological
mechanisms.

At the same time, the TF community activities used as pri-
ors are themselves imperfect estimates derived through a
multi-step modeling procedure. Their definition depends
on several methodological choices, including the GRN re-
construction algorithm, the strategy used to identify TF
communities, and the approach adopted to summarize com-
munity activity. Each of these components introduces its
own assumptions and potential biases, which can propagate
to the inferred latent representations. As such, the alignment
between CRL latent variables and TF community activities
should be interpreted as consistency between two approx-
imate representations of the underlying regulatory system,
rather than as validation of a uniquely correct biological
model.

Despite these limitations, our results indicate that GRN-
derived regulatory structure can serve as an effective induc-
tive bias for causal representation learning, enabling latent
representations that remain both biologically interpretable
and predictively informative.

4.1. Related Work

Gene Regulatory Network inference. A wide range of
computational approaches have been proposed for GRN
reconstruction. Early methods, such as ARACNe (Margolin
et al., 2006), rely on information-theoretic measures to infer
regulatory interactions from statistical dependencies in gene
expression data. Regression-based approaches, including
GENIE3 (Huynh-Thu et al., 2010), frame GRN inference as
a predictive task, leveraging ensemble methods to capture
nonlinear relationships between transcription factors and tar-
get genes. Dynamic models, such as SCODE (Matsumoto
et al., 2017), explicitly account for temporal structure in
the data by modeling gene regulation through differential
equations. More recent approaches leverage graph neural
networks, transformers, perturbation-aware architectures,
and foundation models to infer nonlinear regulatory struc-
ture directly from transcriptomic and perturbation data (Shu
et al., 2021; Roohani et al., 2024; Cui et al., 2024; Qiu et al.,
2025).

Within this landscape, a subset of methods combines chro-
matin accessibility, motif enrichment, and gene expression
data to derive mechanistically grounded regulatory networks
(Badia-I-Mompel et al., 2023). In this work, we adopt Cel-
lOracle (Kamimoto et al., 2023) as a representative of this
class of multi-omics, biologically informed GRN inference
methods.

Causal abstraction learning (CAL). These methods aim to
derive coarser representations of causal systems by grouping
sets of variables and appropriately redefining the relation-
ships between them (Massidda et al., 2023; Geiger et al.,
2025). In principle, applying CAL to GRNs would enable
the identification of higher-level regulatory units, such as
TF communities, together with their interactions. However,
existing CAL approaches typically assume acyclic causal
graphs and are not readily applicable to the large, cyclic, and
densely connected structures that characterize gene regula-
tory networks. This limits their direct use in transcriptomic
settings.

CRL modeling in single cell genomics. Several recent
works have explored the application of causal representation
learning to single cell data. scConCRL (Dong et al., 2025)
leverages CRL frameworks to jointly model confounding
variables and regulatory interactions in single-cell data. The
SENA discrepancy-VAE method (Cedeño et al., 2024) in-
tegrates known biological pathways into the training of the
discrepancy-VAE through a masked encoder. GRACE-VAE
(Zhang et al., 2025) integrates a GNN-based encoder within
a discrepancy-VAE framework, using network information
to construct structure-aware embeddings of gene expression
prior to causal inference. In this setting, latent variables are
inferred from graph-enriched representations rather than di-
rectly from gene expression, effectively summarizing trans-
formed features that mix signals across neighboring genes.

While these approaches demonstrate the potential of combin-
ing representation learning, graph structure, and causality,
they primarily incorporate network information at the level
of input features. In contrast, our work takes a comple-
mentary perspective, using GRN-derived structure as an
inductive bias to directly constrain the latent space, enabling
the identification of biologically grounded and interpretable
causal factors.
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A. Supplementary Methods
A.1. Construction of the reference GRN (extended description)

We construct the reference Gene Regulatory Network (GRN) using CellOracle (Kamimoto et al., 2023), a multi-omics
framework that combines epigenomic information with transcriptomic data to infer directed regulatory interactions between
transcription factors (TFs) and target genes.

CellOracle operates in two main stages. First, it defines a base regulatory network by integrating prior knowledge of TF
binding. In the standard workflow, this involves combining motif enrichment analysis with chromatin accessibility data (e.g.,
scATAC-seq) to identify candidate TF binding sites across the genome. Alternatively, pre-computed regulatory networks
can be used as input, enabling flexibility depending on data availability.

Second, CellOracle refines this base network using gene expression data. For each target gene, a regression model is fitted
in which the expression of the gene is predicted from the expression levels of its candidate regulators. This step prunes
spurious regulatory interactions and assigns a quantitative weight wa,b to each TF–target pair (a, b), along with a statistical
significance measure derived from the model.

In our implementation, we use a base GRN constructed on the hg38 genome using gimmemotifs v5 (Bruse & Heeringen,
2018). All other parameters are set to their default values as provided by the CellOracle framework. After model fitting,
regulatory edges are filtered by controlling the false discovery rate (FDR), and only edges with FDR ≤ 0.05 are retained.

The resulting GRN is a directed, weighted graph capturing putative regulatory relationships between TFs and target genes.
Importantly, while CellOracle is used here for concreteness, the downstream steps of the gCRL framework only require a
weighted TF–target interaction network, and are therefore compatible with alternative GRN inference methods.

A.2. Identification of TF communities (extended description)

To identify transcription factor (TF) communities, we first derive a TF–TF interaction network from the full GRN by
restricting the graph G(N,E) to TF nodes. For each pair of TFs (a, b), we define the weight of their connection by
aggregating the absolute values of their bidirectional regulatory interactions:

wa,b =
∑

i∈{a→b, b→a}

|wi|,

where wi denotes the regression coefficient associated with the corresponding regulatory edge. This construction captures
the overall interaction strength between TFs, irrespective of direction or sign.

Community detection is performed using the Leiden algorithm (Traag et al., 2019), which optimizes modularity under
a resolution parameter γ. To account for sensitivity to initialization and parameter choice, we perform a stability-based
selection procedure. Specifically, we vary γ in the range [0.9, 2.0] with increments of 0.1, and for each value we run the
algorithm with 1000 random initializations.

For each γ, stability is assessed by computing pairwise similarity between partitions using the Adjusted Rand Index (ARI)
(Hubert & Arabie, 1985) and the Variation of Information (VI) (Meilă, 2003). We evaluate a stability score based on
the ARI/VI ratio over 200 randomly sampled pairs of partitions. The optimal resolution parameter is selected as the one
maximizing this stability criterion, prioritizing solutions with a lower number of communities in case of ties.

Finally, for the selected γ, the consensus TF communities are obtained by majority voting across the 1000 runs. This yields a
robust partition of TFs into communities that are consistently recovered across random initializations and parameter settings.

Assessment of community cohesion. To quantify the structural quality of the inferred TF communities, we compute a
weighted cohesion metric for each community. Specifically, for a given community, we define:

wratio =
winternal

winternal + wboundary
,

where winternal is the sum of edge weights for interactions between TFs within the community, and wboundary is the sum of
edge weights for interactions between TFs inside the community and those outside it. This metric ranges from 0 to 1, with
higher values indicating stronger internal connectivity relative to external interactions.
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To assess statistical significance, we perform a permutation test by randomly reassigning TFs to communities (while
preserving community sizes) and recomputing the mean wratio across communities. This procedure is repeated 1,000 times
to generate a null distribution. The observed mean wratio is then compared against this null, allowing us to determine whether
the inferred communities exhibit greater internal cohesion than expected by chance.

A.3. TF community activity (extended description)

To obtain a low-dimensional representation of transcription factor (TF) activity, we summarize each TF community through
an eigengene, defined as the first principal component (PC1) of the normalized expression matrix restricted to the TFs in the
community (Alter et al., 2000). Let XC ∈ Rn×|C| denote the expression matrix for the TFs in community C across n cells.
The eigengene is obtained as:

TFAC = XCv1,

where v1 is the leading eigenvector of the covariance matrix of XC . This projection captures the dominant axis of variation
in TF expression within the community.

Eigengenes have been widely used in gene expression analysis, particularly in network-based methods, as robust summaries
of coordinated gene activity (Hernaez et al., 2020). In the present context, they provide a natural way to map groups of TFs
into low-dimensional regulatory signals.

We denote by TFA the collection of all TF community activities. In addition to one eigengene per community, we compute
a global eigengene across all transcription factors:

TFAglobal = XTFv1,

where XTF denotes the expression matrix restricted to all TFs. This global component captures broad transcriptional
programs that may not be confined to a single community and can account for shared variability across modules.

The resulting set of TF community activities forms a low-dimensional representation of transcriptional regulation, which we
interpret as a proxy for underlying regulatory programs. These quantities are subsequently used to guide the learning of
causal latent variables in the gCRL framework.

A.4. T-MEX alignment and estimation of A

T-MEX is used to quantify the alignment between a learned latent representation and a reference representation. In its
original formulation, T-MEX assumes a known correspondence between latent variables and reference variables, encoded in
a binary matrix V , where Vij = 1 if latent variable Zj corresponds to reference variable TFAi.

The method evaluates conditional associations between pairs of variables, producing a matrix W such that Wij = 1 if Zj

remains associated with TFAi after conditioning on all other reference variables. The T-MEX score is then defined as the
discrepancy between V and W .

In our setting, we adapt T-MEX to serve as a differentiable alignment objective. Rather than using binary conditional
independence tests, we compute T-MEX as the average partial correlation between corresponding components:

T -MEX(TFA, Z) =
1

d

d∑
i=1

ρ
(
Zi,TFAi | TFA−i

)
,

where ρ(·, · | ·) denotes partial correlation and d is the dimensionality of the representation.

We assume a one-to-one correspondence between components by setting V to the identity matrix. Under this assumption,
the optimal linear transformation A is estimated by solving:

A∗ = argmax
A

T -MEX(TFA,ZA),

which is optimized using gradient-based methods.

Importantly, in this work T-MEX is not used to certify exact recovery of latent causal variables, but rather as a proxy
objective to align learned representations with biologically meaningful signals.
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A.5. Permutation-based alignment in gCRL-VAE

In gCRL-VAE, the alignment between TF community activities and latent variables is learned through a permutation vector
π, derived from a learnable matrix S ∈ Rd×d, where d is the latent dimensionality.

The matrix S is initialized as the identity and optimized during training. At each forward pass, the permutation is defined as:

π[k] = argmax
j

S[k, j],

yielding a mapping from TF communities to latent dimensions.

This permutation plays three roles:

• Routing: TF community k is associated with latent variable Zπ[k].

• Causal ordering: The DAG over Z is parameterized as an upper triangular matrix, and π determines the ordering of
variables, ensuring acyclicity without requiring additional constraints.

• Alignment: The TFA matrix is permuted according to π before computing the alignment loss, ensuring correspondence
between components.

The use of a learnable permutation allows the model to jointly infer both the latent variables and their alignment with
biologically defined regulatory programs. By optimizing over permutations, we avoid fixing an arbitrary ordering of
variables, while still enforcing a DAG structure through triangular parameterization.

A.6. AE and VAE training specifications

All models were trained using the Adam optimizer with a learning rate of 10−3 over 100 epochs. The latent dimension was
inferred automatically and was not tuned as a hyperparameter: d = ncommunities + 1, for gCRL-(V)AE and id-VAE, and
d = nperturbations for d-VAE.

For the gCRL-AE, the batch size was set to 1024. Input features were standardised to zero mean and unit variance (zscore).
Ten per cent of training cells were held out as a validation set. The encoder takes as input only TF gene expression, and
passes it through a single hidden layer of 64 units (ReLU activation), while the decoder is a quadratic polynomial function
that reconstructs the full transcriptome from the latent representation.

For the gCRL-VAE, id-VAE and d-VAE the batch size was set to 32. The KL divergence weight βKLD was set to 2.0. Instead
of maximum mean discrepancy (MMD), a centroid alignment loss was used to regularise the latent space, with a maximum
weight αcentroid = 20.0; the weight was linearly ramped from epoch 5 to the midpoint of training (⌊T/2⌋ = 50). An ℓ1
sparsity penalty on decoder weights was applied with coefficient λsparse = 10−3. For gCRL-VAE, the MCC alignment
loss was included with weight λMCC = 1.0; this term was automatically set to zero for the discrepancy-VAE variants
(λMCC = 0), since they do not use GRN priors.

B. Perturb-seq data results
B.1. Community-specific GO biological process for Joung et al. (2023)

Community 1. This community is characterized by processes related to calcium signaling, synaptic regulation, and
developmental morphogenesis, including embryonic limb development and miRNA transcription. The combination of
neuronal signaling and developmental pathways suggests a regulatory program associated with early differentiation and cell
fate specification.

Community 2. Enrichment in actin cytoskeleton organization, filopodium assembly, and receptor clustering indicates a
program related to cell morphology and signaling. Additional terms related to muscle differentiation and cardiac function
suggest partial activation of mesodermal lineage programs.

Community 3. This community is strongly associated with endothelial biology and tissue development, including endothelial
cell proliferation and migration, ossification, and Wnt signaling. These processes are indicative of vascular and mesodermal
differentiation programs.
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Figure S1. GRN reconstruction on data from Joung et al. (2023). Panel a reports the log-transformed distribution of GRN edges’
coefficient (absolute value). A Gaussian Mixture Model (GMM) is used to discriminate between strong connection (right Gaussian)
and weak ones (left Gaussian). The two distributions meet at the top 50% (red vertical solid line). Panel b: consistency across 1000
repetitions of the Leiden algorithm, measured over 200 randomly selected repetitions pairs through the Variation of Information (VI)
and Adjusted Rand Index (ARI) metrics, as well as their ratio. Panel c: permutation analysis for the weighted cohesion metric. This
metric quantities the extent to which TFs within a community are more connected to each other than with other communities. Red solid
line: value computed on the original community partition, contrasted against a null distribution (cyan) obtained by permuting TFs across
communities. Panel d: TF-to-TF networks, grouped by community.

Community 4. Similar to Community 1, this cluster is enriched for calcium signaling, synaptic transmission, and
developmental processes, but also includes epithelial proliferation and glycosaminoglycan metabolism, suggesting a broader
regulatory program combining neuronal and tissue remodeling functions.

Community 5. This community shows strong enrichment for calcium signaling, Wnt signaling (both positive and negative
regulation), and cell adhesion processes. The simultaneous presence of signaling and adhesion pathways suggests a
regulatory module controlling cell communication and structural organization.

Community 6. This cluster is distinct in being enriched for membrane organization, protein trafficking, cytokine response
(e.g., IL-6), autophagy, and VEGF signaling. These processes point to a regulatory program involved in cellular stress
response, signaling, and membrane dynamics.

B.2. Community-specific GO biological process for Norman et al. (Norman et al., 2019)

Community 1. This community is enriched for granulocyte chemotaxis, nitric oxide biosynthesis, and cell adhesion
processes, suggesting a regulatory program related to immune cell migration and inflammatory signaling. The presence of
nervous system development terms indicates potential overlap with broader differentiation programs.

Community 2. This community is characterized by strong enrichment in immune activation and inflammatory signaling,
including T cell proliferation, TNF production, and PI3K/AKT signaling, alongside cytoskeletal organization. This suggests
a regulatory module associated with immune activation and cell signaling.
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a) b)
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Figure S2. GRN reconstruction on data from Norman et al. (2019). Panel a reports the log-transformed distribution of GRN edges’
coefficient (absolute value). A Gaussian Mixture Model (GMM) is used to discriminate between strong connection (right Gaussian) and
weak ones (left Gaussian). The two distributions meet at the top 40% (red vertical solid line). Panel b: consistency across 1000 repetitions
of the Leiden algorithm, measured over 200 randomly selected repetitions pairs through the Variation of Information (VI) and Adjusted
Rand Index (ARI) metrics, as well as their ratio. Panel c: permutation analysis for the weighted cohesion metric. This metric quantities to
which extent TFs within a community are more connected to each other than with other communities. Red solid line: value computed on
the original community partition, contrasted against a null distribution (cyan) obtained by permuting TFs across communities. Panel d:
TF-to-TF networks, grouped by community.

Community 3. Enrichment in MAPK signaling, cell cycle regulation, endothelial migration, and erythroid differentiation
indicates a program combining proliferation, signaling, and lineage commitment. This is consistent with perturbations
affecting both growth and differentiation trajectories.

Community 4. This community captures vasculature development, inflammatory signaling, erythroid differentiation, and
JAK-STAT signaling. These processes suggest a regulatory module associated with hematopoietic and vascular programs.

Community 5. This cluster shows strong enrichment for cytokine production (especially TNF), inflammatory response,
epithelial-to-mesenchymal transition (EMT), and endothelial migration. This profile is indicative of a highly active signaling
module driving inflammation and cell state transitions.

Community 6. This community is associated with reactive oxygen species metabolism, collagen biosynthesis, leukocyte
migration, and neuronal generation. These processes point to a mixed regulatory program involving tissue remodeling,
immune activity, and differentiation.

Community 7. Although enrichment is weaker, this community is associated with cell cycle checkpoints, DNA repair, and
apoptosis-related pathways, suggesting a regulatory module linked to genomic stability and stress response.

Community 8. This community combines strong inflammatory signaling (TNF production), muscle development, ER stress
response, and apoptosis. This suggests a regulatory program associated with stress-induced differentiation and cellular
remodeling.
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Figure S3. gCRL-VAE operation and results on data from Norman et al. (2019). Panel a: The entangled embeddings Ẑ are obtained
from an autoencoder with a polynomial decoder. A rotation matrix A is then used to align these embeddings with the TF community
activities TFA, yielding the disentangled representation Z. Panel b: Correlation matrices between TFA and Z (left), and between TFA

and Ẑ (right). The disentangled embeddings Z show substantially higher alignment with TF community activities, as further supported by
an increased T-MEX score. Panel c: Comparison of technical variability, measured as deriving A across different random seeds (red),
with the variability obtained by permuting TFs across communities (blue). Technical variability is an order of magnitude lower, and the
T-MEX value corresponding to the original community partition is significantly higher than expected by chance.
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Table S1. Representative GO Biological Process enrichments across TF communities in Joung et al. (2023). Background processes
correspond to terms enriched in at least 50% of the communities with adjusted p-value (FDR) < 0.05.

CATEGORY GO BIOLOGICAL PROCESS ADJ. p-VALUE

BACKGROUND ADHERENS JUNCTION ORGANIZATION (GO:0034332) —
BACKGROUND AXON GUIDANCE (GO:0007411) —
BACKGROUND AXONOGENESIS (GO:0007409) —
BACKGROUND EXTRACELLULAR MATRIX ORGANIZATION (GO:0030198) —
BACKGROUND NEURAL CREST CELL MIGRATION (GO:0001755) —
BACKGROUND REGULATION OF SYNAPSE ORGANIZATION (GO:0050807) —
BACKGROUND REGULATION OF NEUROTRANSMITTER SECRETION (GO:0046928) —
BACKGROUND REGULATION OF CALCIUM ION TRANSMEMBRANE TRANSPORT (GO:1903169) —
BACKGROUND REGULATION OF SMALL GTPASE MEDIATED SIGNAL TRANSDUCTION

(GO:0051056)
—

BACKGROUND SYNAPSE ASSEMBLY (GO:0007416) —
COMMUNITY 1 RELEASE OF SEQUESTERED CALCIUM ION INTO CYTOSOL (GO:0051209) 1.34× 10−2

COMMUNITY 1 NEGATIVE REGULATION OF CELL PROJECTION ORGANIZATION (GO:0031345) 1.35× 10−2

COMMUNITY 1 REGULATION OF SYNAPTIC TRANSMISSION, GABAERGIC (GO:0032228) 3.12× 10−2

COMMUNITY 2 REGULATION OF FILOPODIUM ASSEMBLY (GO:0051489) 6.10× 10−2

COMMUNITY 2 HEART CONTRACTION (GO:0060047) 6.83× 10−2

COMMUNITY 2 ACTIN FILAMENT ORGANIZATION (GO:0007015) 7.64× 10−2

COMMUNITY 3 REGULATION OF ENDOTHELIAL CELL PROLIFERATION (GO:0001936) 7.47× 10−3

COMMUNITY 3 POSITIVE REGULATION OF OSSIFICATION (GO:0045778) 1.86× 10−2

COMMUNITY 3 REGULATION OF WNT SIGNALING PATHWAY (GO:0030111) 2.45× 10−2

COMMUNITY 4 RELEASE OF SEQUESTERED CALCIUM ION INTO CYTOSOL (GO:0051209) 5.92× 10−3

COMMUNITY 4 REGULATION OF SYNAPTIC TRANSMISSION, GABAERGIC (GO:0032228) 9.63× 10−3

COMMUNITY 4 CALCIUM ION TRANSMEMBRANE TRANSPORT (GO:0070588) 2.50× 10−2

COMMUNITY 5 RELEASE OF SEQUESTERED CALCIUM ION INTO CYTOSOL (GO:0051209) 3.44× 10−3

COMMUNITY 5 POSITIVE REGULATION OF WNT SIGNALING PATHWAY (GO:0030177) 3.07× 10−2

COMMUNITY 5 NEGATIVE REGULATION OF WNT SIGNALING PATHWAY (GO:0030178) 3.43× 10−2

COMMUNITY 6 PLASMA MEMBRANE ORGANIZATION (GO:0007009) 5.62× 10−2

COMMUNITY 6 POSITIVE REGULATION OF AUTOPHAGY (GO:0010508) 7.18× 10−2

COMMUNITY 6 VASCULAR ENDOTHELIAL GROWTH FACTOR RECEPTOR SIGNALING PATHWAY
(GO:0048010)

7.18× 10−2
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Table S2. Representative GO Biological Process enrichments across TF communities in the Norman et al. (2019) dataset. Background
processes correspond to terms enriched in at least 50% of the communities with adjusted p-value (FDR) < 0.05.

CATEGORY GO BIOLOGICAL PROCESS ADJ. p-VALUE

BACKGROUND CELLULAR RESPONSE TO TRANSFORMING GROWTH FACTOR BETA STIMULUS
(GO:0071560)

—

BACKGROUND ERK1 AND ERK2 CASCADE (GO:0070371) —
BACKGROUND ERYTHROCYTE DIFFERENTIATION (GO:0030218) —
BACKGROUND MYELOID LEUKOCYTE DIFFERENTIATION (GO:0002573) —
BACKGROUND POSITIVE REGULATION OF ANGIOGENESIS (GO:0045766) —
BACKGROUND POSITIVE REGULATION OF CELL CYCLE (GO:0045787) —
BACKGROUND POSITIVE REGULATION OF PHAGOCYTOSIS (GO:0050766) —
BACKGROUND REGULATION OF TUMOR NECROSIS FACTOR PRODUCTION (GO:0032680) —
BACKGROUND T CELL DIFFERENTIATION (GO:0030217) —
BACKGROUND REGULATION OF INTRINSIC APOPTOTIC SIGNALING PATHWAY (GO:2001242) —
COMMUNITY 1 POSITIVE REGULATION OF GRANULOCYTE CHEMOTAXIS (GO:0071624) 1.49× 10−2

COMMUNITY 1 POSITIVE REGULATION OF NITRIC OXIDE BIOSYNTHETIC PROCESS
(GO:0045429)

2.45× 10−2

COMMUNITY 1 POSITIVE REGULATION OF KINASE ACTIVITY (GO:0033674) 2.96× 10−2

COMMUNITY 2 POSITIVE REGULATION OF T CELL PROLIFERATION (GO:0042102) 1.04× 10−2

COMMUNITY 2 POSITIVE REGULATION OF TUMOR NECROSIS FACTOR PRODUCTION
(GO:0032760)

2.07× 10−2

COMMUNITY 2 ACTIN FILAMENT ORGANIZATION (GO:0007015) 1.40× 10−2

COMMUNITY 3 POSITIVE REGULATION OF ENDOTHELIAL CELL MIGRATION (GO:0010595) 8.14× 10−3

COMMUNITY 3 MAPK CASCADE (GO:0000165) 2.17× 10−2

COMMUNITY 3 POSITIVE REGULATION OF ERYTHROCYTE DIFFERENTIATION (GO:0045648) 3.87× 10−2

COMMUNITY 4 SKELETAL MUSCLE TISSUE DEVELOPMENT (GO:0007519) 7.48× 10−3

COMMUNITY 4 REGULATION OF RECEPTOR SIGNALING PATHWAY VIA JAK-STAT (GO:0046425) 1.42× 10−2

COMMUNITY 4 POSITIVE REGULATION OF REACTIVE OXYGEN SPECIES METABOLIC PROCESS
(GO:2000379)

2.30× 10−2

COMMUNITY 5 POSITIVE REGULATION OF TUMOR NECROSIS FACTOR PRODUCTION
(GO:0032760)

1.88× 10−3

COMMUNITY 5 POSITIVE REGULATION OF EPITHELIAL TO MESENCHYMAL TRANSITION
(GO:0010718)

1.84× 10−2

COMMUNITY 5 POSITIVE REGULATION OF INFLAMMATORY RESPONSE (GO:0050729) 1.78× 10−2

COMMUNITY 6 POSITIVE REGULATION OF LEUKOCYTE MIGRATION (GO:0002687) 3.62× 10−2

COMMUNITY 6 GENERATION OF NEURONS (GO:0048699) 4.03× 10−2

COMMUNITY 6 POSITIVE REGULATION OF VASCULATURE DEVELOPMENT (GO:1904018) 4.03× 10−2

COMMUNITY 7 MITOTIC G2/M TRANSITION CHECKPOINT (GO:0044818) 1.24× 10−1

COMMUNITY 7 DOUBLE-STRAND BREAK REPAIR VIA HOMOLOGOUS RECOMBINATION
(GO:0000724)

1.24× 10−1

COMMUNITY 7 REGULATION OF DNA METABOLIC PROCESS (GO:0051052) 1.24× 10−1

COMMUNITY 8 POSITIVE REGULATION OF TUMOR NECROSIS FACTOR PRODUCTION
(GO:0032760)

5.40× 10−3

COMMUNITY 8 POSITIVE REGULATION OF REACTIVE OXYGEN SPECIES METABOLIC PROCESS
(GO:2000379)

3.01× 10−2

COMMUNITY 8 INTRINSIC APOPTOTIC SIGNALING PATHWAY IN RESPONSE TO ENDOPLASMIC
RETICULUM STRESS (GO:0070059)

4.27× 10−2
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