Downloaded from genome.cshlip.org on June 19, 2026 . Published by Cold Spring Harbor Laboratory Press

Deciphering context-specific gene programs from single-cell and
spatial transcriptomics data with DeCEP

Lin Li, Xianbin Su and Ze-Guang Han

Genome Res. 2025 35: 2300-2315 originally published online August 21, 2025
Access the most recent version at doi:10.1101/gr.279689.124

References This article cites 49 articles, 3 of which can be accessed free at:
http://genome.cshlp.org/content/35/10/2300.full.html#ref-list-1

Creative This article is distributed exclusively by Cold Spring Harbor Laboratory Press for the
Commons first six months after the full-issue publication date (see
License https://[genome.cshlp.org/site/misc/terms.xhtml). After six months, it is available
under a Creative Commons License (Attribution-NonCommercial 4.0 International),
as described at http://creativecommons.org/licenses/by-nc/4.0/.

Email Alerting  Receive free email alerts when new articles cite this article - sign up in the box at the
Service top right corner of the article or click here.

CRISPR and RNAI Genetic Screening. | LEARN
Your new superpower. MORE

CELLECTA

To subscribe to Genome Research go to:
https://genome.cshlp.org/subscriptions

© 2025 Li et al.; Published by Cold Spring Harbor Laboratory Press


http://genome.cshlp.org/lookup/doi/10.1101/gr.279689.124
http://genome.cshlp.org/content/35/10/2300.full.html#ref-list-1
https://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/cgi/alerts/ctalert?alertType=citedby&addAlert=cited_by&saveAlert=no&cited_by_criteria_resid=protocols;10.1101/gr.279689.124&return_type=article&return_url=http://genome.cshlp.org/content/10.1101/gr.279689.124.full.pdf
http://genome.cshlp.org/cgi/adclick/?ad=58174&adclick=true&url=https%3A%2F%2Fcellecta.net%2Ffxlscreen-genres-2301-468x68
https://genome.cshlp.org/subscriptions
http://genome.cshlp.org/
http://www.cshlpress.com
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cship.org on June 19, 2026 . Published by Cold Spring Harbor Laboratory Press

Method

Deciphering context-specific gene programs from
single-cell and spatial transcriptomics data with DeCEP

Lin Li, Xianbin Su, and Ze-Guang Han

Key Laboratory of Systems Biomedicine (Ministry of Education) and State Key Laboratory of Medical Genomics, Shanghai Center for
Systems Biomedicine, Shanghai Jiao Tong University, Shanghai 200240, China

Functional gene programs play a wide range of roles in health and disease by orchestrating transcriptional coregulation to
govern cell identity. Understanding these intricate gene programs is essential for unraveling the complexities of biological
systems; however, deciphering them remains a significant challenge. Recent advancements in single-cell RNA sequencing
(scRNA-seq) and spatial transcriptomics (ST) technologies have empowered the comprehensive characterization of gene
programs at both single-cell and spatial resolutions. Here, we present DeCEP, a computational framework designed to char-
acterize context-specific gene programs using sCRNA-seq and ST data. DeCEP leverages functional gene lists and directed
graphs to construct functional networks underlying distinct cellular or spatial contexts. It then identifies context-dependent
hub genes associated with specific gene programs based on network topology and assigns gene program activity to individ-
ual cells or spatial locations. Through evaluation on both simulated and real biological data sets, DeCEP demonstrates com-
plementary strengths over existing methods by enabling more fine-grained characterization of gene programs within
specific contexts, particularly those characterized by pronounced transcriptional heterogeneity. Furthermore, we showcase
the ability of DeCEP in elucidating biological insights through case studies on normal liver tissue, Alzheimer’s disease, and

cancer.
[Supplemental material is available for this article.]

A given biological process is often carried out by a series of coordi-
nated gene programs, which are composed of functionally related
genes that orchestrate transcriptional coregulation (Thomas 2017;
Pope and Medzhitov 2018). These functional gene programs
govern cell identity in health and disease (Kotliar et al. 2019).
Their activation often varies across different cell types or states,
particularly during development and disease (Cha and Lee
2020). For example, the gene programs of cancer cells within tu-
mor tissue exhibit significant dysfunction compared with those
of normal cells (Hanahan 2022). They also display significant plas-
ticity during key processes such as tumor progression, metastasis,
and immune escape (Suhail et al. 2019; Yuan et al. 2019). Recent
advances in single-cell RNA sequencing (scRNA-seq) technologies
have allowed the characterization of gene programs at an unprec-
edented resolution (Hwang et al. 2018; Kashima et al. 2020).
Furthermore, the development of spatial transcriptomics (ST)
technologies has enabled the depiction of spatial coregulation pat-
terns of gene programs within a specific tissue (Rao et al. 2021;
Moses and Pachter 2022; Walker et al. 2022). However, current
computational methods for systematically deciphering gene pro-
grams underlying distinct cellular or spatial contexts using
scRNA-seq and ST data remain limited.

The existing methods available for characterizing gene pro-
grams using scRNA-seq and ST data can be categorized into two
groups: gene set scoring methods (Ji et al. 2020; Noureen et al.
2022) and matrix factorization-based methods (Kotliar et al.
2019). Gene set scoring methods rely on predefined gene sets to
evaluate the activity of gene programs for each cell or spatial loca-
tion. These methods are straightforward, are user-friendly, and of-
fer clear interpretability (Aibar et al. 2017; Frost 2020). However,
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they assume uniform transcriptional coregulation of functional
genes representing gene programs across all cells or entire tissue
sections, calculating the scores in a consistent manner for each
cell or spatial location. Therefore, these methods hinder the acqui-
sition of deeper biological insights at a fine-grained level as they
overlook the heterogeneity underlying distinct cellular or spatial
contexts. Matrix factorization-based methods rely on a predefined
number of factors (Fertig et al. 2010; Kotliar et al. 2019). However,
the factors derived from unsupervised learning often lack suffi-
cient interpretability for characterizing gene programs (Kotliar
et al. 2019; Levitin et al. 2019). In contrast, supervised learning
methods yield more interpretable factors, but they require multi-
ple gene sets to represent these factors. Consequently, users need
to consider both the number of gene sets included and their specif-
ic composition, that is, the genes contained within each gene set
(Buettner et al. 2017; Wu et al. 2020). This complexity increases
the sensitivity of these methods to input variability. Even slight
perturbations in the selected gene sets can propagate through
the factorization process, potentially introducing biases in the
identification of gene programs. Moreover, neither method ade-
quately incorporates location information into the characteriza-
tion of gene programs, resulting in a lack of tailoring for the
unique features of ST data. On the other hand, although current
methods specifically developed for ST data, such as SpaGCN (Hu
et al. 2021), BayesSpace (Zhao et al. 2021), and SpatialDE
(Svensson et al. 2018), effectively incorporate spatial location
information, they are designed to identify spatial domains or
spatially variable genes. These approaches often lack a direct,

© 2025 Li et al. This article is distributed exclusively by Cold Spring Harbor
Laboratory Press for the first six months after the full-issue publication date
(see https://genome.cshlp.org/site/misc/terms.xhtml). After six months, it is
available under a Creative Commons License (Attribution-NonCommercial
4.0 International), as described at http://creativecommons.org/licenses/by-
nc/4.0/.

2300 Genome Research
www.genome.org

35:2300-2315 Published by Cold Spring Harbor Laboratory Press; ISSN 1088-9051/25; www.genome.org


mailto:hanzg@sjtu.edu.cn
https://www.genome.org/cgi/doi/10.1101/gr.279689.124
https://www.genome.org/cgi/doi/10.1101/gr.279689.124
http://genome.cshlp.org/site/misc/terms.xhtml
https://genome.cshlp.org/site/misc/terms.xhtml
https://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/site/misc/terms.xhtml
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on June 19, 2026 . Published by Cold Spring Harbor Laboratory Press

DeCEP

function-centric perspective and do not provide interpretable
characterizations of gene programs. Consequently, there is a clear
need for a novel computational method that can accurately delin-
eate context-specific gene programs using scRNA-seq and ST data
at both the gene level and the cellular or spatial location level.

Gene networks are widely used in data-driven biological re-
search (Barabasi and Oltvai 2004), with WGCNA being a promi-
nent example (Langfelder and Horvath 2008). Current gene
network-based methods utilizing scRNA-seq or ST data mainly fo-
cus on identifying gene interactions and corresponding gene mod-
ules and hub genes within specific cell types or spatial domains
(Mohammadi et al. 2019; Acharyya et al. 2022; Nouri et al.
2024). These methods typically perform in an unsupervised man-
ner, dividing gene modules based on coexpression patterns of
genes without incorporating predefined gene sets. The hub genes
identified within these modules often require further functional
annotation. Such annotations often exhibit complex functional
overlaps, making them difficult to interpret clearly. Furthermore,
these approaches do not fully consider various cellular or spatial
contexts, such as continuous cell states or spatial gradients, limit-
ing the diversity of data interpretation. As a result, we propose ap-
plying this network concept and adopting a new design to better
characterize context-specific gene programs at the gene level.
Specifically, we aim to construct networks centered around func-
tional genes that represent gene programs using predefined gene
sets and incorporating context-specific information. Directed
graphs, particularly Bayesian networks, are extensively applied in
transcriptomics data modeling (Friedman et al. 2000). This hierar-
chical approach is effective for analyzing potential regulatory rela-
tionships among molecules, facilitating the implementation of
our overall strategy.

Building on this, we present DeCEP, a computational frame-
work developed to decipher context-specific gene programs using
scRNA-seq and ST data. DeCEP employs directed graphs (Koller
and Friedman 2009) to characterize the heterogeneous transcrip-
tional coregulation of gene programs within specific cellular and
spatial contexts, such as cell types, cell states, disease conditions,
and spatial locations. This approach enables DeCEP to integrate
a priori functional gene lists and directed graphs to construct func-
tional networks, which are then used to pinpoint context-depen-
dent hub genes that drive gene programs. These genes identified
by network topology may play a key role in governing cell identity.
Consequently, DeCEP utilizes context-dependent hub genes to
characterize the activity of gene programs for individual cells or
spatial locations, defined as DeCEP scores or states.

DeCEP accounts for the heterogeneity of gene programs
across different contexts, enabling interpretable and context-spe-
cific characterization of each program. This design allows DeCEP
to complement existing approaches, offering distinct benefits to
users conducting microscopic and in-depth analyses within specif-
ic contexts. We demonstrate its more refined ability to identify
context-specific gene programs by analyzing both simulated and
real biological data. Furthermore, we showcase its capability to un-
cover biological insights through applications involving data sets
from normal liver tissue, Alzheimer’s disease (AD), and cancer.

Results
Overview of DeCEP

We developed DeCEP, a computational framework to decipher
context-specific gene programs using scRNA-seq and ST data

(Fig. 1). For scRNA-seq data, DeCEP requires user-defined function-
al gene lists, a gene expression matrix, and cellular context labels
(such as cell types, states, or disease conditions). The framework
processes these inputs based on the context labels, which can be
either discrete or continuous. For discrete labels, DeCEP filters
the expression matrix by each label category, treating the resulting
subsets as separate inputs for the next step. For continuous labels,
DeCEP creates a new expression matrix using the time-lag method
(Chaitankar et al. 2010). The processed data, enriched with con-
text-specific information, are used to construct functional net-
works through structure learning of probabilistic graphical
models (PGMs) (Tsamardinos et al. 2006). To improve the robust-
ness of the functional networks, DeCEP iteratively constructs
them via bootstrap resampling (Hesterberg 2011), identifies edges
with sufficient strength, and generates the final networks. It then
identifies context-dependent hub genes involved in gene pro-
grams by analyzing the network topology, assigning weights to
the hub genes based on the number and strength of their associat-
ed edges. Finally, DeCEP calculates the DeCEP scores for each cell
by weighting the expression values of these hub genes. To more
precisely capture subtle similarities and differences between cells
in specific contexts, DeCEP incorporates an imputation step to re-
fine the gene expression profiles. DeCEP can further convert the
scores into DeCEP states by finding natural breaks in the data using
the Fisher-Jenks algorithm (Fig. 1A; North 2009).

For ST data, DeCEP requires a spot-by-gene expression matrix
and the corresponding spatial coordinates. It first determines the
functional states of spatial locations using a reference scRNA-seq
data set labeled with a clearly defined DeCEP state for each cell.
Users can define the region of interest (ROI) based on these
DeCEP states of spatial locations. DeCEP identifies neighboring
spots for each spot within the ROI based on a user-specified dis-
tance threshold. If a spot in the ROI corresponds to multiple neigh-
boring spots, they are synthesized into a single pseudospot. This
process generates paired data that integrates both the ROI and
its neighborhood, enriched with spatial context information.
Similar to scRNA-seq data, DeCEP constructs context-specific func-
tional networks utilizing PGMs, obtains the weights of context-de-
pendent hub genes, and calculates the DeCEP scores for the ROI
and the corresponding neighborhood (Fig. 1B).

Overall, DeCEP is a user-friendly computational framework
for deciphering context-specific gene programs. Its function-cen-
tric approach is applicable to scRNA-seq and ST data not only for
pinpointing context-dependent hub genes at the gene level but
also for assigning scores or states of functional activity at the cell
or spot level.

Benchmarking of DeCEP on simulated data

To evaluate the performance of DeCEP in characterizing context-
specific gene programs at the cellular level, we generated multiple
simulated data sets across various cellular contexts using Splatter
(Zappia et al. 2017). Specifically, we conducted three independent
simulations, each representing a single cell type, labeled as simula-
tion tests 1 to 3. The degree of gene expression differences among
cells increased from test 1 to test 3. Based on the unsupervised clus-
tering results obtained using the standard Seurat v4 workflow (Hao
et al. 2021), we assigned the cells from each of the three simulated
data sets into four clusters, with each data set containing clusters
labeled from zero to three (Supplemental Fig. S1). We applied con-
sensus clustering (Wilkerson and Hayes 2010) to the highly vari-
able genes in each data set to generate functional gene lists and
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Figure 1. The workflow of DeCEP. (A) DeCEP leverages pre-existing functional gene lists from various databases as prior knowledge to construct static or
dynamic functional networks using directed graphs that are tailored to specific cellular contexts in single-cell RNA sequencing (scRNA-seq) data. Based on
the topology of these functional networks, DeCEP identifies context-dependent hub genes, calculates DeCEP scores, and determines the states of individual
cells. (B) DeCEP anchors cell states to spatial locations in spatial transcriptomics (ST) data. DeCEP constructs functional networks tailored to spatial contexts,
focusing on regions of interest (ROIs) and their corresponding neighborhoods. DeCEP then identifies spatially dependent hub genes and assigns DeCEP

scores.

performed DeCEP in “discrete” mode, with the simulated cell type
in each of the three simulations treated as a specific cellular con-
text. For comparison, we applied five existing methods, including
Seurat (Hao et al. 2021), AUCell (Aibar et al. 2017), Vision
(DeTomaso et al. 2019), VAM (Frost 2020), and UCell (Andreatta
and Carmona 2021), to characterize gene programs using the
same functional gene lists. We employed the supervised k-nearest
neighbor (KNN) algorithm with 10-fold cross-validation to assess
the ability of each method to identify cell clusters based on simu-

lated gene program activity. Higher performance, as measured by
the metrics, suggests that a method more precisely captures the
biologically relevant signals that potentially reflect simulated
gene program activity within specific cellular contexts, thereby fa-
cilitating the identification of similarities and differences among
cells. Accordingly, we employed the performance evaluation of
multiclass classification as a benchmarking approach. Here, it pro-
vides an indirect yet informative proxy to assess their potential in
characterizing context-specific gene programs by quantifying the
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effectiveness of feature extraction in fine-grained data analysis. To
validate the rationality of this evaluation strategy, we conducted
additional analyses demonstrating the supervised separability of
cell clusters and the presence of sufficient differential expression
signals among cells introduced by the simulated gene programs
(Supplemental Figs. S2, S3; Supplemental Note 1).

Our results showed that DeCEP achieved higher accuracy
compared with the existing methods across the three simulated
data sets (Fig. 2A). We also calculated the F1 score, sensitivity,
and specificity for each cell cluster, revealing that DeCEP achieved
higher values across these metrics (Fig. 2B; Supplemental Fig. S4A).
Notably, the results also revealed increased variability in the sensi-
tivity and specificity among the existing methods, with a trade-off
observed when maintaining higher specificity was associated with
reduced sensitivity (Supplemental Fig. S4A). Furthermore, we treat-
ed each cluster as the positive class and combined the remaining
clusters as the negative class to plot receiver operating characteris-
tic (ROC) curves and calculate the area under the ROC curve (AUC)
for each cluster. DeCEP still achieved the highest AUC values for
each cluster (Fig. 2C; Supplemental Fig. S4B). To eliminate the in-
fluence of predefined classification labels in the supervised ap-

proach, we also conducted an unsupervised evaluation for each
method. Specifically, in each simulated data set, we performed
clustering analysis based on simulated gene program activity
scores and calculated the silhouette coefficient (SC) for individual
cells to assess the ability of each method to effectively cluster and
separate cells. The results revealed that DeCEP achieved the high-
est mean SC values across all data sets compared with the other
methods (Fig. 2D; Supplemental Fig. S5). Additionally, we con-
ducted ablation studies to evaluate the contribution of each com-
ponent within the DeCEP framework (Supplemental Fig. S6;
Supplemental Note 2).

Next, we conducted three additional independent simula-
tions, each containing 50 cell steps, referred to as simulation tests
4-6. As the number of simulation tests increased, the variability in
gene expression across cells also gradually increased (Supplemen-
tal Fig. S7). We then clustered the simulated genes to generate
functional gene lists and applied DeCEP in “continuous” mode,
along with the other methods, to characterize gene program activ-
ity. To assess the correlation between gene program activity scores
and simulated cell steps, we used generalized additive models
(GAMs). We assumed that a higher goodness of fit would indicate
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Figure 2. Performance evaluation of DeCEP compared with existing methods on simulated data sets. (A) Accuracy of gene program characterization

using DeCEP (discrete mode) and existing methods across three simulation tests. (B) F1 score of DeCEP (discrete mode) and existing methods for each
cell cluster in simulation tests 1-3. (C) ROC curves and corresponding AUC values of DeCEP (discrete mode) for each cell cluster in simulation tests
1-3. (D) Mean values of the silhouette coefficients (SCs) obtained in simulated tests 1-3 using DeCEP (discrete mode) and existing methods.
(E) Correlation strength between gene program activity scores and simulated cell steps in DeCEP (continuous mode) and existing methods.
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that gene program changes are more precisely captured during cell
state transitions. DeCEP demonstrated the strongest correlation
between gene program activity scores and cell steps (Fig. 2E).

In summary, DeCEP demonstrated the ability to precisely
capture biologically relevant signals within specific contexts. The
effectiveness of its feature extraction, reflected in accurate and
robust performance in both “discrete” and “continuous” data sce-
narios, indirectly suggests its potential for fine-grained characteri-
zation of context-specific gene programs at the cellular level.

DeCEP uncovers the nonuniform distribution of liver
detoxification function along the hepatic lobule axis

Although DeCEP performs well on simulated data, it is important
to assess whether it can handle real biological data, which are
much more complex and diverse. We proceeded to evaluate the
performance of DeCEP using scRNA-seq and ST data from adult
mouse livers (Guilliams et al. 2022; Liang et al. 2022). The hepatic
lobule serves as the anatomical and functional unit of the liver, ex-
hibiting a spatially hierarchical microenvironment from portal tri-
ads (PTs) to the central vein (CV), which leads to heterogeneous
expression of liver functions along the hepatic lobule axis, termed
zonation (Manco and Itzkovitz 2021). Detoxification is one of the
most important liver functions (Ben-Moshe and Itzkovitz 2019;
Manco and Itzkovitz 2021). Because the expression levels of a se-

ries of genes involved in liver detoxification, such as Cypla2 and
Cyp2el, exhibit significant variation along the hepatic portal-cen-
tral axis (Ben-Moshe and Itzkovitz 2019), we assumed that the
DeCEP scores reflecting detoxification would have a distinct gradi-
ent along this axis.

We first applied DeCEP to a publicly available scRNA-seq data
set from adult mouse livers (Liang et al. 2022), focusing on hepato-
cytes. These cells were assigned to periportal, mid-lobule, and peri-
central regions (Supplemental Fig. S8; Supplemental Note 3). We
evaluated the distribution of liver detoxification by analyzing
gene programs associated with drug metabolism—-cytochrome
P450, metabolism of xenobiotics by cytochrome, glutathione me-
tabolism, and glutamate and glutamine metabolism. This analysis
was performed using DeCEP in “discrete” mode, with hepatocytes
as the cellular context. The DeCEP scores for hepatocytes across
these four gene programs exhibited a gradient increase from the
periportal to the pericentral region (Fig. 3A). Using the hepato-
cyte-specific functional networks constructed by DeCEP, we iden-
tified several hub genes that play central roles in regulating these
gene programs. Notably, Cyp2el emerged as a critical gene in-
volved in both drug metabolism-cytochrome P450 and metabo-
lism of xenobiotics by cytochrome (Fig. 3B). Network analysis
revealed a strong interaction between Cypla2 and Cyp2el, with
the edge direction suggesting that Cypla2 potentially promotes
the activation of Cyp2el (Supplemental Fig. S9).
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Figure 3. DeCEP reveals a heterogeneous distribution of liver detoxification function along the hepatic lobular axis. (A) Bar plots of the DeCEP scores for
liver detoxification-related gene programs across the periportal, mid-lobule, and pericentral regions. The DeCEP scores were compared among hepato-
cytes in the three different liver regions. The Kruskal-Wallis test: (***) P<0.001. (B) Weights of the hub genes in the gene programs. Some of the hub genes
were defined as core genes that were identified more than once in the four gene programs. (C) Distribution of the DeCEP scores for the gene programs as
the pseudospace changes from portal triads (PTs) to the central vein (CV). (D) Strength of associations between the DeCEP scores and the pseudospace
factor. (E) Comparison of the proportions of detoxification-related gene programs with distinct DeCEP states in different hepatic lobule regions.

2304 Genome Research
www.genome.org


http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279689.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279689.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279689.124/-/DC1
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on June 19, 2026 . Published by Cold Spring Harbor Laboratory Press

DeCEP

To investigate the dynamic changes in the DeCEP scores
along the hepatic lobule axis, we sequentially ordered hepatocytes
through pseudospatial analysis and fitted the DeCEP scores of the
four gene programs along the lobule axis. This analysis revealed a
progressive increase in the DeCEP scores as hepatocytes ap-
proached the CV (Fig. 3C; Supplemental Fig. S10A). Among these
gene programs, the DeCEP scores for drug metabolism-cyto-
chrome P450 and glutamate and glutamine metabolism exhibited
the strongest spatial dependence, with effects exceeding 0.6 (Fig.
3D). By discretizing the DeCEP scores for these two gene programs,
we observed that their DeCEP states significantly overlapped with
zonation of the hepatic lobule (Fig. 3E). Notably, cells with high
DeCEP states tended to be in the pericentral region, whereas cells
with medium and low DeCEP states were orderly distributed to-
ward the periportal region (Fig. 3E; Supplemental Fig. S10B).
These results collectively demonstrate that DeCEP effectively char-
acterizes key hepatocyte-specific gene programs using the scRNA-
seq data.

Given the significant differences in liver detoxification func-
tion between the periportal and pericentral regions, we employed
the kNN algorithm to evaluate the performance of DeCEP by dis-
tinguishing periportal and pericentral hepatocytes using the four
gene programs. Compared with existing methods, DeCEP showed
higher values in several key metrics, including accuracy, sensitiv-
ity, specificity, F1 score, and AUC (Fig. 4A,B). We also conducted
ablation studies to confirm the contribution of each component

within the DeCEP framework in the context of real biological
data (Supplemental Fig. S11; Supplemental Note 4). To assess
DeCEP’s ability to capture changes in gene programs along the he-
patic lobule axis, we used GAMs to analyze the correlation between
the activity scores of the four gene programs and the pseudospace.
Our findings revealed that the correlation strength derived from
existing methods was weaker than that from DeCEP (Fig. 4C).
Additionally, DeCEP exhibited higher variability in the overall ac-
tivity of the four detoxification-related gene programs along the
hepatic lobule axis compared with existing methods (Fig. 4D).
Here, we specifically focused on drug metabolism-cytochrome
P450 and glutamate metabolism, as they showed strong spatial de-
pendence (effect >0.6). Applying the same strategy as DeCEP to ex-
isting methods, we discretized activity scores to characterize the
cell states of these two gene programs. Unlike the distinct regional
enrichment observed with DeCEP states, the cell states generated
by other methods were scattered across the UMAP plot and lacked
biological significance (Supplemental Fig. S12). Our statistical
analysis of the associations between discrete cell states and lobule
regions indicated that the cell states provided by DeCEP were the
most regionally relevant (Fig. 4E). Overall, these results highlight-
ed the effectiveness of DeCEP and its complementary value to ex-
isting methods for fine-grained analysis of real biological data from
adult mouse liver scRNA-seq.

On the other hand, to further enhance the comprehensive-
ness of our comparison, we also compared DeCEP with CoGAPS,
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Figure 4. DeCEP achieves robust performance on the normal liver tissue data set. (A) Accuracy, sensitivity, specificity, and F1 score of detoxification-re-
lated gene program characterization using DeCEP and existing methods. (B) ROC curves and corresponding AUC values of DeCEP and existing methods in
the adult mouse liver scRNA-seq data. (C) Correlations between individual gene program activity scores and the pseudospace factor in DeCEP and existing
methods. (D) Strength of associations between overall gene program activity of detoxification-related gene programs and the pseudospace factor in DeCEP
and existing methods. (E) Associations between gene program activity states and hepatic lobule regions in DeCEP and existing methods. The contingency

coefficient and Cramer’s V are shown.
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a matrix factorization-based method (Fertig et al. 2010), in charac-
terizing liver detoxification function. Although CoGAPS is not
specifically designed for the direct quantification of specific gene
programs, this comparison underscores the unique advantages of
DeCEP in enabling the direct and independent characterization
of functional gene programs at both the gene and cellular levels.
Specifically, we applied CoGAPS to factorize the expression matrix
of hepatocytes into eight distinct patterns. Enrichment analysis
indicated that pattern 7 was associated with liver detoxification.
However, at the cellular level, the activity levels of pattern 7 did
not exhibit a significant gradient distribution along the hepatic
lobule axis. This may be attributed to the fact that pattern 7 also
exhibited significant enrichment for a range of other biological
functions, resulting in entangled signals that obscure the specific
contribution of liver detoxification and likely account for the ab-
sence of a clear spatial gradient. At the gene level, although the
marker genes for pattern 7 include several detoxification-related
genes, their significance is partially diminished by the presence
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of complex signals, which renders them less prominent within
the overall pattern (see Supplemental Fig. S13; Supplemental
Note 5).

We further evaluated the ability of DeCEP to characterize
gene programs in an ST data set from an adult mouse liver tissue
section (Fig. SA; Guilliams et al. 2022). First, based on the cluster-
ing results of the spots and the expression patterns of the marker
genes, we assigned the spots to the periportal, mid-lobule, and
pericentral regions (Fig. 5B; Supplemental Fig. S14A-D). The ex-
pression levels of zonation-related marker genes exhibited distinct
region-specific patterns (Supplemental Fig. S14E). We applied
DeCEP to identify the DeCEP states of the spots corresponding
to the two most spatially dependent gene programs mentioned
earlier. Our analysis revealed that the DeCEP states were consistent
with the changes observed across different regions of the hepatic
lobule (Fig. 5C). Quantifying the distribution of lobule regions
across different DeCEP states showed that spots with high
DeCEP states were mainly located in the pericentral region,
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Figure 5. DeCEP depicts the spatial dependence of detoxification-related gene programs in mouse livers. (A) Hematoxylin and eosin-stained tissue sec-
tion of an adult mouse liver. (B) Distribution of liver regions in the liver tissue section. (C) Distribution of DeCEP states for the two most spatially dependent
gene programs in the liver tissue section. (D,E) Proportions of overlap between different DeCEP states and three liver regions. (F) Associations between
hepatic lobule regions and gene program activity states identified by DeCEP and other existing methods. The Kendall’s tau-b correlation coefficient
and the conditional probability of the high DeCEP state given the pericentral region are shown. (G) Comparison of the proportions of hepatic lobule regions
across different gene program activity states identified by DeCEP and existing methods. The red dashed box highlights an abnormally high proportion of
the low spot states associated with glutamate and glutamine metabolism identified by existing methods in the pericentral region.
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whereas spots with low DeCEP states were predominantly located
in the periportal region (Fig. SD). Additionally, we assessed the dis-
tribution of the DeCEP states of spots across different lobule re-
gions, showing that the proportion of the DeCEP states related
to glutamate and glutamine metabolism exhibited more pro-
nounced discrepancies in different lobule regions (Fig. SE). This
signifies that the gene program activity associated with glutamate
and glutamine metabolism has greater spatial dependency, consis-
tent with the outcomes derived from single-cell analysis (Fig. 3D).

To evaluate the performance of DeCEP on adult mouse liver
ST data, we simultaneously applied existing methods to identify
the spot states of the same two gene programs. However, AUCell,
Vision, and UCell were unable to effectively identify the spot states
or produce meaningful results (Supplemental Fig. S15). Although
Seurat and VAM generated outputs, their ability to distinguish
spot states was limited, as the identified states did not align with
the spatial organization of the lobule regions (Supplemental Fig.
S15). Notably, the DeCEP states demonstrated the highest correla-
tion with different lobule regions compared with existing methods
(Fig. SF). We further analyzed the distribution of lobule regions
across different spot states and found that the low spot states asso-
ciated with glutamate and glutamine metabolism, identified by
Seurat and VAM, had an unusually high proportion in the pericen-
tral region (Fig. 5G), which contradicts the known physiology of
the liver (Ben-Moshe and Itzkovitz 2019; Manco and Itzkovitz
2021). This further confirmed the added value of DeCEP in analyz-
ing adult mouse liver ST data. Specifically, DeCEP effectively iden-
tifies the activity states of gene programs in specific locations
within the liver tissue section compared with existing methods.
This capability is essential for identifying specific spatial contexts
associated with functional phenotypes and for directly character-
izing gene programs within these contexts.

DeCEP elucidates the neuroinflammatory role of astrocytes in AD

Neuroinflammation (NI) is a typical feature of AD and is involved
in its pathogenesis and progression (Calsolaro and Edison 2016).
Astrocytes are a subtype of glial cells that act as essential regulators
of NI, which may have an impact on neurons (Colombo and Farina
2016). We applied DeCEP to a single-nucleus RNA sequencing
(snRNA-seq) data set from the hippocampus of AD and wild-type
(WT) mice, focusing on astrocytes. We distinguished between
two conditions of these cells, which represented high and low lev-
els of NI, termed NI-high and NI-low, respectively (Supplemental
Fig. S16; Supplemental Note 6). We treated the two conditions as
distinct cellular contexts and applied DeCEP in its “discrete”
mode to astrocytes within each context, aiming to decipher con-
text-specific neuroinflammatory gene programs. The DeCEP
scores for cellular senescence, chemokine signaling, HIF1A signal-
ing, IL6 signaling, and fatty acid degradation were employed to
characterize astrocyte senescence and potential regulation of NI.
The DeCEP scores for most of these gene programs were signifi-
cantly increased in NI-high astrocytes except for fatty acid degra-
dation, which was significantly decreased (Fig. 6A). The elevated
levels of chemokine, HIF1A, and IL6 signaling suggest that neuro-
inflammatory gene programs were abnormally activated in NI-
high astrocytes. A study showed that loss of astrocyte mitochon-
drial fatty acid degradation induces NI (Mi et al. 2023), which
was consistent with our results. We also applied other existing
methods to quantify the activity scores of these gene programs.
The results indicated that these methods were less effective than
DeCEP in distinguishing gene program activity between NI-high

and NI-low conditions (Fig. 6B; Supplemental Fig. S17), suggesting
the potential value of incorporating distinct cellular contexts into
gene program characterization.

The DeCEP scores for chemokine, HIF1A, and IL6 signaling
exhibited significant positive correlations with the DeCEP scores
of cellular senescence (Fig. 6C). In contrast, the correlations be-
tween the activity scores of neuroinflammatory gene programs
and those of cellular senescence, as measured by existing methods,
were notably weak (Fig. 6D). This observation further highlighted
the potential of DeCEP in capturing biologically relevant associa-
tions through fine-grained characterization of context-specific
gene programs. Additionally, using the functional networks in
NI-low astrocytes as controls, we obtained the NI-high functional
networks related to the three gene programs and identified many
hub genes (Fig. 6E,F; Supplemental Fig. S18). With respect to
chemokine signaling, we identified the most critical neuroinflam-
matory genes, Cxcl10, Ccl6, Gnail, and Cxcll (gene weight >2.5)
(Fig. 6F). With respect to HIF1A signaling, we successfully elucidat-
ed the regulation of Hifla by TIr4 (Supplemental Fig. S18).
Additionally, we performed corresponding ST analysis using AD
and WT mouse brain tissue sections (Supplemental Figs. S19-
$21; Supplemental Note 7; Choi et al. 2023).

DeCEP reveals the crucial role of cancer cell plasticity during
tumor progression

Tumor progression is closely related to the phenotypic plasticity of
cancer cells. This phenomenon results in a significant increase in
tumor invasiveness, eventually leading to tumor metastasis
(Gupta et al. 2019). To dissect this process, we applied DeCEP to
an scRNA-seq data set of human cutaneous squamous cell carcino-
ma (cSCC) (Ji et al. 2020), focusing on tumor keratinocytes
(Supplemental Fig. 22; Supplemental Note 8). Among the five
identified cell clusters (clusters 0-4), cluster 4 exhibited character-
istics of the epithelial-mesenchymal transition (EMT) phenotype.
Next, we performed pseudotime analysis to determine the pseudo-
time of each cell (Supplemental Fig. S23A,B). We selected several
key cancer-related gene programs and calculated the DeCEP scores
in “continuous” mode, using cell pseudotime ordering as the con-
tinuous cellular context. We defined the onset of EMT (indicated
as branch 1 in Supplemental Fig. 23A) as the transition point for
these gene programs, allowing us to capture dynamic changes oc-
curring before and after EMT. The results revealed that the DeCEP
scores of these cancer-related gene programs generally increased
with increasing pseudotime (Fig. 7A). Notably, TGFB signaling,
Wnt signaling, and focal adhesion exhibited strong pseudotime
dependence, with significant effects exceeding 0.6 (Fig. 7B).
Additionally, we applied existing methods to quantify the activity
of these cancer-related gene programs in the cells. The findings
demonstrated that DeCEP exhibited higher correlations with pseu-
dotime compared with existing methods, both at the level of indi-
vidual gene programs (Fig. 7C) and in the overall trend (Fig. 7D),
indicating the capability of DeCEP to capture the dynamic vari-
ability of gene programs within specific contexts.

Focusing on the three most pseudotime-dependent gene pro-
grams given by DeCEP, we identified several pseudotime-depen-
dent hub genes. These findings suggest that, during cancer
progression, the expression of these hub genes at a given time
may potentially trigger the expression of a cascade of genes at sub-
sequent time points, such as SMAD9 in TGFB signaling and BAMBI
in Wnt signaling (Fig. 7E; Supplemental Fig. S24). Additionally, as
cells with high DeCEP states related to focal adhesion were
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Figure 6. DeCEP identifies gene programs in astrocytes under different inflammatory conditions. (A) Density plots of known neuroinflammatory gene
programs under NI-high and NI-low conditions. The DeCEP scores of NI-high and NI-low astrocytes were compared. The one-sided Wilcoxon rank-sum
test: (***) P<0.001, (**) P<0.01. (B) Associations between NI conditions and gene program activity scores calculated by DeCEP and other existing
methods. The Kendall’s tau-b correlation coefficient is shown. (C) Correlation coefficients (r) of the DeCEP scores for cellular senescence versus other neuro-
inflammatory gene programs. Spearman’s rank correlation. (D) Comparison of correlation coefficients (r) between cellular senescence and neuroinflam-
matory gene program activity scores, as calculated by DeCEP and existing methods. Spearman’s rank correlation. (E) Weights of several hub genes
associated with these neuroinflammatory gene programs under the NI-high condition. (F) The NI-high-specific functional network of chemokine signaling.

The genes highlighted in red are key hub genes.

enriched in a larger proportion of cluster 4, we inferred that
TGFB and Wnt signaling may become active earlier than focal ad-
hesion (Fig. 7F), suggesting that TGFB and Wnt signaling have po-
tential regulatory effects on focal adhesion. In contrast to the
cell states determined by DeCEP, the cell states identified by
existing methods were more scattered across the UMAP plot
(Supplemental Fig. S25). Here, we examined the associations be-
tween the cell states of the gene programs and cell clusters using
both DeCEP and existing methods, showing that the DeCEP states
exhibited stronger correlation with cell clusters, particularly for
the two gene programs related to TGFB and Wnt signaling (Fig.
7G).

We also conducted ST analysis on a human cSCC tissue sec-
tion (Ji et al. 2020), clustering the spots into 10 clusters, labeled
clusters 0-9 (Fig. 8A,B). To validate the inference from the preced-

ing paragraph, we mapped the DeCEP states of TGFB and Wnt sig-
naling to these spots. The spots with high DeCEP states for both
gene programs were primarily concentrated in clusters 2 and 5
(Fig. 8C,D). Differential expression analysis revealed that several
genes associated with the tumor microenvironment (TME) were
significantly upregulated in clusters 2 and 5, suggesting that these
spots with high DeCEP states are likely associated with the TME
(Supplemental Fig. S26A; Supplemental Table S1). We also ob-
served that clusters 3, 8, and 9 showed high expression of TME-re-
lated genes, but the spots in these clusters did not exhibit
significantly high DeCEP states. To further explore these differenc-
es, we performed additional analyses comparing clusters 3, 8, and
9 with clusters 2 and 5 (Supplemental Note 9). Additionally, en-
richment analysis indicated that, compared to spots with low
DeCEP states, spots with high DeCEP states for both gene
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Figure 7. DeCEP uncovers dynamically evolving gene programs in tumor keratinocytes during tumor progression. (A) Distribution of DeCEP scores for

cancer-related gene programs over pseudotime. (B) Strength of associations between the DeCEP scores and the pseudotime factor. (C) Correlations be-
tween individual gene program activity scores and the pseudotime factor in DeCEP and existing methods. (D) Strength of associations between overall
gene program activity of cancer-related gene programs and the pseudotime factor in DeCEP and existing methods. (E) Weights of the hub genes associated
with the dynamically evolving gene programs. (F) Comparison of proportions of five cell clusters (clusters 0—4) in high and low DeCEP states. (G)
Associations between gene program activity states and cell clusters between DeCEP and existing methods. The contingency coefficient and Cramer’s V

are shown.
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Figure8. DeCEP depicts the spatial characteristics of gene programs during tumor invasion. (A) Hematoxylin and eosin-stained tissue section of a human
cSCC sample. (B,C) Distribution of spatial domains derived from spatial clustering (B) and the DeCEP states for the two gene programs regulating cancer
progression (C) in the cSCC tissue section. (D) Comparison of the proportions of the two gene programs with high DeCEP states across different spatial
domains. (E) The ROIs and corresponding neighborhoods are distributed adjacently on the tissue section. (F) Weights of the hub genes involved in TGFB
and Wnt signaling with high DeCEP states as the ROIs. (G) The DeCEP scores in the ROIs and corresponding neighborhoods for the two gene programs
underlying local tumor invasion. (H) Associations between spot clusters and gene program activity scores identified by DeCEP and existing methods. The
Spearman’s correlation coefficient (r) is shown. (/) Associations between the gene program activity scores for TGFB and Wnt signaling identified by DeCEP
and existing methods. The Spearman’s correlation coefficient (r) is shown. (J) Correlation coefficients (r) of the DeCEP scores in the ROls and ribosomal gene

expression levels in the neighborhoods. Spearman’s rank correlation.

programs were most enriched in focal adhesion and ECM-receptor
interaction (Supplemental Fig. S26B). These results support the po-
tential regulatory effects of TGFB and Wnt signaling on focal adhe-
sion, accompanied by interactions between the invasive tumor
and the TME.

To explore the factors influencing the spots with high DeCEP
states of TGFB and Wnt signaling, we selected the regions contain-
ing these spots as ROIs. Using DeCEP in its “spatial” mode, we
identified both the spots and their surrounding neighborhoods
as spatial contexts associated with the tumor invasion phenotype.
Further analysis revealed that the ROIs and their corresponding
neighborhoods exhibited heightened levels of active cell-cell com-
munication within these spatial contexts compared with other

spots (Fig. 8E; Supplemental Fig. S27). We identified several spa-
tially dependent hub genes that may regulate the phenotypic plas-
ticity of cancer cells in the TME, which is crucial for local invasion
(Fig. 8F). The DeCEP scores displayed a gradual increase in activity
from the surrounding neighborhoods to the ROISs, reflecting pro-
gressive tumor invasion (Fig. 8G). We also assessed existing meth-
ods for calculating spot scores for the same two gene programs. The
results indicated that the variability of activity scores across differ-
ent spot clusters was lower for these existing methods than for
DeCEP (Fig. 8H; Supplemental Fig. S28). Moreover, the correla-
tions between the activity scores for the two gene programs calcu-
lated by existing methods were weaker than those derived using
DeCEP (Fig. 8I). Correlation analysis between the DeCEP scores
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of the ROIs and gene expression in the surrounding neighborhoods
revealed a significant number of ribosomal genes that were posi-
tively correlated with the DeCEP scores (Fig. 8]), suggesting ongo-
ing protein synthesis during tumor invasion. Such insights could
not be captured using existing methods. Specifically, the spatial
contexts associated with the tumor invasion phenotype identified
through DeCEP provide a valuable foundation for obtaining fine-
grained information in a function-centric manner. By effectively
identifying the ROIs and their neighborhoods, DeCEP enhances
the diversity of hierarchical data analysis and interpretation.
Compared to existing methods, DeCEP focuses on the quantifica-
tion of specific spatial contexts, better capturing the variability of
cancer-related gene program scores along spatial gradients.

Discussion

In this work, we developed DeCEP, which leverages directed
graphs and functional gene lists to decipher context-specific
gene programs from scRNA-seq and ST data. DeCEP uses directed
graphs to model context-specific functional networks to reveal
the transcriptional coregulation of functional genes across differ-
ent cellular or spatial contexts. DeCEP exploits the intrinsic graph
structure to characterize gene programs within specific contexts,
distinguishing it from other existing methods. This capability is
crucial for identifying heterogeneous expression patterns for
gene programs in complex biological systems. Furthermore,
DeCEP employs the topology of functional networks to identify
context-dependent hub genes and weights these genes to quantify
the activity of gene programs in individual cells or spatial loca-
tions, denoted as DeCEP scores. In this way, by mapping function-
al gene programs from the molecular to cellular or spatial
dimensions, the outcomes of DeCEP can be more biologically in-
terpretable and insightful. DeCEP can also discretize DeCEP scores
from scRNA-seq data into distinct DeCEP states. This depiction
stands apart from conventional cell clustering, bringing a diversity
of data interpretations. Such scRNA-seq data with the assigned
DeCEP states can further serve as a valuable reference for identify-
ing ROIs in the corresponding ST data.

We benchmarked DeCEP using both simulated and real bio-
logical data. By evaluating the ability of different methods to cap-
ture biologically relevant signals that potentially reflect gene
program activity within specific contexts, we indirectly inferred
their potential to characterize context-specific gene programs.
The results showed that DeCEP is capable of more precisely captur-
ing subtle similarities and differences among cells within these
contexts, further demonstrating its capability in extracting infor-
mation for fine-grained data analysis. Although the evaluation
does not directly reflect the overall superiority of one method
over another, it provides support for the effectiveness and robust-
ness of DeCEP. Furthermore, in analyses of multiple real biological
data, DeCEP exhibited an enhanced ability to reveal additional bi-
ological insights relative to existing methods.

In fact, DeCEP and existing methods are suitable for different
application scenarios. Existing gene set scoring methods allow rap-
id and direct functional quantification of large numbers of cells
with unknown labels (Noureen et al. 2022), thus facilitating initial
data exploration. Although DeCEP is not suitable for such large-
scale analyses, it provides indispensable complementary value
for further fine-grained data analysis. It is specifically appropriate
for microlevel characterization of gene programs within specific
contexts, particularly those exhibiting pronounced transcription-
al heterogeneity. At the cellular level, DeCEP’s enhanced ability to

sensitively detect biologically relevant signals enables a fine-
grained dissection of gene program activity in individual cells,
thereby uncovering subtle yet meaningful biological insights.
Furthermore, at the gene level, DeCEP facilitates the identification
of heterogeneous transcriptional coregulation of functional gene
programs in complex biological systems, as demonstrated by the
application to AD and cancer data. Because existing gene set scor-
ing methods lack steps for constructing gene networks, they are
unable to identify hub genes, which limits the comprehensiveness
of their results.

The lack of a direct comparison between DeCEP and existing
methods at the gene level poses a challenge in assessing its
effectiveness in characterizing gene programs at this scale.
Nonetheless, the functional network construction of DeCEP pri-
marily aims to capture the transcriptional coregulation of gene
programs within specific contexts, laying the foundation for
mapping these heterogeneous expression patterns from the gene
level to the cellular level. Therefore, the evaluation of DeCEP in
characterizing gene programs at the cellular level within specific
contexts indirectly reflects its accuracy at the gene level. This
inference is supported by comparative analyses conducted by
breaking down the components of the DeCEP framework in
both simulated and normal liver tissue data sets (Supplemental
Figs. S6, S11).

Additionally, the innovative combination of directed graphs
and a priori functional gene lists enables DeCEP to tailor the char-
acterization of gene programs with a functional orientation.
Its function-centric direct acquisition strategy avoids de novo
identification or mutual interference of gene programs found in
matrix factorization-based methods. This allows for the direct
and independent characterization of distinct functional gene pro-
grams at both the gene and cellular levels, thereby improving
interpretability.

On the other hand, compared with existing methods, DeCEP
can conduct detailed spatially dependent characterization of gene
programs on ST data. Its versatility has been validated in multiple
data sets. Indeed, the analysis strategy employed by DeCEP for ST
data is significantly different from existing methods. Existing
methods assume that functional genes, which represent gene pro-
grams, exhibit uniform transcriptional coregulation across a given
entire tissue section. Consequently, they advocate for directly
characterizing gene program activity consistently across spatial lo-
cations within the section, overlooking the significant transcrip-
tional heterogeneity present in ST data and the potential spatial
dependence of gene programs. In contrast to these existing meth-
ods, DeCEP utilizes scRNA-seq data, in which each cell has been
labeled with a clearly defined DeCEP state, as a reference to
determine the DeCEP states of spatial locations within the ST
data. Spatial locations that exhibit the same DeCEP state reflect
the potential for a shared functional phenotype. By leveraging
this specific phenotype and considering the distance between spa-
tial locations, DeCEP can delineate specific ROIs and their neigh-
borhoods. This approach enhances the diversity and depth of ST
data interpretation. Moreover, by focusing on specific ROIs and
their neighborhoods, DeCEP can comprehensively consider spa-
tial contexts during the process of functional network construc-
tion and the quantification of spatial locations. Although the
differing logical frameworks of DeCEP and existing methods for
ST data hinder direct comparability, we conducted a comprehen-
sive analysis comparing DeCEP with existing methods using real
biological data. The performance metrics suggest that DeCEP pro-
vides enhanced characterization of spatially dependent gene
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programs within spatial contexts relative to existing methods (see
Supplemental Note 10).

We acknowledge several limitations of this study. First, al-
though DeCEP enables direct and independent characterization
of specific gene programs in a function-centric manner, its current
design may limit the discovery of previously unrecognized genes
involved in biological processes. Second, for ST data, DeCEP de-
pends on scRNA-seq data as a reference, which may reduce its con-
venience for use. Moreover, DeCEP is exclusively applicable to
sequencing-based ST data and does not support imaging-based
ST data (for further discussion, see Supplemental Note 11).

Methods

Details of the DeCEP framework

DeCEP is a comprehensive framework for identifying context-spe-
cific gene programs in single-cell and ST data.

Data preprocessing of scRNA-seq data

First, DeCEP requires the functional gene list obtained from data-
bases as prior knowledge, denoted as G={g3, &2, ..., §u}. Here, n de-
notes the number of genes in the functional gene list. The raw gene
expression matrix requires library size normalization and log,
transformation. The normalized expression matrix of a total of p
cells and g genes is denoted as X = [x;] € RY*?, in which x; repre-
sents the expression of genej in cell i. DeCEP also requires clear cel-
lular context labels (such as cell types, cell states, and disease
conditions) to characterize context-specific gene programs.

DeCEP classifies cellular context labels into “discrete” and
“continuous” types. If the cellular context labels are discrete,
DeCEP selects cells based on the labels’ categories (K= {ky, kz, ...,
kn}) and filters to obtain multiple subsets of X, denoted as
X, ERY™ i€ 1,2, ..., m where p; is the number of cells with
a cellular context label k;, and m denotes the total number of dis-
crete label categories. If the cellular context labels are continuous
(T={t;, t ..., t)), DeCEP employs the time-lag method
(Chaitankar et al. 2010) to transform X into a processed matrix
that contains context-specific information. DeCEP arranges the
cells in ascending order of T, uses the user-defined AT as the tran-
sition point for the functional gene program that may influence
cell fate decisions, and processes X to generate two matrices: Xy, €
R and Xy, € RY2*7 | Here, T, represents the cellular con-
text before AT, and T, represents the cellular context after AT.
Specifically, pr, and pr, correspond to the cells with cellular con-
text labels from t; to (t, — AT) and from (t; + AT) to t,, respectively,
and gr, and ¢r, indicate the genes associated with T; and T>.
DeCEP then concatenates X, and X7, by columns to create the
processed matrix X, € Rﬁ”x(% ") Here, par is the number of
rows of the concatenated matrix. Each row contains concatenated
gene expression values from a pair made up of one cell within T
and another cell within T,. This transformed matrix based on
the time-lag method allows for the exploration of the dynamic var-
iability of gene programs before and after AT.

Finally, DeCEP matches the processed matrix with n genes in
the functional gene list and obtains a p; x n’ matrix or a par x
("'r, + n'r,) matrix as inputs for the next step in the “discrete” or
“continuous” modes, respectively. Additionally, if n’ < 0.5n, the
number of genes matching the functional gene list is insufficient
to characterize the gene program adequately. Because the number
of genes across different functional gene lists varied significantly,
we empirically set the threshold to half of the number of genes
in each functional gene list. Before constructing functional net-
works, DeCEP performs Z-score normalization on the input data.

Functional network construction from scRNA-seq data

DeCEP employs PGMs (Koller and Friedman 2009) to construct
context-specific functional networks. In the “discrete” mode,
DeCEP constructs context-specific functional networks for each
of the multiple subsets generated by the preprocessing step, respec-
tively. In the “continuous” mode, DeCEP constructs functional
networks using the transformed processed data containing con-
text-specific information. Each network construction corresponds
to a specific functional gene list.

The graphical structure G = (V, E) represents the coordinated
effect of the genes in the functional gene list, where V={vy, v, ...
vn} is a set of nodes representing genes, and E is a directed edge set
representing the regulatory effect between genes. Here, N refers to
the total number of genes available for constructing the functional
network after matching and filtering. Each node v; corresponds to
arandom variable X;. The joint probability distribution of X ={X;,
X3, ..., Xy} can be written as follows:

N
PX) = HP(Xilxpu(i))v
=1

I

where X,,,;) is a set of parent nodes of node X;. Considering that X
is a set of continuous random variables, the joint probability distri-
bution can be expressed as follows:

PXilX paiy) = N | Xil Z w;iXj + b;, Vi),
jEpali)
where w;; and b; are parameters governing the mean, and v; is the
conditional variance of X; given its parents.

DeCEP employs the max-min hill-climbing (MMHC) algo-
rithm (Tsamardinos et al. 2006) for learning the graph structure.
It tests conditional independence with Pearson’s correlation,
builds the graph skeleton based on the max-min heuristic, and
then performs a constrained greedy hill-climbing search to calcu-
late the Bayesian information criterion (BIC) scores (Penny et al.
2007), given by

N
Ox,
BICscore(G; D) = Z[logP(Xi|Xpa(i) - %logN]’

i=1

where G represents the graph for which the BIC score is calculated,
D is a data set from X, and |6x,| is the number of parameters of X;.
Finally, DeCEP maximizes the BIC score and determines its corre-
sponding G as the optimal graph structure.

DeCEP adopts the bootstrap strategy (Hesterberg 2011) to in-
crease the robustness of the edges by sampling C cells with replace-
ment each time and iterating 100 times, where C is the number of
cells within a specific cellular context. DeCEP retains edges that ap-
pear M (M >10 xlog,0C) times out of 100 times and defines M/100
as the edge strength. We set this empirical threshold by incorporat-
ing the number of occurrences in 100 iterations and the number of
sampled cells. The weight of each node is defined as the sum of the
edge strengths when it is a parent node. Nodes with high weights
are assigned by DeCEP as hub genes in the gene program. When
DeCEP is running in “continuous” mode, it is mandatory to spec-
ify genes in T; as parent nodes and genes in T, as child nodes.
When running in “discrete” mode, there is no mandatory
requirement.

Cell identity characterization from scRNA-seq data

DeCEP quantifies the activity of context-specific gene programs
based on the weight of genes in the corresponding functional
gene list. Accurately quantifying gene program activity is
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challenging owing to the sparsity and noise inherent in scRNA-seq
data (Ldhnemann et al. 2020). DeCEP adopts a strategy that incor-
porates an imputation step to recover the true gene expression lev-
el for each gene in cells within a specific cellular context.
Specifically, to enhance the gene expression within the functional
gene list reflecting the gene program, DeCEP applies MAGIC
(van Dijk et al. 2018) to impute probable gene expression in
each cell, thereby generating the imputed functional gene matrix
X5 € R{“"“‘ N , where p.on: refers to the number of cells within a spe-
cific cellular context, and N denotes the number of genes from the
functional gene list that are included in the quantification process
based on the constructed network. The weight of N genes is denot-
ed by a vector w € RY*!. The weighted sum of these functional
genes can be expressed as follows:

Kys = X5 W(Xys € RED),

This process assigns a value to each cell, which is then divided by N
to calculate the unbiased normalized contribution of genes to the
gene program. This value represents the gene program activity
score for each cell, referred to as the DeCEP score. Furthermore,
DeCEP draws on the Fisher-Jenks algorithm (North 2009) to find
natural breaks for the DeCEP scores, which can discretize the
gene program activity from numerical scores into three DeCEP
states: high, medium, and low. Specifically, this algorithm aims
to identify class intervals for continuous numerical variables that
minimize within-group variance while maximizing between-
group variance. We incorporated this strategy into DeCEP to accu-
rately determine the state of cells, utilizing the R package classInt
with the parameter n set to three (R Core Team 2022).

Data preprocessing of ST data

Like scRNA-seq data, the raw gene expression matrix requires li-
brary size normalization and log, transformation. The normalized
expression matrix of p spots and g genes is denoted as
X = [xj] € RP*, in which x; represents the expression of gene j
in spatial location i. Each spatial location corresponds to a two-di-
mensional coordinate (x;, y;). DeCEP also requires an scRNA-seq
data set in which DeCEP has been performed as a reference, draw-
ing on RCTD (Cable et al. 2022) to map the DeCEP states of the
cells to spatial locations. Specifically, RCTD (Cable et al. 2022) is
a deconvolution method that generates probability values for
each spot in the ST data, indicating its likelihood of belonging to
high, medium, or low DeCEP states based on the scRNA-seq refer-
ence. To enhance the accuracy of this process, DeCEP applies strict
thresholds. Using the Fisher-Jenks algorithm, it identifies natural
breaks in the probabilities associated with a specific state and clas-
sifies the spots into three categories: low, medium, and high. A
spot is assigned to the specific state only if it is classified as high
and its probability exceeds 0.4. If spots do not exhibit dominant
DeCEP states, they are assigned as mixed states. A “mixed” spot re-
fers to a location containing cells with multiple DeCEP states, sug-
gesting potential spatial variation in gene program activity. Such
variations often provide valuable biological insights. Users can an-
alyze mixed-state spots using the same approach as for spots with
high, medium, or low states.

Users can specify the ROI by referring to the DeCEP states of
spots. Notably, the ROI contains spatial locations within a tissue
section when a specific gene program manifests a shared pheno-
type. The ROl is not constrained solely to adjacent spots, thus pro-
viding flexibility in defining spatial contexts based on biological
relevance. DeCEP identifies the neighborhood of the user-speci-
fied ROI by calculating the Euclidean distance (d) between the
spots inside the ROI and those outside the ROI using the following

formula: d = \/ (X1 — x2)% + (o yz)2 . This distance measurement

helps DeCEP determine the spatial relationships between the spots
within and outside the specified ROI. DeCEP uses a user-specified
distance threshold r to flexibly identify neighboring spots for each
spot within a specific ROI, accommodating both one-to-one and
one-to-multiple mappings. Specifically, if the distance between a
spot within the specified ROI and another spot outside the ROI sat-
isfies d <r, DeCEP designates the latter as the neighboring spot of
the former. In the case of multiple mappings, DeCEP calculates
the arithmetic mean of gene expression values from neighboring
spots to create a synthetic pseudospot, which is then paired with
the corresponding actual spot in the ROL In this way, the paired

data X, € RY” X(rortinaghomood) 5o ohtained. Here, pspis the number
of rows of the concatenated matrix. Each row contains concatenat-
ed gene expression values from a pair made up of one actual spot
within the specified ROI and either another actual spot or a syn-
thetic pseudospot from the corresponding neighborhood. As a re-
sult, the processed matrix generated from this data transformation
contains spatial context information. Subsequently, functional
gene list matching and feature scaling are conducted in a similar
manner to single-cell expression data processing.

Phenotypic characterization of the ROI and its neighborhoods

The strategies for functional network construction, hub gene iden-
tification, and DeCEP score quantification are consistent with
those for scRNA-seq data. Similarly, the transformed processed
data containing context-specific information are directly used. In
the “spatial” mode of DeCEP, it is mandatory to specify genes in
Gneighborhood as parent nodes and genes in gror as child nodes to
capture the impact of neighborhoods on the ROIs. Establishing
such constraints is beneficial for exploring the variability of gene
programs and underlying biological insights within spatial con-
texts. Moreover, capturing this directional influence is particularly
valuable for understanding hierarchical regulatory factors associat-
ed with the ROIs that users are truly interested in. More explana-
tions can be found in Supplemental Note 12. DeCEP draws on
stLearn (Pham et al. 2023) to impute spatial gene expression before
calculating the DeCEP scores of the ROI and its neighborhood.

Simulation data

To effectively benchmark DeCEP, we simulated a series of sSCRNA-
seq data sets using Splatter (Zappia et al. 2017) and generated the
corresponding simulated gene programs. Further details are pro-
vided in the Supplemental Methods.

Existing methods for benchmarking

To evaluate the performance of DeCEP in characterizing context-
specific gene programs, we benchmarked it against the following
five existing methods: Seurat, AUCell, Vision, VAM, and UCell.
The specific parameters used for each method are detailed in the
Supplemental Methods.

Evaluation metrics

To evaluate the performance of DeCEP in “discrete” mode, we em-
ployed both supervised and unsupervised approaches. For the
supervised evaluation, we reported the accuracy, sensitivity, spe-
cificity, F1 score, and AUC. To ensure fairness in comparison, the
same input data were used for both DeCEP and existing methods.
Classification labels were not provided to DeCEP during the eval-
uation process, thereby avoiding potential information leakage.
Further details are provided in Supplemental Note 13. For the
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unsupervised evaluation, we reported the mean SC. In the “contin-
uous” mode, we used a regression-based approach and assessed
performance based on the goodness of fit. For details, please refer
to the Supplemental Methods.

Collection of data sets and functional gene lists

All data sets analyzed in this study are publicly available. Details of
the data sets and functional gene lists can be found in the
Supplemental Methods. Additional information on standard anal-
yses is also provided in the Supplemental Methods.

Software availability

DeCEP is an open-source R package available at GitHub (https://
github.com/Lin-bioinfo/DeCEP). The source code and test data
are also deposited on Figshare (https://figshare.com/articles/
software/CoGPS/25976749) and as Supplemental Code.
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