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Dissecting multilayer cell–cell communications
with signaling feedback loops from spatial
transcriptomics data

Lulu Yan,1,4 Jinyu Cheng,2,4 Qing Nie,3 and Xiaoqiang Sun1
1School of Mathematics, Sun Yat-sen University, Guangzhou 510275, China; 2Zhongshan School of Medicine, Sun Yat-sen
University, Guangzhou 510080, China; 3Department of Mathematics and Department of Developmental and Cell Biology,
NSF-Simons Center for Multiscale Cell Fate Research, University of California Irvine, Irvine, California 92697, USA

The emergence of spatial transcriptomics (ST) provides unprecedented opportunities to better decipher cell–cell commu-

nication (CCC). How to integrate spatial information and complex signaling mechanisms to infer functional CCC, however,

remains a major challenge. Here, we present stMLnet, a method that takes into account spatial information and multilayer

signaling regulation to identify signaling feedback loops within multilayer CCCs from ST data. To this end, stMLnet quan-

tifies spatially dependent ligand–receptor signaling activity based on diffusion and mass action models, and maps it to in-

tracellular targets. We benchmark stMLnet against seven representative methods and find that stMLnet performs better in

both intercellular ligand–receptor inference and intracellular target gene prediction. We apply stMLnet to analyze data

from diverse ST techniques like seqFISH+, Slide-seq v2, MERFISH, and Stereo-seq, verifying its robustness and scalability

on ST data with varying spatial resolutions and gene coverages. Particularly, stMLnet reveals multilayer signaling feedback

loops underlying the inflammatory response in ST data of COVID-19-infected lung tissue. Our study provides an effective

tool for dissecting multilayer ligand/receptor-target regulation and multicellular signaling circuits from ST data, which can

advance understanding of the mechanistic and functional roles of spatial CCC.

[Supplemental material is available for this article.]

The coordinated activities of cells serve as fundamental building
blocks for achieving the fate and function of multicellularity,
with cellular activities dependent on cell–cell interactions among
different cell types and tissues within an organism. Cells interact
in different ways, such as physical cell-to-cell contact (e.g., cell
adhesion) and biochemical cell–cell communication (CCC) medi-
ated by diffusible molecules (Armingol et al. 2021). Among these
interactions, CCC plays a pivotal role in multicellular physiologi-
cal processes, primarily mediated through signaling events of li-
gand–receptor (L-R) binding, which induces downstream
responses shaping development, differentiation, or homeostasis
(Pires-daSilva and Sommer 2003; Quail et al. 2016; Armingol
et al. 2021; Moss et al. 2021). Dysregulation of CCC often contrib-
utes to the development and progression of many diseases (Pires-
daSilva and Sommer 2003).

Recently, single-cell RNA sequencing (scRNA-seq) technology
enables sequencing of tissues with unprecedented resolution and
gene coverage (Svensson et al. 2018). Consequently, many recent
studies have developed CCC inference tools aimed at deciphering
the mechanisms of CCC from scRNA-seq data (Browaeys et al.
2020; Cillo et al. 2020; Efremova et al. 2020; Zhang et al. 2020;
Cheng et al. 2021; Jin et al. 2021; Noël et al. 2021; Hu et al.
2021b; Wilk et al. 2024). These CCC inference methods can be di-
vided into two categories (Luo et al. 2023). One is to infer intercel-
lular L-R signaling networks. For instance, CellChat (Jin et al.
2021), CellPhoneDB (Efremova et al. 2020), ICELLNET (Noël
et al. 2021), and CellTalker (Cillo et al. 2020) infer CCC between

cell populations by analyzing cell type–specific expression of li-
gands and receptors, whereas Scriabin (Wilk et al. 2024) infers in-
tercellular communication at single-cell resolution. The other
category is inferring both intercellular and intracellular signaling
networks, such as scMLnet (Zhang et al. 2020; Cheng et al. 2021;
Ni et al. 2022), NicheNet (Browaeys et al. 2020), and CytoTalk
(Hu et al. 2021b), which predict links between ligand/receptor
and downstream genes by considering intracellular signaling.
These CCC inference tools have beenwidely applied across various
systems (Bonnardel et al. 2019; Hu et al. 2021a; Kuppe et al. 2021).
However, because of the lack of positional information in scRNA-
seq data, the CCC inference methods based on scRNA-seq data
cannot utilize the spatial information of cells andmay produce po-
tential false positives and false negatives.

Spatial transcriptomics (ST) can simultaneouslymeasure gene
expression and location information of cells or spots (Longo et al.
2021), and its emergence is beneficial to solving the above prob-
lems (Armingol et al. 2022; Walker et al. 2022). Although the
scRNA-seq data-based tools have been often applied to infer
CCCs in ST data (Dries et al. 2021; Hao et al. 2021; Palla et al.
2022; Pham et al. 2023;Wilk et al. 2024), a few specifically tailored
methods designed for ST data (Shao et al. 2022; Tanevski et al.
2022; Cang et al. 2023; Fischer et al. 2023; Li et al. 2023; Jin
et al. 2025) have been developed very recently. For example,
MISTy utilizes explainable machine learning models to extract
the spatially constrained intercellular links between ligands/recep-
tors and target genes (TGs) (Tanevski et al. 2022). COMMOTbuilds
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a collective optimal transport model to infer L-R connections for
cells/spots in the ST data, considering competition among multi-
ple molecular species and spatial distances between cells (Cang
et al. 2023). NCEM constructs node-centric expression models
based on graph neural networks to predict cell’s observed gene ex-
pression vector (Fischer et al. 2023). In addition, CytoSignal (Liu
et al. 2024) and DeepTalk (Yang et al. 2024) decipher spatial
CCC at single-cell resolution. Although these methods provide
promising advancement in CCC inference, the elaborate mecha-
nisms underlying CCC have not been fully exploited. In fact, the
signalingmechanismswithinCCCencompass not only intercellu-
lar L-R interactions but also intracellular signal transduction and
transcriptional regulation, involving receptor–transcription factor
(R-TF) pathways and transcription factor–target gene (TF-TG) in-
teractions. Hence, these elements constitute amultilayer signaling
network (Zhang et al. 2020; Cheng et al. 2021; Ni et al. 2022).
However, current ST data–based CCC methods seldom consider
multilayer signaling network structure involved in CCCs.
Moreover, existingmethods fall short on capturing signaling feed-
back loops among cells that are important for understanding mul-
ticellular organizations in a systematic manner (Su et al. 2014;
Barone et al. 2017; Jing et al. 2021).

To address the above challenging gap, we present stMLnet, an
ST-based multilayer network method for inferring multilayer sig-
naling paths andmulticellular signaling feedback circuits involved
in CCCs. stMLnet integrates two scales (i.e., intercellular scale and
intracellular scale) and four layers (i.e., L-R-TF-TG), facilitating the
identification of feedback loops amongmulticellular signaling sys-
tems. To this end, we first construct a comprehensive signaling
molecule interaction database stMLnetDB, which contains the
multilayered signaling structure of “L-R-TF-TG.” Next, stMLnet
mechanistically quantifies the spatially dependent L-R signaling
activity based on a mathematical model of ligand diffusion and
the L-R interaction. It then quantitatively maps the intercellular
L-R signals to intracellular gene expressions using explainable ma-
chine learning. Together, our method provides a unified frame-
work for multiscale inference of spatial CCC through a model
and data codriven approach.

Results

Overview of stMLnet

stMLnet requires a gene expression matrix, a cell location matrix,
and cell type annotations from ST data as user input (Fig. 1A). It in-
fers CCCby integrating this input datawith prior knowledge of the
interactions between signaling ligands, receptors, transcription
factors (TFs), and TGs. Upon receiving input data, stMLnet models
intercellular and intracellular communications through the fol-
lowing four modules.

Construction of prior knowledge base

We curated multiple literature-supported databases that encom-
pass various molecular interactions, such as L-R interactions, sig-
naling pathways, and transcriptional regulation. These prior
databases were integrated using random walk with a restart algo-
rithm on directed weighted graphs, resulting in the construction
of our in-house knowledge base, stMLnetDB (see details in
Methods section and Supplemental Text S1, S2). stMLnetDB is or-
ganized into three subdatabases: LigRecDB, RecTFDB, and
TFTGDB. This comprehensive database captures themultilayer sig-

naling structure of “L-R-TF-TG,” providing a robust foundation for
studying complex intercellular communication processes (Fig. 1B).

Inference of multilayer signaling network

To predict significant multilayer signaling networks, we first iden-
tify specific ligand genes, receptor genes, and feature genes from
the input data. Next, stMLnet utilizes LigRecDB to search for the
paired links between the identified ligands and receptors, con-
structing a Lig-Rec subnetwork. Feature genes are then intersected
with the TG nodes in TFTGDB and linked to their corresponding
TFs to form a TF-TG subnetwork. Subsequently, the TF nodes in
the TF-TG subnetwork are matched with RecTFDB to construct
the Rec-TF subnetwork. The Lig-Rec subnetwork is further updated
by incorporating receptor nodes involved in the Rec-TF subnet-
work. Additionally, a Fisher’s exact test can be applied to further
refine the network by filtering out inactive TFs, receptors, and their
associated interactions. Finally, the individual subnetworks are in-
tegrated to construct a comprehensive multilayer signaling net-
work (Fig. 1C).

Quantification of spatially dependent L-R signaling activity

Based on the assumption of ligand diffusion, stMLnet quantifies
L-R signaling activity by considering that the ligand signal inten-
sity sensed by the receiver cell is inversely proportional to the dis-
tance from the sender cell to the receiver cell and then calculates
the spatially dependent L-R signaling strength according to the
law of mass action (Fig. 1D).

Prioritization of L-R pairs contributing to TG expression

Because of the complex nonlinear regulation relationships be-
tween L-R pairs and TGs, stMLnet employs random forest regres-
sion to associate L-R activity with TG expression. For each TG,
stMLnet trains a random forest model and calculates the impor-
tance score of each upstreamL-R pair to the TG expression, thereby
ranking L-R pairs that mediate spatially resolved CCC (Fig. 1E). In
addition, we refined the permutation importance score to assess
the individual contribution of L or R alone to the TG expression,
which is referred to as the partial importance score.

The output of stMLnet includes the multilayer signaling net-
work (L-R-TF-TG), L-R signaling activity, and importance ranking
of L-R pairs or L-Rs with respect to their abilities to regulate TG ex-
pression. Therefore, stMLnet provides various visualization meth-
ods to display the results more intuitively (Fig. 1F). For instance,
the heatmap plot of the CCC network shows the number of L-R
pairs between any pair of two cell groups; the bubble plot depicts
the signaling activity of different L-R pairs from the sender cell
group to the receiver cell group; the waterfall plot displays the sig-
naling paths with importance scores from upstream L-R pairs to
TFs and then to the downstream TGs; and themulticellular signal-
ing circuit indicates the inferred feedback loop between different
cell types.

Performance comparison of stMLnet with other methods

To benchmark stMLnet, we designed a benchmark framework to
evaluate and compare its performance with other representative
CCC inference methods in inferring intercellular and intra-
cellular communications (Fig. 2A). Seven state-of-the-art CCC
inference methods, including CellChatV2 (Jin et al. 2025),
COMMOT (Cang et al. 2023), CytoSignal (Liu et al. 2024),
CytoTalk (Hu et al. 2021b), MISTy (Tanevski et al. 2022),
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NicheNet (Browaeys et al. 2020), and Scriabin (Wilk et al.
2024), were used for comparison. The implementation process
and parameter settings of these methods are described in
Supplemental Text S3. We evaluated these eight methods on
three ST data sets, including two breast cancer ST data sets and
one glioma ST data set (Supplemental Text S4). We chose these
data sets because they are associated with 15 sets of cell line per-

turbation expression data, providing ground truth of L-R-TG reg-
ulation for benchmarking.

Based on the above three ST data sets with cellular perturba-
tion data, we benchmark the performance of stMLnet and other
seven CCC inference methods in inferring intercellular L-R inter-
actions and intracellular L-R-TG regulation using the metrics in-
cluding differential L-R correlation (DLRC) and area under the

A B

C D

E

F

Figure 1. Overview of stMLnet. (A,B) Required input of stMLnet. (A) The input data consist of a gene expression matrix, spatial locations of cells/spots,
and the cell type annotation vector. (B) stMLnet integrates molecular interactions frommultiple data sources (including ligand–receptor [L-R] interactions,
signaling pathways, and transcriptional regulation) to generate a prior knowledge database called stMLnetDB. Specifically, LigRecDB contains 3659 non-
redundant LR interactions, comprising 920 ligands and 751 receptors. RecTFDB includes 17,450 nonredundant receptor–transcription factor (TF) links,
consisting of 751 receptors and 525 TFs. TFTGDB consists of 373,501 transcription factor–target gene (TF-TG) interactions, with 525 TFs and 23,021 target
genes. (C–E) Workflow of stMLnet. (C) Statistical inference of multilayer signaling network. Combining the stMLnetDB and gene expression data, stMLnet
uses Fisher’s exact test (optional) to construct multilayer signaling network of ligand-receptor–transcriptional factors–target genes (L-R-TF-TG). (D)
Quantification of LR signaling activity. Based on the ligand diffusion model and the law of mass action, stMLnet employs a distance-dependent function
to calculate the LR signaling activity. (E) Linking LR activity to TG expression using random forest regression algorithm. stMLnet calculates the importance
score of the specific LR signaling contributing to the TG expression, which could be used to prioritize the ligands or receptors as upstream regulators of a
given target gene. LRSTGt represents the signaling scores of LR pairs (i.e., LRS1t , . . . , LRSnt ) thatmodulate TGt. (F) Output and visualization of inferred CCCs.
stMLnet provides a variety of intuitive visualization outputs, including heatmap plot, bubble plot, waterfall plot, and multilayer path and circuit
visualization.
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A

B

E

C D

Figure 2. Benchmarking the performance of stMLnet. (A) Overview of benchmark framework. It involves three components: input, methods, and bench-
mark metrics. We benchmark the performance of stMLnet and the other seven representative CCC inference methods on ST data sets. Specifically,
CellCahtV2, COMMOT, CytoSignal, CytoTalk, MISTy, NicheNet, Scriabin, and stMLnet can all infer intercellular ligand–receptor (LR) interactions, whereas
COMMOT, CytoTalk, MISTy, NicheNet, and stMLnet can further infer LR-TG regulation, namely, intracellular signaling. We used DLRC to evaluate inter-
cellular LR inference and AURRC to evaluate the accuracy of intracellular target gene predictions. (B) Evaluation and comparison of the eight LR inference
methods based on the DLRCmetric. Rank indicates the performance ranking of amethod on a data set according to the DLRC value (i.e., score). The higher
the DLRC value, the lower the rank number. (C) Evaluation and comparison of the five LR-TG inference methods using the AUPRC metric. The statistical
significance of difference in AUPRC values between stMLnet and each other method was assessed using the Wilcoxon rank-sum test. (D) Comprehensive
evaluation of stMLnet with other methods from both intercellular and intracellular communication aspects. (E) Summary of properties/functionalities and
benchmarking results for the eight CCC inference methods. (a) The names of CCC methods. (b) The properties/functionalities of different CCC methods.
We list the properties of each method, including the spatial information utilization, and the prediction capacities on intercellular LR interactions, intracel-
lular LR-TG regulation, multilayer network structures, and feedback loops. (c) Accuracy and overall ranking of different methods according to the twomet-
rics. (NA) Not applicable. The lighter the color, the higher the ranking, indicating better method performance.
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precision recall curve (AUPRC), respectively (seeMethods). Briefly,
we divide sender–receiver cell pairs into close and distant groups in
different proportions based on Euclidean distance (Fig. 2A). We
then calculate DLRC to assess the difference of L-R correlations
in the close and distant cell groups for each method across the
three ST data sets, under the hypothesis that closer cells are more
likely to communicate with each other (Hu et al. 2021b; Jin et al.
2021). Based on the rankings of the DLRC values across three ST
data sets, we found that stMLnet outperforms other CCC inference
methods in predicting intercellular L-R interactions (Fig. 2B). In
addition, we evaluate the performance of stMLnet on inferring in-
tercellular communication between rare cell types on the breast
cancer-2 data set. The number of endothelial cells accounts for
only 1.92% of the total number of cells (Supplemental Fig. S1A).
We then calculated the DRLC values of seven L-R inference meth-
ods on the communication between endothelial cells and other
cell types. We found that stMLnet still show improvement com-
pared with the other seven methods in this case (Supplemental
Fig. S1B).

Furthermore, we benchmarked the L-R-TG prediction by
comparing the regulatory scores of ligand/receptor–targets predict-
ed by CCC methods that can infer intracellular signaling (includ-
ing COMMOT, CytoTalk, MISTy, NicheNet, and stMLnet) with
DEGs (serving as ground-truth labels) in cell line perturbation
data. If the predicted TG is a DEG, the L-R-TG is marked as true;
otherwise, it is marked as false, and then the values of AUPRC
(Fig. 2C) and area under the ROC curve (AUROC) (Supplemental
Fig. S2) are calculated. In this study, we focus on the AUPRC value
because it is more appropriate than AUROCwhen evaluating classi-
fiers using imbalanceddata sets (Saito andRehmsmeier 2015, 2017).
The results demonstrate that stMLnet significantly outperforms
other methods in L-R-TG predictions. Specifically, among the five
methods evaluated, stMLnet has the best performancewith amedi-
anAUPRC close to 0.6, followed byNicheNet andMISTy, bothwith
a median AUPRC near 0.3 (Fig. 2C). In addition, we noticed that
CytoTalk frequently failed to predict the ligands or receptors corre-
sponding to the cell line perturbation–expression data sets in most
situations (Supplemental Fig. S3). This occurred because most li-
gands/receptors of interest have a negative priority expression met-
ric defined inCytoTalk, causing their node rewards being calculated
as zero by the Steiner forest algorithm. Consequently, these ligand/
receptor nodes were filtered during the construction of signaling
networks in CytoTalk. Overall, stMLnet has superior performance
over other methods in both intercellular L-R interaction inference
and L-R-TG prediction (Fig. 2D).

We summarize the functionalities and the benchmark results
of stMLnet compared with the other seven CCC inference meth-
ods (Fig. 2E). We list the properties of each method, including
the spatial information utilization, the prediction capacities on in-
tercellular L-R interactions, intracellular L-R-TG regulation, multi-
layer network structures, and feedback loops. In detail, only
CellChatV2, COMMOT, and stMLnet consider the spatial infor-
mation of ST data when inferring intercellular interactions.
Among the eight methods we compared, all can predict L-R inter-
actions between cells, among which COMMOT, CytoTalk, MISTy,
NicheNet, and stMLnet can further infer intracellular L-R-TG reg-
ulation. Particularly, only stMLnet, COMMOT, and NicheNet
can infer multilayer signaling network structures. Furthermore,
stMLnet uniquely predicts signaling pathway feedback loops me-
diated by L-R, which will be demonstrated in the following sec-
tions. In addition, we calculate the average DLRC for each CCC
method across the three data sets, as well as the average AUPRC

across different cell line data sets, and rank the methods based
on these values. Higher values indicated better performance and
higher rankings. Furthermore, we derived the overall ranking of
each CCC method by averaging their DLRC and AUPRC rankings
(with NA values set to zero) (Fig. 2E(c)). According to the result, we
found stMLnet, Scriabin, and NicheNet rank among the top three
in terms of their ability to infer intercellular communication,
whereas stMLnet performs best in inferring intracellular regula-
tion, followed by NicheNet and MISTy. Overall, stMLnet offers
more functionalities and exhibits the best performance in infer-
ring CCC.

In addition, we compared the computational resources con-
sumed by stMLnet with those of the seven other methods
(Supplemental Fig. S4). The results show that stMLnet’s running
time across all three data sets is shorter than that of CytoTalk
and comparable to that of COMMOT. Although stMLnet’s memo-
ry usage is somewhat higher than most methods, it is still smaller
than that of CytoTalk. The increased memory usage of these two
methods is mainly owing to their modeling of complex intracellu-
lar signaling regulation. Nevertheless, the overall computational
resources required by stMLnet fall within a reasonable and man-
ageable scope.

Analysis of spatially dependent L-R signaling in stMLnet

To scrutinize the distance-weighted L-R signaling activity, we per-
formed a simulation study based on a mathematical model of li-
gand diffusion and L-R-TF-TG regulation (for details, see
Supplemental Text S5).We generated three categories of simulated
data sets with distinct spatial characteristics, each comprising 100
sets of synthetic data. (Fig. 3A,B; Supplemental Figs. S5–S10). In
simulation data set 1, the three cell types are randomly distributed
across the domain (Supplemental Fig. S5). In simulation data set 2,
cells of Sender 1 and Receiver 3 are colocalized randomly distribu-
ted within a circular region, whereas cells of Sender 2 are randomly
distributed across the entire domain (Supplemental Fig. S6).
Finally, in simulation data set 3, each spatial position corresponds
to one or more cells (Supplemental Fig. S7), mimicking spatial em-
bedding in which the true cell position is rasterized by a synthetic
microarray (e.g., 10x Visium or Slide-seq arrays).

We substituted theweighting function of L-R signaling quan-

tification in the stMLnet model (i.e., the reciprocal function (
1
dij
);

Equation 5) with the alternative constant (1) or radial basis func-

tion (exp − d2

2l2

( )
). Note that the constant weight corresponds to

spatially independent model, and the radial basis weight repre-
sents the one used by previous methods such as MISTy (Tanevski
et al. 2022), in which the parameter l=100 is set for the radial basis
function. We compared the performance of stMLnet with the two
counterparts using the three simulation data sets. The simulated
spatial expression data were used as input for stMLnet and its var-
iants (without using the prior information of the predefined mul-
tilayer network) to infer the regulation of TGs’ expression by L-R
pairs. The predicted importance scores for L-R-TG regulation
were benchmarked with the ground truth of the simulated net-
work topology. Various evaluation metrics, including AUROC,
AUPRC, positive predictive value (PPV), accuracy, error rate, and
Matthews correlation coefficient (MCC), were used for assessment.
The evaluation of the sixmetrics on three simulation data sets (Fig.
3C; Supplemental Fig. S11) showed that the reciprocal function

Yan et al.

1404 Genome Research
www.genome.org

 Cold Spring Harbor Laboratory Press on June 13, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/
http://www.cshlpress.com


used in stMLnet significantly outperformed the other two variants
of weighting functions.

Furthermore, we evaluated the effect of the hyperparameter l
on the performance of stMLnet when using the radial basis func-
tion as the weight function. In detail, when the radial basis
function is used as the weight function, we compared the results
with different values of l (i.e., l=20, 40, 60, or 100) on three
data sets and compared them with the results when the constant
function or the reciprocal function was used as the weight func-
tion (Supplemental Fig. S12). Based on the evaluation of the six
metrics across the three simulation data sets, we found that the
performance of stMLnet using the reciprocal function as the
weight function is still better than that of the constant function
and the radial basis function under different values of l. Overall,
these results affirm the rationale and effectiveness of stMLnet in
modeling spatial distance-dependent cell communication and
gene regulation.

stMLnet traces signaling feedback loops within multilayer

CCCs across diverse types of ST data

To showcase the wide applicability of stMLnet across various ST
data types, we deployed it on multiple ST data sets generated by
different techniques, such as sequential fluorescence in situ hy-
bridization (seqFISH+), MERFISH, Slide-seq v2, and Stereo-seq.
We first analyzed seqFISH+ data of mouse cerebral cortex with
10,000 genes measured in 523 single cells (Fig. 4A,E; Eng et al.
2019). We observed that stMLnet inferred abundant and active in-
tercellular communication between different cell types. Among
them, oligodendrocytes (Oligs) and endothelial cells (Endos)
emerged as key intercellular communication “hubs,” exhibiting
the highest number of interactions as sending cells to other cell
types within the microenvironment (Fig. 4B). When setting oligo-
dendrocyte precursor cells (OPCs) and Oligs as the receiver cells,
we identified Sema5a-Plxnb3 transmitted from L6 as the most

A

C

B

Figure 3. Verifying distance-weighted LR signaling activity in the stMLnet model using synthetic data. The performance of stMLnet in LR-target predic-
tion was compared to those of its variants with modified distance weighting functions in LR activity scoring. The distance weighting functions are the re-
ciprocal function (i.e., 1/d) as used in stMLnet and radial basis function (i.e., exp(−d2/2l2)) that is used in other tools (e.g.,MISTy) or constant function (i.e.,
one) in the two variants, respectively. (A) Ground truth of the multilayer network structure used to generate synthetic data. (B) The mathematical model
used for simulation. (C) Based on simulation data set 1, the performances of stMLnet with the reciprocal weighting function and the two variants in pre-
dicting L-R-TG regulation were evaluated and compared. The Wilcoxon rank-sum test P-value was used to assess the statistical significance. (AUROC) Area
under the ROC curve, (AUPRC) area under the precision/recall curve, (PPV) positive predictive value, (MCC) Matthews correlation coefficient.
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Figure 4. Multilayer signaling analysis of inferred CCC in seqFISH+ data andMERFISH data using stMLnet. (A–E) Multilayer signaling analysis of seqFISH+
of mouse secondary somatosensory cortex. (A) Spatial distribution of different cell types. (Adarb2) Adarb2-iNeruon, (Astro) astrocytes, (L2-L3) L2-L3-
eNeuron, (Endo) endothelial, (L4) L4-eNeuron, (L5) L5-eNeuron, (L6) L6-eNeuron, (Lhx6) Lhx6-iNeuron, (Micro) microglia, (Olig) oligodendroglia,
and (OPC) oligodendrocyte precursor cells. (B) Heatmap plot of inferred CCC network. “Number” in the plot represents the number of LR pairs between
any two cell groups. The top color bar plot represents the sum of column of values displayed in the heatmap. The right color bar plot represents the sum of
row of values. (C ) Bubble plot of inferred LR signaling activity from other cell types to OPCs andOligs. Score in the plot denotes the LR signaling activity. (D)
The feedback circuits between Astro, Mural, and Endo (left) and the feedback circuits betweenOPC andMural (left). Representative ligand/target genes are
shown. (E) The feedback loop network between OPC and Mural. Lamc1 (ligand; red) interacts with Dag1/Sv2a (receptor; yellow), whereas Vcan (target
gene; red) interacts with Itgb1 (receptor; yellow). Additionally, Lamc1 (target gene; red) is a downstream target from Vcan (ligand; red) via Stat3 (TF;
green). Similarly, Vcan is a downstream target from Lamc1 through Rela/Nfkb1 (TF; green). Solid arrows represent signaling fromOPC toMural, and dashed
arrows indicate signaling fromMural to OPC. (F–K ) Multilayer signaling analysis ofMERFISH ofmouse hypothalamic preoptic region. (F ) Spatial distribution
of cell types in multiple tissue slices from MERFISH data. (G) Chord plot of LR signaling activity between excitatory and inhibitory. The links start from a
sender cell type (excitatory; blue) and end in a receiver cell type (inhibitory; red) and each line link also connects a ligand–receptor pair. The thickness
of the line represents LR signaling score: The thicker the line, the higher corresponding score. (H) Spatial distribution of excitatory and inhibitory in a section
6 slice. (I) Multilayer subnetwork of Oxt-Oxtr. The multilayer signaling subnetwork indicates the regulatory paths from a specific ligand/receptor to its
downstream transcriptional factors and then to target genes. (J) The spatial distribution of specific Oxt-Oxtr signaling score. (K ) The spatial distribution
of target gene (Oxt).
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active upstream L-R signaling in OPCs. Moreover, the Sema5a-
Plxnb3 L-R signal was found to mediate reciprocal communication
between Oligs and OPCs. Specifically, Sema5a of Olig cells im-
posed strong influence on the expression of downstream TGs
(e.g., Sox10) of OPCs. In turn, Sema5a of OPCs binds to Plxnb3
on Olig cell surfaces, regulating the expression of multiple TGs
(Mag, Pcyt2, etc.) by activating the TFs including Nfkb1
(Supplemental Fig. S13). In addition, based on the inferred multi-
layer networks, we identified bidirectional feedback loops between
Astro, Mural, and Endo, as well as between OPCs and Mural.
Several ligand genes, such as Esam, Fn1, and Nid1 in Endos,
Lamc1 in Mural, Vegfa in Astro, and Vcan in OPCs, also function
as TGs within the multilayer networks of these cell types (Fig.
4D). Figure 4E illustrates the feedback loop networks between
OPCs and Mural. Specifically, Mural secretes the ligand Lamc1,
which interacts with the receptorsDag1 and Sv2a in OPCs, where-
as the ligand Vcan from OPC interacts with the receptor Itgb1 on
Mural. Furthermore, Lamc1 acts as a downstream target of Vcan
via Stat3 (TF) in the signaling pathway from OPCs to Mural.
Similarly, Vcan is a downstream target of Lamc1 through Rela
and Nfkb1 (TFs) in the signaling pathway from Mural to OPCs
(Fig. 4E). Additionally, the feedback loop networks between
Astro, Mural, and Endo were shown in Supplemental Figure S14.

We then analyzed the multiplexed error-robust fluorescence
in situ hybridization (MERFISH) data, whichmeasured the expres-
sion of 161 genes in themouse hypothalamic preoptic region (Fig.
4F–K; Moffitt et al. 2018). The data set consists of 12 spatially adja-
cent slices along the anterior–posterior axis, among which we se-
lected four slices (sections 6–9) for CCC analysis (Fig. 4F).
Because of the limited number of genes included in the
MERFISH gene panel, the application of a Fisher’s exact test for sec-
ondary screening during the construction of amultilayer signaling
network may result in the exclusion of key signaling molecules.
Therefore, we chose to omit the Fisher’s exact test when construct-
ing the multilayer signaling network for the MERFISH data set.
Setting excitatory cells as sender cells and inhibitory cells as receiv-
er cells, we found that Pnoc-Oprl1was themost active upstream L-R
signal in all slices, dominating cell interactions. Moreover, Oxt-
Oxtr L-R signalingwas found in every slice (Fig. 4F). Specifically, ex-
citatory neurons regulate Inhibitory neurons through Oxt signal-
ing, which explains why Oxt-Oxtr L-R signaling can regulate
social behavior, as reported in the literature (Warfvinge et al.
2020; Froemke andYoung 2021). Particularly, we selected a section
6 slice to conduct further downstream analysis from the Oxt-Oxtr
L-R signal (Fig. 4G–J). Themultilayer signaling subnetwork depicts
the regulatory paths from a specific ligand to downstream TFs and
then to TGs.We found thatOxt secreted by excitatory cells binds to
Avpr1a, Avpr2, and Oxtr on the inhibitory surface, regulating the
expression of TG Oxt through activation of the TF Esr1 (Fig. 4H).
Furthermore, we visualized the spatial distribution of the L-R sig-
naling activity of Oxt-Oxtr (Oxtr in excitatory cells and Oxt from
other cells) (Fig. 4I) and the spatial distribution of TG expression
in excitatory cells (Fig. 4J), and we found that the distributions
of the two were consistent. This finding is consistent with the hy-
pothesis of stMLnet inmodeling spatially dependent L-R signaling
activity.

We also employed stMLnet to investigate a layer-scale ST data,
the Slide-seq v2 data of mouse hippocampus, whichmeasured the
expression of 23,264 genes in 53,173 beads (Stickels et al. 2021).
The results of L-R signal analysis andmultilayer signalingnetworks
are described in Supplemental Text S6 and are presented in
Supplemental Figures S15 and S16.

Moreover, to evaluate how sensitive stMLnet is to changes in
hyperparameters, we conducted a series of experiments on the
above three ST data sets (for details, see Supplemental Text S7).
We varied three key hyperparameters and assessed the consistency
of the inferred networks using Jaccard coefficients. The results
(Supplemental Figs. S17A–D, S18) indicate that stMLnetmaintains
a high level of robustness across different parameter settings, pro-
viding valuable guidance for parameter selection.

We further examined stMLnet’s scalability using a large
Stereo-seq data set from an E16.5 mouse embryo section (Chen
et al. 2022). This data set includes 155,741 cells and 28,579 genes
(Supplemental Fig. S17E). Through down-sampling analysis, we
found that the running time and memory usage of stMLnet in-
crease almost linearly with the number of cells (Supplemental
Figs. S17F, S19), suggesting good scalability of stMLnet on large-
scale ST data sets. Furthermore, the consistency among the subnet-
works identified by stMLnet across various down-sampling rates
verifies its robustness against variations in cell type abundance
(Supplemental Fig. S20).

Lastly, we evaluated the robustness of stMLnetwith respect to
gene dropout using theMERFISH data set. The results demonstrate
that, within the multilayer network constructed from the
MERFISH data set, the Lig-Rec subnetwork exhibits higher robust-
ness to gene dropout compared with the Rec-TF and TF-TG subnet-
works (Supplemental Fig. S21).

stMLnet reveals positive cellular feedback circuits and multilayer

signaling regulation in a COVID-19 microenvironment

To investigate CCCs underlying the inflammatory response to
SARS-CoV-2 infection, we applied stMLnet to a set of Visium ST
data of COVID-19-infected lung tissue (Fig. 5A; Supplemental
Fig. S22; Gracia Villacampa et al. 2021). The CCC network (Fig.
5B) showed abundant and active intercellular interactions be-
tween various cell types, indicating dysregulated hyperinflamma-
tion in the COVID-19-infected lung tissue microenvironment.

We focused on communications between alveolar epithelial
cells (AECs), macrophages (Macro), and monocytes (Monos), as
the latter two are pivotal innate immune cells against SARS-CoV-
2 infection (Merad and Martin 2020), whereas AECs express a
high level of the SARS-CoV-2 receptorACE2 (Zhao et al. 2020), act-
ing as a master communicator during viral infection (Miura 2019).
The L-R signaling analysis (Fig. 5C) depicted paracrine signaling
from other cell types to AECs (left panel), Macros (middle panel),
and Monos (right panel). Relatively stronger activities of L-R sig-
naling were observed for each pair of the above three cell types.
For example, FN1-SDC4 signaling from Macros to AECs, C3-
CD81 signaling from AECs to Macros, SFTPA1-TLR2 signaling
from AECs to Monos, and B2M-HLA-F signaling from Macros to
Monos exhibited clearly stronger activities than other L-R pairs;
the spatial distributions of signaling scores for these L-R pairs are
presented in Supplemental Figure S23. Moreover, we found that
many ligand genes (e.g., FN1 and TGM2 in Macros, C3 and GPC3
in AECs, andNID1,VCAN inMonos)were also TGs in themultilay-
er networks of the three cell types (Supplemental Table S1;
Supplemental Fig. S24) and that almost all these ligand genes as
targets were positively correlatedwith their upstream L-R signaling
(Fig. 5D). Collectively, these results suggest positive feedback loops
betweenAECs,Macros, andMonos throughparacrine signaling in-
teractions (Fig. 5E), which may account for the sustained produc-
tion and accumulation of inflammatory cytokines and
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Figure 5. stMLnet reveals positive cellular feedback circuits and multilayer signaling regulation in ST data of COVID-19. (A) Spatial distribution of cell
types in COVID-19-infected lung tissue. (B) Heatmap plot of inferred CCC network. Number in the plot represents the number of LR pairs between any
two cell groups. The top color bar plot represents the sum of column of values displayed in the heatmap. The right color bar plot represents the sum of
row of values. (C) Bubble plots show the LR signaling from other cell types to AEC (left panel), Macro (middle panel), and Mono (right panel), respectively.
Score denotes the LR signaling activity. Top 20 LR pairs were plotted for visualization purpose. (D) Correlations between ligand genes’ expressions (intra-
cellular targets) and their upstream LR signaling activities. Most PCC values (R) were positive except for a small fraction of monocytes. (E) Positive feedback
loops between AEC, Macro, and Mono. Representative ligands acting as paracrine cytokines are shown. (F ) Multilayer signaling subnetworks from repre-
sentative paracrine ligands to target genes in AEC (left panel), Macro (middle panel), and Mono (right panel). Top-ranked target genes according to im-
portance scores were prioritized for visualization.
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dysregulated hyperinflammation in severe COVID-19 patients
(Chen et al. 2021).

Furthermore, the multilayer subnetworks (Fig. 5F;
Supplemental Fig. S25) demonstrate the signaling paths from rep-
resentative ligands to targets in AECs, Macros, or Monos. Several
TFs, such as NFKB1, RELA, and JUN, were inferred to be involved
in the intracellular signaling pathways underlying the above inter-
cellular feedback circuits. These TFs are reportedly critical in regu-
lating the gene expressions of inflammatory cytokines during
SARS-CoV-2 infection, and they are targets of FDA-approved drugs
(Santoso et al. 2021), indicating their therapeutical values for
COVID-19 by disrupting the above feedback circuits. In addition,
we investigated the biological functions of the above intercellular
feedback circuits by performing functional enrichment analysis
for their intracellular TGs. The GO and KEGG pathway enrich-
ment (Supplemental Fig. S26) demonstrated that biological pro-
cesses or pathways related to COVID-19, immune response, cell
adhesion, and the extracellular matrix (ECM) were significantly
enriched for communications among AECs, Macros, and Monos.
These results indicate the important roles of the abovementioned
intercellular feedback loops in pulmonary injury and immune dis-
orders in response to SARS-CoV-2 infection, and they are consis-
tent with the results of previous studies (Romero et al. 2015;
Peteranderl et al. 2016).

Discussion

In this paper, we introduce stMLnet, a tool designed for dissecting
multiscale CCCs in ST data. The methodological innovations of
stMLnet include the following aspects. First, stMLnet provides a
unified framework for multiscale inference of spatial CCC. Our
modeling framework (Supplemental Fig. S27) integrates two scales
(i.e., intercellular scale and intracellular scale) and four layers (i.e.,
L-R-TF-target), facilitating the identification of feedback loops
among multicellular signaling systems (Fig. 2E). Second, stMLnet
represents a model and data codriven computational approach
for CCC inference. At the intercellular scale, we developmechanis-
tic models (i.e., diffusion and mass-action models) to quantify the
strength of intercellular L-R signaling. At the intracellular scale, we
employ a random walk algorithm and a Fisher’s exact test to infer
the structure of multilayer networks. Moreover, we construct a
nonlinear regression model (e.g., random forest) to quantify the
regulatory scores of L-R-TGs by connecting intercellular L-R signal-
ing to intracellular targets. Therefore, our method simultaneously
infers intercellular signaling and intracellular gene regulation.
Third, we develop an effective model-solving method, yielding a
parameter-free formula for spatially dependent L-R signaling, sig-
nificantly reducing the model complexity (Supplemental Fig.
S28). stMLnet can serve as a hypothesis-generating tool in CCC
studies, which can guide further experimental validations. For ex-
ample, the L-R signaling-mediated feedback loops between differ-
ent cell types predicted by stMLnet could be validated using cell
coculture experiments and in vivo animal models (Su et al. 2014;
Barone et al. 2017; Jing et al. 2021).

The advances of stMLnet include the following aspects. First,
the L-R-TF-TG multilayer network framework constructed based
on the cell type level is adequate and effective in depicting intercel-
lular communication-mediated gene expression. This multilayer
networkmethod evaluates the upstream activities using the down-
stream responses, which may reduce false-positive predictions. To
fulfill this objective, we integrate carefully curated prior network
database information with context-specific and cell type–specific

expression data to discover potential causal relationships between
the upstream signaling and the downstream targets by employing
the random walk algorithm and statistical inference method (e.g.,
Fisher’s exact test). In our analysis, we found that applying multi-
ple testing correction could lead to a more stringent filtering pro-
cess, potentially excluding many TFs and receptors. This could
result in a network with fewer nodes, increasing the risk of omit-
ting key signaling pathways and critical interactions. Therefore,
we chose not to apply multiple testing correction for the Fisher’s
exact test in this study. Second, for the L-R pairs in the multilayer
network constructed above, we leverage the spatial information in
the ST data to mechanistically quantify their signaling activities
between sender and receiver cells, using a mathematical diffusion
model of microenvironmental ligands. This analysis is conducted
at the single-cell level. This leads to a parameter-free reciprocal re-
lationship between effective ligand signals receipted by the receiv-
er cells and physical distance between cells. Although simplified, it
avoids unfeasible estimation or calibration of ligand-specific pa-
rameters (e.g., diffusion rate and degradation rate). Third, we em-
ploy an explainable random forest regression model to measure
the contribution of each ligand, receptor, or L-R pair in regulating
TG expression. This analysis is performed for each TG. We found
that stMLnet with random forest regression (stMLnet-RF) has
higher accuracy in L-R-TG prediction than stMLnet with neural
network regression (stMLnet-NN) (Supplemental Fig. S29A), and
stMLnet-RF runs faster than stMLnet-NN (Supplemental Fig.
S29B). As such, we used random forest regression instead of neural
network regression in stMLnet for modeling L-R-TG regulation.
These advantages possibly contribute to the superiority of
stMLnet compared with the other existing methods.

Admittedly, our study had some limitations. For example, our
methodmakes several simplified assumptions. We employed a par-
tial differentia equation (PDE) model to explicitly account for the
weight of intercellular distance in paracrine L-R signaling, based
on the assumption of ligand diffusion. This assumption may not
be exactly realistic, especially in the context of complex cell micro-
environment and various forms of ligand molecules. Actually, li-
gands can be secretory proteins or membrane proteins. The PDE
model may not be very appropriate for the latter. But given that
the cells carrying the membrane proteins are also undergoing mi-
gration or “diffusion” in the niche, the PDEmodel can also capture
this equivalent distance-dependent effect inCCC.Nevertheless, our
approach provides an explicit approach to weight the distance-de-
pendent interaction potential. In future work, wewill clearly distin-
guish between secreted ligands and membrane-bound ligands in
the existing L-R interaction database and then infer diffusion-based
interaction, contact-based interaction, and cell-self interaction
based on the characteristics of the signaling molecules (i.e., para-
crine, juxtacrine, and autocrine). Furthermore, for contact-based in-
teractions, the L-R signaling scores can be calculated between
directly adjacent cells, which canbe identified using geometric algo-
rithm such as Delaunay triangulation. For autocrine signaling,
because the signal is directly fed back to itself, the influence of dis-
tance on signal degradation can be ignored. Therefore, for direct in-
teractions and autocrine signaling, we propose to redefine dij in
Equation 5 as one when the relative distance between cells is
nearly zero, and zero otherwise. In addition, like many other tools
(e.g., Scriabin, MISTy, NicheNet, CytoTalk, CellTalker, NATMI,
Domino) (Cherry et al. 2021), each subunit of ligand/receptor is
viewed as an independent ligand/receptor in stMLnet. StMLnet rep-
resents the total effect of different ligand/receptor subunits by sum-
marizing them according to Equation 5. In the future studies, we
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will explicitly consider ligand/receptor complexes during themulti-
layer network construction.

Additionally, the TF-target information comes from prior da-
tabases, which are not cell type specific. These drawbacks can be
addressed by integrating ST data with emerging single-cell multio-
mics data, such as single-cell proteomics data and single-cell ATAC
sequencing data, thanks to the fast development of sequencing
technology. Moreover, inferring CCC based on gene expression
levels from spatial transcriptomic data has limitations, because
the abundance of ligands, receptors, and TFs at the RNA level
may not always be directly correlated with their protein levels.
We observed that in the CID4465 data set, stMLnet failed to pre-
dict TGs downstream from several L-R interactions associated
with certain cell line perturbations (Supplemental Fig. S3). The
false-negative inaccuracy was likely owing to unrealistically low
signaling scores for the corresponding L-R pairs, which were quan-
tified based on their RNA levels in this data set. This prevented
stMLnet from effectively inferring downstream TGs. In future
work, we will consider combining ST with spatial proteomics
(e.g., Spatial-CITE-Seq [Liu et al. 2023] or CODEX [Kennedy-
Darling et al. 2021]) to improve the accuracy of inferred interac-
tions. Additionally, our simulation study used a small-scale signal-
ing network to generate synthetic data but did not incorporate
large-scale biological network information. In future studies, we
will develop novel multiscale models that integrate multiomics
data across multiple layers to make better inferences of CCC and
gene–gene regulation.

In summary, stMLnet, a method for modeling spatially de-
pendent intercellular signaling and intracellular regulation, serves
as a valuable tool for analyzing multiscale signaling and function-
ing of CCCs in ST data.

Methods

The proposed method stMLnet mainly encapsulates four compo-
nents (Fig. 1), namely, constructing prior knowledge base of mul-
tilayer signaling interactions based on multiple data sources,
inferring multilayer signaling networks, calculating distance-de-
pendent L-R signaling activity, and quantifying regulatory rela-
tionships between upstream L-Rs and downstream TGs in the
inferred multilayer network.

Collection and integration of prior network information

To infer inter- and intra-cellular signaling networks, we manually
collected multiple data sources of molecular interactions as prior
network information (Supplemental Text S1). We then processed
and integrated them into prior knowledge databases of stMLnet,
called stMLnetDB. stMLnetDB is a database of literature-supported
human molecular interactions, which consists of three signal
transduction scales: LigRecDB (L-R prior database), TFTGDB (TF-
TG prior database), and RecTFDB (receptor-TF prior database)
(Supplemental Fig. S30; Supplemental Table S2).

To infer links from receptors to TFs in RecTFDB, we used R
package graphite (Sales et al. 2019) in R v 4.0.5 (R Core Team
2021) to extract information of intracellular signaling pathways
or molecular interactions from eight existing databases
(Supplemental Figs. S30, S31A). Based on such information, we
constructed directed-weight graphs and employed the random
walk with restart (RWR) algorithm (László 1996) to infer recep-
tor-TF links (Supplemental Text S2). To enhance the reliability of
receptor-TF link prediction, we employed threefold cross-valida-
tion and random subsampling validation (Lü and Zhou 2011)

approaches to determine the restart-probability in the RWR
algorithm and to test the accuracy of receptor-TF link prediction
(Supplemental Fig. S30B). We further used 129 sets of cell line per-
turbation data (Supplemental Table S3) to determine significant re-
ceptor-TF links that mostly preserve the information of DEGs in
the cell line data and simultaneously ensure the sparsity of the
RecTFmatrix (Supplemental Fig. S30C). Finally, 17,450 nonredun-
dant receptor-TF links were obtained, comprising 751 receptors
and 525 TFs, which compose the RecTFDB database.

The comparison of the prior databases of stMLnet with those
of NicheNet (Browaeys et al. 2020) and Omnipath (Türei et al.
2016) is described in Supplemental Text S8 and Supplemental
Figure S31. When applying stMLnet to mouse data sets, we
mapped human genes in stMLnetDB to mouse orthologs.

Inference of multilayer intercellular and intracellular

signaling networks

The multilayer signaling network consists of four layers of signal-
ing molecules (ligands, receptors, TFs, and TGs), organized into
three coherent subnetworks: L-R signaling, receptor-TF pathways,
and TF-TG interactions. It is important to note that this multilayer
signaling network is a simplifiedmodel designed to represent com-
plex signal transduction pathways. Given the numerous signaling
molecules involved in each receptor-TF pathway, it is challenging
to explicitly incorporate all of them into the analysis and visualiza-
tion of themultilayer network. As a result, we adopted the “L-R-TF-
TG” multilayer network structure in our study, which aligns with
our previous work on scMLnet (Zhang et al. 2020; Cheng et al.
2021; Ni et al. 2022), as well as other methods such as CellCall
(Zhang et al. 2021) and exFINDER (He et al. 2023). The details of
the multilayer network structure inference are described in
Supplemental Text S9.

Modeling spatially dependent L-R signaling activity

Wenext quantified signaling activities of L-R pairs identified in the
above multilayer signaling network NL−R−TF−TG. We employed a
mechanistic modeling approach by considering ligand diffusion
in the microenvironment. Assume that the spatial coordinates of
cell i and cell j are (xi, yi, zi) and (xj, yj, zj), respectively. The
Euclidean distance between cell i and cell j is

dij =
��������������������������������������
(xi − xj)

2 + (yi − yj)
2 + (zi − zj)

2
√

. Denote LRk as the kth pair

of ligand-receptor, and denote Lk
i and Rk

j as the corresponding li-
gand expression in the ith cell and receptor expression in the jth
cell, respectively.

The ligand is a type of cytokine that can diffuse in the micro-
environment following release by the sender cells. The spatial-
temporal distribution of the ligand concentration u(x, y, z) during
diffusion can be described by a PDE as follows:

∂u(x, y, z)
∂t

= DDu(x, y, z), (x, y, z) [ R3\B1, (1)

where Δ is the Laplace operator, defined as Du = ∂2u
∂x2

+ ∂2u
∂y2

+ ∂2u
∂z2

.D

is the diffusion coefficient. B1 represents a unit ball in a dimension-
less scale, assuming that the cytokine signals are secreted from a
single spherical surface source (Francis and Palsson 1997). We as-
sume that the diffusion of the ligand is relatively fast and that
the above equation quickly reaches to the steady-state. Therefore,

Du(x, y, z) = 0, (x, y, z) [ R3\B1. (2)

We further assume that the diffusion of the ligand across the
local microenvironment is homogenous, and thereby the solution
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to the above equation is radially symmetric, that is, u(x, y, z) =u(r),
where r =

���������������
x2 + y2 + z2

√
. Consequently, the above steady-state dif-

fusion model could be simplified to an ordinary differential equa-
tion (ODE):

ru′′(r)+ 2u′(r) = 0. (3)

Solving the above ODE, we get

u(r) = C1
1
r
+ C2, (4)

where C1 and C2 are constants. Assume that the ligand concentra-
tion is u1 along the boundary of B1 and zero far away from the
boundary of B1. So, we impose the boundary conditions u(1) =

u1, u(∞) = 0. As such, u(r) = 1
r
u1. We used the ligand expression

in the sender cell (Lk
i ) as a proximity of u1. Therefore, the signaling

strength of Lk
i received by the jth cell is

1
dij

Lk
i .

Furthermore, based on the law of mass-action, the signaling
strength of the kth L-R pair activated at the jth cell could be defined
as

LRSkj =
∑n
i=1

1
dij

Lk
i R

k
j

( )
. (5)

dij represents the relative distance between sender cell i and receiv-
er cell j.

These equations quantitatively describe the influence of rela-
tive distance between sender–receiver cells on L-R signaling inten-
sity, so that the ligands from the sender cells with different
distances react with the receptor of the receiver cell in different ex-
tent. As a result, the samples of L-R signals (i.e., receiver cells) are
consistent with those of the corresponding TGs, allowing map-
ping L-R signal to the intracellular TG expression.

Random forest regression for L-R-TG regulation

We then model nonlinear relationship between the L-R signaling
activities and the TG expression. Assume m TGs (i.e., TG1, TG2,
…, TGm) in the inferred multilayer network and nt pairs of L-Rs
linked to each TG, TGt. To decipher quantitative regulation rela-
tionship between the signaling activities of L-R pairs and the
TGs, we divided this task intom subproblems by decoding the fol-
lowing functions:

TGt = ft (LRS1t , LRS2t , . . . , LRSkt , . . . , LRSnt ), t

= 1, 2, . . . , m (6)

Because of complex regulation relationship between L-Rs and the
TG, the above ft is generally nonlinear.We thus employed explain-
able tree-based regression to learn ft.We constructed random forest
regression model for each of the m TGs (Fig. 1E). We used the sig-
naling activities LRS1t , LRS2t , . . . , LRSkt , . . . , LRSnt (calculated
fromEquation 5) across the receiver cells as input to predict the ex-
pression of TGt.

Importance score of the ligand/receptor-target regulation

Based on the random forest model, we could calculate the impor-
tance score of the ktth feature (LRSkt ) contributing to the expres-
sion of TGt and thereby rank L-R pairs. Moreover, we also refined
the permutation importance score to account for the disassembled
importance of L or R alone, which was referred to as partial impor-
tance score. The details are described in Supplemental Text S10.

Identifying signaling feedback loops within multilayer CCC

networks

We integrate multilayer networks between different cell types and
search for cycle in the hypergraph to identify the multilayer feed-
back loops of CCC. Specifically, cell type 1 acts as a sender and se-
cretes ligand L1 to activate R1 in cell type 2 as a receiver. Then, R1
activates downstream TF1, and TF1 regulates TG1. We record each
pathway in the multilayer network of cell type 1→cell type 2 as
“L1−R1−TF1−TG1.”Conversely,when cell type 2 acts as a sender,
it releases ligand L2 and communicates with cell type 1 as a receiver
through L1−R2. Then R2 activates downstream TF2, and TF2 regu-
lates TG2.We record each pathway in themultilayer network of cell
type 2→cell type 1 as “L2−R2−TF2−TG2.”When L1 and TG2 are
the same gene and TG1 and L2 are also the same gene, it is consid-
ered that cell type 1 and cell type 2 have two-way communication,
indicating a feedback loop of CCC signaling between these two cell
types. Therefore, signal pathways [L1−R1−TF1−L2]↔ [L2−R2−
TF2−L1], in which L1 and L2 are reciprocal TGs, involved in bidir-
ectional communications of cell type 1↔cell type 2 are identified as
one of the multicellular signaling feedback loops.

ST data sets

To demonstrate the applicability of stMLnet, we applied it to five
ST data sets, including seqFISH+ data of the mouse cortex (Eng
et al. 2019), Slide-seq v2 data of the mouse hippocampus
(Stickels et al. 2021), MERFISH data of the mouse hypothalamus
preoptic region (Moffitt et al. 2018), Stereo-seq data of the develop-
ing mouse embryo (Chen et al. 2022), and Visium data of human
COVID-19 (Gracia Villacampa et al. 2021). To benchmark the per-
formance of stMLnet, we utilized three Visium data sets, including
two from human breast cancer (Wu et al. 2021; https://www
.10xgenomics.com/datasets/human-breast-cancer-block-a-section-
1-1-standard-1-1-0) and one from human glioma (Ravi et al. 2022).
Corresponding scRNA-seq data sets were collected to annotate
these ST data sets. Detailed information on these data sets can be
found in Supplemental Table S4, with their collection and process-
ing described in Supplemental Text S4.

Benchmarking study

One of the challenges in CCC inference is the lack of appropriate
benchmarking, which impedes the methodological development
and practical applications of such tools (Dimitrov et al. 2022; Liu
et al. 2022; Luo et al. 2023). In this study, we designed a bench-
mark framework to quantitatively evaluate the performance of dif-
ferent methods in both intercellular L-R interaction inference and
intracellular L-R-TG predictions.

Benchmarking intercellular L-R interaction inference

To evaluate the performance of different methods for inferring in-
tercellular L-R interactions, we analyzed the differences in L-R pair
correlations between close and distant cell pairs in ST data. This
analysis is based on the assumption that nearby cells aremore like-
ly to signal each other than distant ones, resulting in stronger com-
munication signals (Jin et al. 2021; Hu et al. 2021b). This
assumption aligns with prior studies, such as Dimitrov et al.
(2022), who hypothesized that “colocalized cell populations are
expected to have a higher chance of interacting than other nonad-
jacent cell types,” andHu et al. (2021b), whousedmutual informa-
tion to evaluate and validate the differential spatial expression
correlations of the inferred pathway genes between proximal
and distal cell pairs.
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First, for each sender–receiver cluster pair, we paired each cell
in the sender cluster to cells in the receiver cluster to create sender–
receiver cell pairs. Specifically, we used si− rj to represent the send-
er–receiver cell pair, where si denotes the ith sender cell and rj de-
notes the jth receiver cell, respectively. Therefore, the sender–
receiver cell pairs are represented as follows:

si − r1, si − r2, · · · , si − rn, i = 1, · · · , K.
Next, we divided the sender–receiver cell pairs into close and dis-
tant groups according to Euclidean distance. We sorted the send-
er–receiver cell pairs in ascending order of their physical
distances and subsequently selected the top 10%, 20%, 30%, or
40% of cell pairs to construct close cell pair group. Similarly, the
distant cell pair groups were constructed using bottom 10%,
20%, 30%, or 40% cell pairs, accordingly. Denote the close group
with cell pair proportion of the top Hv (Hv=10%, 20%, 30%, or
40%) as Cv (v=1, 2, 3, 4) and the distant group with cell pair pro-
portion of the down Hv as Dv (v=1, 2, 3, 4).

Furthermore, we utilized mutual information (MI) to assess
the correlation between the expression levels of ligand and recep-
tor in each L-R interaction within close or distant group, where L-R
interactions were inferred by different CCCmethods. Specifically,
for each L-R interaction Lx-Ry, the expression level of ligand Lx in
sender cells among M sender–receiver cell pair is denoted as X=
[x1,…, xi,…, xM], where xi represents the expression level of ligand
Lx in sender cell si. Similarly, the expression level of receptor Ry in
receiver cells among M sender–receiver cell pair is denoted as Y=
[y1,…, yj,…, yM], where yj represents the expression level of recep-
tor Ry in receiver cell rj. The MI value for the L-R interaction Lx-Ry

was then computed using the following equation:

MI(X; Y) =
∑
xi[X

∑
yj[Y

p(xi, yj)log
p(xi, yj)
p(xi)p(yj)

, (7)

where p(xi, yj) represents the joint probability distribution ofX and
Y. p(xi) and p(yj) are the marginal distributions of X and Y, respec-
tively. TheMIwas calculated in R v 4.0.5 (R Core Team2021) using
the infotheo R package (Meyer 2008).

In particular, we calculated the MI values of each L-R interac-
tion in the close group and distant group, respectively. TheMI val-
ue for each L-R interaction Lx-Ry in the close group Cv was
calculated as follows:

MICv (X, Y) =
∑

xi[XCv

∑
yj[YCv

p(xi, yj)log
p(xi, yj)
p(xi)p(yj)

, (8)

where XCv represents the expression values of the ligand Lx in the
close group Cv, and YCv represents the expression values of the re-
ceptor Ry in the close group Cv.

Similarly, for the distant group Dv, the MI value for each L-R
interaction Lx-Ry in this group was calculated as follows:

MIDv (X, Y) =
∑

xi[XDv

∑
yj[YDv

p(xi, yj)log
p(xi, yj)
p(xi)p(yj)

, (9)

whereXDv and YDv represent the expression values of the ligand Lx
and receptor Ry, respectively, in the distant group Dv.

We then calculated the difference of the MI values of L-R
interactions in the close and distant groups and employed a
Wilcoxon rank-sum test to assess the statistical significance of
the difference of L-R correlations between the close and distant
groups.

Finally, we integrated three factors, including the difference
ofMI between close and distant groups, the statistical significance,
and the proportions of cell pairs, to define the differential L-R cor-

relation (DLRC) metric as follows:

DLRC =
∑
v

Sigv × (DMIv)× (0.5− Hv). (10)

DMIv = median(MICv )−median(MIDv ) represents the difference in
the medians of MI values between the two groups, where MICv

andMIDv are two vectors representing theMI values of L-R interac-
tions inferred by a given method in the close group Cv and distant
group Dv, respectively. Sigv (zero or one) denotes whether the dif-
ference in MI values between the close group Cv and distant group
Dv is statistically significant (P<0.05), as determined by the
Wilcoxon rank-sum test.

Of note, for nonspatial CCC methods, we used gene expres-
sion matrix and cell type metadata as input of these tools for L-R
pairs prediction but ignored the spatial coordinates in the ST
data, whereas in the evaluation and benchmarking phase, we le-
veraged spatial information in the ST data by dividing cell pairs
into close and distant groups for calculating DLRCof the predicted
L-R pairs by those nonspatial CCC methods.

Benchmarking intracellular TG prediction

To benchmark the performance of different CCC methods in pre-
dicting intracellular TGs downstream fromL-R interactions, name-
ly, inferring the L-R-TG links, we gathered expression data sets
perturbed for 15 cell lines, involving perturbations in ligands or re-
ceptors, spanning conditions such as breast cancer, ductal carcino-
ma in situ, and glioma. Supplemental Table S5 provides the
information of these cell line perturbation–expression data sets.
Cell line perturbation–expression data sets refer to data generated
from experiments in which specific perturbations (such as knock-
down,mutations, etc.) are applied to cell lines to investigate the re-
sulting changes in gene expression. For example, data obtained
from the NCBI Gene Expression Omnibus (GEO; https://www
.ncbi.nlm.nih.gov/geo/) under accession number GSE120268 pro-
vides the gene expression profile of a cell line subjected to AXL re-
ceptor knockdown. The DEGs in these could serve as ground truth
for evaluating the accuracy of CCCmethods in predicting TGs’ re-
sponses to L-R perturbations.

In detail, the DEGswith P-values less than 0.05, calculated us-
ing the limma algorithm (Ritchie et al. 2015), were utilized as the
ground truth for subsequent evaluations. If the predicted TG be-
longs to the DEG set of each perturbation–expression cell line,
we labeled the L-R-TG as true; otherwise, it was marked as false.
Then, we calculated AUPRCor AUROC by comparing the regulato-
ry scores of L-R-TGs predicted by each CCC inference tool with the
ground-truth labels. In this study, we focus on the AUPRC value
because it is more appropriate than AUROC when evaluating clas-
sifiers using imbalanced data sets.

For the ST data of breast cancer and ductal carcinoma in situ,
we set the tumor cells as the receiver cell type and other cell types
as sender cell types to infer L-R-TG regulation. We then evaluated
the prediction accuracy of each CCC method using 15 sets of cell
line perturbation–expression data consisting of six ligands (i.e.,
CXCL12, TGFB1, DLL4, JAG1, IL6, and IGF1) and three receptors
(i.e., AXL, NRP1, CXCR4) (Supplemental Table S5). For glioma ST
data, we setMacros as receiver cell type and the rest of the cell types
as sender cell types to infer L-R-TG regulation, because the CSF1R
perturbation is performed for Macros in the corresponding cell
line expression data set.

Simulation study

To test the impact of different distance-weighted L-R signaling ac-
tivity on stMLnet performance, we generated 100 sets of synthetic
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data to compare the three different weighting functions in L-R sig-
naling quantification. The details were described in Supplemental
Text S5. The three simulation data sets are provided in
Supplemental Tables S6–S11, as well as at GitHub (https://github
.com/SunXQlab/stMLnet-simulation).

Software availability

The R package of stMLnet is available as Supplemental_
Code_stMLnet and at GitHub (https://github.com/SunXQlab/
stMLnet). The source code for the data analysis in this paper is
also available as Supplemental_Code_stMLnet-AnalysisCode
and at GitHub (https://github.com/SunXQlab/stMLnet-Analysis
Code). The source code for generating simulation data sets is avail-
able as Supplemental_Code_stMLnet-simulation and at GitHub
(https://github.com/SunXQlab/stMLnet-simulation).

Competing interest statement

The authors declare no competing interests.

Acknowledgments

We acknowledge members in the Sun laboratory at SYSU for valu-
able discussion and technical assistance. X.S. was supported by
grants from the National Natural Science Foundation of China
(62273364, 11871070), the National Key R&D Program of China
(2021YFF1200903), the Guangdong Basic and Applied Basic
Research Foundation (2020B1515020047), the Guangzhou
Science and Technology Programme (no. 2025A04J2562), and
the Fundamental Research Funds for the Central Universities,
Sun Yat-sen University (231lgbj025).

Authors contributions: L.Y. and J.C. performed research, ana-
lyzed data, and wrote the draft. Q.N. designed study and edited
the paper. X.S. designed the study, performed research, analyzed
data, and wrote the paper.

References

Armingol E, Officer A, HarismendyO, Lewis NE. 2021. Deciphering cell–cell
interactions and communication from gene expression. Nat Rev Genet
22: 71–88. doi:10.1038/s41576-020-00292-x

Armingol E, Ghaddar A, Joshi CJ, Baghdassarian H, Shamie I, Chan J, Her
HL, Berhanu S, Dar A, Rodriguez-Armstrong F, et al. 2022. Inferring a
spatial code of cell-cell interactions across a whole animal body. PLoS
Comput Biol 18: e1010715. doi:10.1371/journal.pcbi.1010715

Barone V, Lang M, Krens SFG, Pradhan SJ, Shamipour S, Sako K, Sikora M,
Guet CC, Heisenberg C-P. 2017. An effective feedback loop between
cell-cell contact duration and morphogen signaling determines cell
fate. Dev Cell 43: 198–211.e12. doi:10.1016/j.devcel.2017.09.014

Bonnardel J, T’Jonck W, Gaublomme D, Browaeys R, Scott CL, Martens L,
Vanneste B, De Prijck S, Nedospasov SA, Kremer A, et al. 2019. Stellate
cells, hepatocytes, and endothelial cells imprint the Kupffer cell identity
on monocytes colonizing the liver macrophage niche. Immunity 51:
638–654.e9. doi:10.1016/j.immuni.2019.08.017

Browaeys R, Saelens W, Saeys Y. 2020. NicheNet: modeling intercellular
communication by linking ligands to target genes. Nat Methods 17:
159–162. doi:10.1038/s41592-019-0667-5

Cang Z, ZhaoY,Almet AA, Stabell A, Ramos R, PlikusMV, Atwood SX,NieQ.
2023. Screening cell–cell communication in spatial transcriptomics via
collective optimal transport. Nat Methods 20: 218–228. doi:10.1038/
s41592-022-01728-4

Chen H, Liu W, Wang Y, Liu D, Zhao L, Yu J. 2021. SARS-CoV-2 activates
lung epithelial cell proinflammatory signaling and leads to immune
dysregulation in COVID-19 patients. EBioMedicine 70: 103500. doi:10
.1016/j.ebiom.2021.103500

Chen A, Liao S, ChengM,Ma K,Wu L, Lai Y, Qiu X, Yang J, Xu J, Hao S, et al.
2022. Spatiotemporal transcriptomic atlas of mouse organogenesis us-
ing DNA nanoball-patterned arrays. Cell 185: 1777–1792.e21. doi:10
.1016/j.cell.2022.04.003

Cheng JY, Zhang J, Wu ZD, Sun XQ. 2021. Inferring microenvironmental
regulation of gene expression from single-cell RNA sequencing data us-
ing scMLnet with an application to COVID-19. Brief Bioinform 22: 988–
1005. doi:10.1093/bib/bbaa327

Cherry C, Maestas DR, Han J, Andorko JI, Cahan P, Fertig EJ, Garmire LX,
Elisseeff JH. 2021. Computational reconstruction of the signalling net-
works surrounding implanted biomaterials from single-cell transcriptom-
ics. Nat Biomed Eng 5: 1228–1238. doi:10.1038/s41551-021-00770-5

Cillo AR, KürtenCHL, Tabib T,Qi Z,Onkar S,WangT, Liu A, Duvvuri U, Kim
S, Soose RJ, et al. 2020. Immune landscape of viral- and carcinogen-driv-
en head and neck cancer. Immunity 52: 183–199.e9. doi:10.1016/j
.immuni.2019.11.014

Dimitrov D, Türei D, Garrido-Rodriguez M, Burmedi PL, Nagai JS, Boys C,
Ramirez Flores RO, Kim H, Szalai B, Costa IG, et al. 2022. Comparison
of methods and resources for cell-cell communication inference from
single-cell RNA-seq data. Nat Commun 13: 3224. doi:10.1038/s41467-
022-30755-0

Dries R, ZhuQ, Dong R, Eng CHL, Li HP, Liu K, Fu YT, Zhao TX, Sarkar A, Bao
F, et al. 2021. Giotto: a toolbox for integrative analysis and visualization
of spatial expression data. Genome Biol 22: 78. doi:10.1186/s13059-021-
02286-2

Efremova M, Vento-Tormo M, Teichmann SA, Vento-Tormo R. 2020.
CellPhoneDB: inferring cell-cell communication from combined ex-
pression of multi-subunit ligand-receptor complexes. Nat Protoc 15:
1484–1506. doi:10.1038/s41596-020-0292-x

Eng CL, Lawson M, Zhu Q, Dries R, Koulena N, Takei Y, Yun J, Cronin C,
Karp C, Yuan GC, et al. 2019. Transcriptome-scale super-resolved imag-
ing in tissues by RNA seqFISH+. Nature 568: 235–239. doi:10.1038/
s41586-019-1049-y

Fischer DS, Schaar AC, Theis FJ. 2023. Modeling intercellular communica-
tion in tissues using spatial graphs of cells. Nat Biotechnol 41: 332–
336. doi:10.1038/s41587-022-01467-z

Francis K, Palsson BO. 1997. Effective intercellular communication distanc-
es are determined by the relative time constants for cyto/chemokine
secretion and diffusion. Proc Natl Acad Sci 94: 12258–12262. doi:10
.1073/pnas.94.23.12258

Froemke RC, Young LJ. 2021. Oxytocin, neural plasticity, and social behav-
ior. Annu Rev Neurosci 44: 359–381. doi:10.1146/annurev-neuro-
102320-102847

Gracia Villacampa E, Larsson L, Mirzazadeh R, Kvastad L, Andersson A,
Mollbrink A, Kokaraki G, Monteil V, Schultz N, Appelberg KS, et al.
2021. Genome-wide spatial expression profiling in formalin-fixed tis-
sues. Cell Genom 1: 100065. doi:10.1016/j.xgen.2021.100065

HaoY,Hao S,Andersen-NissenE,MauckWM,Zheng S, Butler A, LeeMJ,Wilk
AJ, Darby C, Zagar M, et al. 2021. Integrated analysis of multimodal sin-
gle-cell data. Cell 184: 3573–3587.e29. doi:10.1016/j.cell.2021.04.048

HeC, Zhou P,NieQ. 2023. exFINDER: identify external communication sig-
nals using single-cell transcriptomics data. Nucleic Acids Res 51: e58.
doi:10.1093/nar/gkad262

Hu C, Chu CY, Liu L,Wang CB, Jin SE, Yang RL, Rung SA, Li JD, Qu YL, Man
Y. 2021a. Dissecting the microenvironment around biosynthetic scaf-
folds in murine skin wound healing. Sci Adv 7: eabf0787. doi:10.1126/
sciadv.abf0787

HuY, Peng T, Gao L, Tan K. 2021b. CytoTalk: de novo construction of signal
transduction networks using single-cell transcriptomic data. Sci Adv 7:
eabf1356. doi:10.1126/sciadv.abf1356

Jin S, Guerrero-Juarez CF, Zhang L, Chang I, Ramos R, Kuan CH, Myung P,
Plikus MV, Nie Q. 2021. Inference and analysis of cell-cell communica-
tion using CellChat. Nat Commun 12: 1088. doi:10.1038/s41467-021-
21246-9

Jin S, Plikus MV, Nie Q. 2025. CellChat for systematic analysis of cell-cell
communication from single-cell and spatially resolved transcriptomics.
Nat Protoc 20: 180–219. doi:10.1038/s41596-024-01045-4

Jing J, Feng J, Li J, Zhao H, Ho T-V, He J, Yuan Y, Guo T, Du J, Chai Y. 2021.
Reciprocal interaction betweenmesenchymal stem cells and transit am-
plifying cells regulates tissue homeostasis. eLife 10: e59459. doi:10
.7554/eLife.59459

Kennedy-Darling J, Bhate SS, Hickey JW, Black S, Barlow GL, Vazquez G,
Venkataraaman VG, Samusik N, Goltsev Y, Schürch CM, et al. 2021.
Highly multiplexed tissue imaging using repeated oligonucleotide ex-
change reaction. Eur J Immunol 51: 1262–1277. doi:10.1002/eji
.202048891

Kuppe C, IbrahimMM, Kranz J, Zhang XT, Ziegler S, Perales-Patón J, Jansen
J, Reimer KC, Smith JR, Dobie R, et al. 2021. Decodingmyofibroblast or-
igins in human kidney fibrosis. Nature 589: 281–286. doi:10.1038/
s41586-020-2941-1

László L. 1996. Random walks on graphs: a survey. Department of Computer
Science, Yale University, New Haven, CT.

Li H,Ma T,HaoM,GuoW,Gu J, ZhangX,Wei L. 2023. Decoding functional
cell–cell communication events bymulti-view graph learning on spatial
transcriptomics. Brief Bioinform 24: bbad359. doi:10.1093/bib/bbad359

stMLnet for multicellular signaling loops

Genome Research 1413
www.genome.org

 Cold Spring Harbor Laboratory Press on June 13, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
https://github.com/SunXQlab/stMLnet-simulation
https://github.com/SunXQlab/stMLnet-simulation
https://github.com/SunXQlab/stMLnet-simulation
https://github.com/SunXQlab/stMLnet-simulation
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
https://github.com/SunXQlab/stMLnet
https://github.com/SunXQlab/stMLnet
https://github.com/SunXQlab/stMLnet
https://github.com/SunXQlab/stMLnet
https://github.com/SunXQlab/stMLnet
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
https://github.com/SunXQlab/stMLnet-AnalysisCode
https://github.com/SunXQlab/stMLnet-AnalysisCode
https://github.com/SunXQlab/stMLnet-AnalysisCode
https://github.com/SunXQlab/stMLnet-AnalysisCode
https://github.com/SunXQlab/stMLnet-AnalysisCode
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279857.124/-/DC1
https://github.com/SunXQlab/stMLnet-simulation
https://github.com/SunXQlab/stMLnet-simulation
https://github.com/SunXQlab/stMLnet-simulation
https://github.com/SunXQlab/stMLnet-simulation
http://genome.cshlp.org/
http://www.cshlpress.com


Liu Z, Sun D, Wang C. 2022. Evaluation of cell-cell interaction methods by
integrating single-cell RNA sequencing data with spatial information.
Genome Biol 23: 218. doi:10.1186/s13059-022-02783-y

Liu Y, DiStasioM, SuG, AsashimaH, Enninful A, Qin X, Deng Y, Nam J, Gao
F, Bordignon P, et al. 2023. High-plex protein and whole transcriptome
co-mapping at cellular resolution with spatial CITE-seq. Nat Biotechnol
41: 1405–1409. doi:10.1038/s41587-023-01676-0

Liu J, Manabe H, QianW,Wang Y, Gu Y, Chu AKY, Gadhvi G, Song Y, Ono
N, Welch JD. 2024. Cytosignal detects locations and dynamics of li-
gand-receptor signaling at cellular resolution from spatial transcrip-
tomic data. bioRxiv doi:10.1101/2024.03.08.584153

Longo SK, GuoMG, Ji AL, Khavari PA. 2021. Integrating single-cell and spa-
tial transcriptomics to elucidate intercellular tissue dynamics. Nat Rev
Genet 22: 627–644. doi:10.1038/s41576-021-00370-8

Lü L, Zhou T. 2011. Link prediction in complex networks: a survey. Physica
A 390: 1150–1170. doi:10.1016/j.physa.2010.11.027

Luo J, DengM, Zhang X, Sun X. 2023. ESICCC as a systematic computation-
al framework for evaluation, selection, and integration of cell-cell com-
munication inference methods. Genome Res 33: 1788–1805. doi:10
.1101/gr.278001.123

Merad M, Martin JC. 2020. Pathological inflammation in patients with
COVID-19: a key role for monocytes and macrophages. Nat Rev
Immunol 20: 355–362. doi:10.1038/s41577-020-0331-4

Meyer PE. 2008. “Information-theoretic variable selection and network in-
ference frommicroarray data.” PhD thesis, Université Libre de Bruxelles.

Miura TA. 2019. Respiratory epithelial cells as master communicators dur-
ing viral infections. Curr Clin Microbiol Rep 6: 10–17. doi:10.1007/
s40588-019-0111-8

Moffitt JR, Bambah-MukkuD, Eichhorn SW, Vaughn E, Shekhar K, Perez JD,
Rubinstein ND, Hao J, Regev A, Dulac C, et al. 2018. Molecular, spatial,
and functional single-cell profiling of the hypothalamic preoptic re-
gion. Science 362: eaau5324. doi:10.1126/science.aau5324

Moss A, Robbins S, Achanta S, Kuttippurathu L, Turick S, Nieves S, Hanna P,
Smith EH, Hoover DB, Chen J, et al. 2021. A single cell transcriptomics
map of paracrine networks in the intrinsic cardiac nervous system.
iScience 24: 102713. doi:10.1016/j.isci.2021.102713

Ni X, Wu W, Sun X, Ma J, Yu Z, He X, Cheng J, Xu P, Liu H, Shang T, et al.
2022. Interrogating glioma-M2 macrophage interactions identifies Gal-
9/Tim-3 as a viable target against PTEN-null glioblastoma. Sci Adv 8:
eabl516. doi:10.1126/sciadv.abl5165

Noël F, Massenet-Regad L, Carmi-Levy I, Cappuccio A, Grandclaudon M,
Trichot C, Kieffer Y, Mechta-Grigoriou F, Soumelis V. 2021. Dissection of
intercellular communication using the transcriptome-based framework
ICELLNET. Nat Commun 12: 1089. doi:10.1038/s41467-021-21244-x

Palla G, Spitzer H, KleinM, Fischer D, Schaar AC, Kuemmerle LB, Rybakov S,
Ibarra IL, Holmberg O, Virshup I, et al. 2022. Squidpy: a scalable frame-
work for spatial omics analysis. Nat Methods 19: 171–178. doi:10.1038/
s41592-021-01358-2

Peteranderl C, Morales-Nebreda L, Selvakumar B, Lecuona E, Vadász I,
Morty RE, Schmoldt C, Bespalowa J, Wolff T, Pleschka S, et al. 2016.
Macrophage-epithelial paracrine crosstalk inhibits lung edema clear-
ance during influenza infection. J Clin Invest 126: 1566–1580. doi:10
.1172/JCI83931

Pham D, Tan X, Balderson B, Xu J, Grice LF, Yoon S, Willis EF, TranM, Lam
PY, Raghubar A, et al. 2023. Robustmapping of spatiotemporal trajecto-
ries and cell-cell interactions in healthy and diseased tissues. Nat
Commun 14: 7739. doi:10.1038/s41467-023-43120-6

Pires-daSilva A, Sommer RJ. 2003. The evolution of signalling pathways in
animal development. Nat Rev Genet 4: 39–49. doi:10.1038/nrg977

Quail DF, Bowman RL, Akkari L, Quick ML, Schuhmacher AJ, Huse JT,
Holland EC, Sutton JC, Joyce JA. 2016. The tumor microenvironment
underlies acquired resistance to CSF-1R inhibition in gliomas. Science
352: aad3018. doi:10.1126/science.aad3018

Ravi VM,Will P, Kueckelhaus J, SunN, JosephK, SaliéH,Vollmer L, Kuliesiute
U, vonEhr J, Benotmane JK, et al. 2022. Spatially resolvedmulti-omics de-
ciphers bidirectional tumor-host interdependence in glioblastoma.
Cancer Cell 40: 639–655.e13. doi:10.1016/j.ccell.2022.05.009

R Core Team. 2021. R: a language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna. https://www.R-project
.org/.

Ritchie EM, Phipson B, Wu D, Hu Y, Law CW, Shi W, Smyth GK. 2015.
limma powers differential expression analyses for RNA-sequencing

and microarray studies. Nucleic Acids Res 43: e47. doi:10.1093/nar/
gkv007

Romero F, Shah D, Duong M, Penn RB, Fessler MB, Madenspacher J,
Stafstrom W, Kavuru M, Lu B, Kallen CB, et al. 2015. A pneumocyte-
macrophage paracrine lipid axis drives the lung toward fibrosis. Am J
Respir Cell Mol Biol 53: 74–86. doi:10.1165/rcmb.2014-0343OC

Saito T, Rehmsmeier M. 2015. The precision-recall plot is more informative
than the ROC plot when evaluating binary classifiers on imbalanced
datasets. PLoS One 10: e0118432. doi:10.1371/journal.pone.0118432

Saito T, Rehmsmeier M. 2017. Precrec: fast and accurate precision-recall and
ROC curve calculations in R. Bioinformatics 33: 145–147. doi:10.1093/
bioinformatics/btw570

Sales G, Calura E, Romualdi C. 2019. metaGraphite: a new layer of pathway
annotation to get metabolite networks. Bioinformatics 35: 1258–1260.
doi:10.1093/bioinformatics/bty719

Santoso CS, Li Z, Rottenberg JT, Liu X, Shen VX, Fuxman Bass JI. 2021.
Therapeutic targeting of transcription factors to control the cytokine re-
lease syndrome inCOVID-19. Front Pharmacol12: 673485. doi:10.3389/
fphar.2021.673485

Shao X, Li C, YangH, Lu X, Liao J, Qian J,WangK, Cheng J, Yang P, ChenH,
et al. 2022. Knowledge-graph-based cell-cell communication inference
for spatially resolved transcriptomic data with SpaTalk. Nat Commun
13: 4429. doi:10.1038/s41467-022-32111-8

Stickels RR, Murray E, Kumar P, Li J, Marshall JL, Di Bella DJ, Arlotta P,
Macosko EZ, Chen F. 2021. Highly sensitive spatial transcriptomics at
near-cellular resolution with Slide-seqV2. Nat Biotechnol 39: 313–319.
doi:10.1038/s41587-020-0739-1

Su S, Liu Q, Chen J, Chen J, Chen F, He C, Huang D,WuW, Lin L, HuangW,
et al. 2014. A positive feedback loop between mesenchymal-like cancer
cells and macrophages is essential to breast cancer metastasis. Cancer
Cell 25: 605–620. doi:10.1016/j.ccr.2014.03.021

Svensson V, Vento-Tormo R, Teichmann SA. 2018. Exponential scaling of
single-cell RNA-seq in the past decade. Nat Protoc 13: 599–604. doi:10
.1038/nprot.2017.149

Tanevski J, Flores ROR, Gabor A, Schapiro D, Saez-Rodriguez J. 2022.
Explainable multiview framework for dissecting spatial relationships
from highly multiplexed data. Genome Biol 23: 97. doi:10.1186/
s13059-022-02663-5

Türei D, Korcsmáros T, Saez-Rodriguez J. 2016. OmniPath: guidelines and
gateway for literature-curated signaling pathway resources. Nat
Methods 13: 966–967. doi:10.1038/nmeth.4077

Walker BL, Cang ZX, Ren HL, Bourgain-Chang E, Nie Q. 2022. Deciphering
tissue structure and function using spatial transcriptomics.CommunBiol
5: 220. doi:10.1038/s42003-022-03175-5

Warfvinge K, Krause D, Edvinsson L. 2020. The distribution of oxytocin and
the oxytocin receptor in rat brain: relation to regions active inmigraine.
J Headache Pain 21: 10. doi:10.1186/s10194-020-1079-8

Wilk AJ, Shalek AK, Holmes S, Blish CA. 2024. Comparative analysis of cell–
cell communication at single-cell resolution. Nat Biotechnol 42: 470–
483. doi:10.1038/s41587-023-01782-z

Wu SZ, Al-Eryani G, Roden DL, Junankar S, Harvey K, Andersson A,
Thennavan A, Wang CF, Torpy JR, Bartonicek N, et al. 2021. A single-
cell and spatially resolved atlas of human breast cancers. Nat Genet 53:
1334–1347. doi:10.1038/s41588-021-00911-1

YangW,Wang P, Xu S, Wang T, Luo M, Cai Y, Xu C, Xue G, Que J, Ding Q,
et al. 2024. Deciphering cell–cell communication at single-cell resolu-
tion for spatial transcriptomics with subgraph-based graph attention
network. Nat Commun 15: 7101. doi:10.1038/s41467-024-51329-2

Zhang J, Guan MG, Wang QL, Zhang JJ, Zhou TS, Sun XQ. 2020. Single-cell
transcriptome-based multilayer network biomarker for predicting prog-
nosis and therapeutic response of gliomas. Brief Bioinform 21: 1080–
1097. doi:10.1093/bib/bbz040

Zhang Y, Liu T, Hu X, WangM,Wang J, Zou B, Tan P, Cui T, Dou Y, Ning L,
et al. 2021. CellCall: integrating paired ligand–receptor and transcrip-
tion factor activities for cell–cell communication. Nucleic Acids Res 49:
8520–8534. doi:10.1093/nar/gkab638

Zhao Y, Zhao Z, Wang Y, Zhou Y, Ma Y, Zuo W. 2020. Single-cell RNA ex-
pression profiling of ACE2, the receptor of SARS-CoV-2. Am J Respir
Crit Care Med 202: 756–759. doi:10.1164/rccm.202001-0179LE

Received October 23, 2024; accepted in revised form April 10, 2025.

Yan et al.

1414 Genome Research
www.genome.org

 Cold Spring Harbor Laboratory Press on June 13, 2026 . Published by genome.cshlp.orgDownloaded from 

https://www.R-project.org/
https://www.R-project.org/
https://www.R-project.org/
https://www.R-project.org/
https://www.R-project.org/
http://genome.cshlp.org/
http://www.cshlpress.com

