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Abstract

Cell-cell communication regulates complex biological processes in multicellular
systems. Existing scRNA-seg-based methods typically aggregate gene expression

by clusters, overlooking within-cluster heterogeneity. We present scComm, a compu-
tational framework that infers cell-cell communications between individual cells using
supervised contrastive learning. In simulations, scComm outperforms other methods
and achieves up to 95% accuracy. Applied to colorectal cancer, it reveals cell-cell com-
munications linked to PD-1 blockade response and tertiary lymphoid structures. In liver
cancer, it identifies three novel tumor subtypes and angiogenesis-promoting neutro-
phil subtypes that have unique tumor microenvironments. scComm enables high-
resolution cell-cell communication analysis, uncovering biological insights missed

by existing approaches.

Keywords: Cell-cell communications, Single-cell resolution, Ligand-receptor
pair selection, Supervised contrastive learning, Intratumoral heterogeneity, Tumor
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Background

Cell-cell communications (CCCs) regulate the dynamic coordination of biological pro-
cesses in multicellular organisms between neighboring and distant cells [1-3]. Intercel-
lular signaling involves the exchange of ligands, receptors, and downstream signaling
molecules that allow cells to influence each other’s behavior such as proliferation, dif-
ferentiation, and migration. Characterizing these communication networks is crucial
for understanding how cells cooperate to sustain normal tissue function and how their
dysregulation leads to disease. The CCC events are primarily initiated through the bind-
ing of ligands released by sender cells to corresponding receptors on receiver cells, and
can be inferred by analyzing the expression of genes encoding ligands and receptors [4].
Starting from 2015, several Ligand-Receptor (L-R) databases containing hundreds to
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thousands L-R gene pairs have been built through literature curation and experimental
validation [5-10].

Cell-cell communication inference methods generally follow one of two strate-
gies: top-down or bottom-up. Top-down approaches first group cells into predefined
clusters or cell types, then aggregate L-R expression within each group to infer com-
munication between groups. In contrast, bottom-up approaches begin by inferring
interactions between individual cells, and subsequently group cells based on the simi-
larity of their communication profiles. While top-down methods, such as CellChat
and CellPhoneDB [10-20], are computationally efficient, they ignore the cellular het-
erogeneity within clusters and often miss interactions involving rare or functionally
distinct subpopulations. This limitation is particularly significant in tumor tissues,
where malignant cells exhibit extremely high heterogeneity, making it challenging to
classify them into definite functional subclusters and analyze CCC events related to
tumor subclusters. Bottom-up methods can, in principle, capture this heterogene-
ity and reveal communication-defined cell communities that do not align with con-
ventional cell type labels. However, current methods designed for inferring CCCs
between individual cells generates an enormous volume of interaction information
without filtering or statistical evaluation, making it difficult to distinguish biologi-
cally meaningful interactions from background noises. Without effective strategies to
extract key CCC events, valuable biological insights may be overlooked. Thus, there is
an urgent need for computational frameworks that can simultaneously evaluate CCCs
without the constrain of prior clustering and identify the most informative interac-
tions from the high-dimensional data. Another important challenge in CCC predic-
tion lies in the variability of L-R databases. As highlighted by Dimitrov et al., CCC
inference heavily depends on these prior-knowledge resources, yet existing data-
bases differ substantially in their content [20]. Consequently, the choice of database
can markedly influence the inferred interactions and their functional interpretation.
Computational methods should be designed to ensure robustness against database
selection.

To address these challenges, we introduce scComm, a bottom-up computational tool
designed to infer CCCs at single-cell resolution. scComm applies a data-adaptive weight-
ing and scoring module to assign weight to L-R pairs according to their importance and
employs a supervised contrastive learning framework to detect significant CCC events.
scComm demonstrates superior performances on the accuracy and sensitivity of CCC
detection in both simulated datasets and eight real-world datasets. When applied to a
colorectal cancer dataset, scComm reveals enhanced chemokine-mediated CCC activity
associated with tertiary lymphoid structure formation, providing explanation for ther-
apy responsiveness across three patient groups. This also demonstrates the capability of
scComm in detecting cell-type level CCCs. Further, we apply scComm to a large liver
cancer cohort collected by our lab and detect the novel neutrophil subtypes with distinct
intercellular communication patterns that promote tumor angiogenesis, offering expla-
nation for tumor progression and the poor prognosis. In addition, scComm identifies
three novel tumor cell subtypes characterized by their interaction patterns and distinct
tumor microenvironments, where the tumor subtype exhibiting low immune infiltration

associates with higher malignancy. Notably, scComm quantifies the interaction scores
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and describes the microenvironment for each single cell, providing as a CCC-based cell

clustering tool in this study.

Results

Overview of the single-cell resolution CCC detection algorithm scComm

scComm takes a gene-by-cell expression matrix with annotated cell types from sin-
gle cell RNA-seq data as input. It uses ligand-receptor (L-R) database as references
to quantify the L-R pairs among single cells. The scComm workflow is organized
into three modules (Fig. 1a). In the first module, we apply the data-adaptive strategy
to assign weights to L-R pairs based on their likelihood determined by three factors:
specificity, competitiveness, and activity. The specificity weight measures whether
an L-R pair is enriched in particular cell groups using the term frequency-inverse
document frequency (TF-IDF) method. The competitiveness weight assesses the
binding potential of ligands and receptors. For instance, when multiple ligands tar-
get the same receptor, those with higher expression levels are more likely to engage
in signaling. The activity weight measures the functional relevance of an L-R pair by
analyzing the co-expression pattern of the receptor gene and associated transcrip-
tion factors. A low activity weight suggests that the ligand and receptor genes are co-
expressed by chance rather than participating in meaningful communication. This
weighting process helps filter out L-R pairs with minimal impact on cell interactions
and mitigates inconsistencies across different L-R databases. Notably, well-estab-
lished L-R pairs, frequently observed in multiple databases, tend to have greater bio-
logical significance compared to rare or unvalidated pairs [20].

The second module calculates interaction scores for each cell pair across L-R pairs
by multiplying the L-R pair’s weight with the normalized geometric mean of the L-R
gene expressions, based on the assumption that key L-R genes, often characterized by
high expression levels, are more influential in intercellular communication, while those
with lower expression may be less significant [21]. We adopt normalization to interac-
tion scores to ensure that the relative expression levels of L-R pairs are accurately rep-
resented, mitigating the impact of extreme expression values. This module generates a
comprehensive L-R pair-by-cell-by-cell interaction tensor with high dimensionality.

We apply a supervised contrastive learning framework for distinguishing significant
CCC events from background noises (Fig. 1b, Methods). The goal of contrastive learning
is to learn latent patterns among high-confidence CCC scores within the existing scoring
framework. In the absence of ground truth for true CCC events, a data augmentation
strategy is used to generate positive samples for contrastive learning, while cell label per-
mutation is applied to construct negative samples. Feature embeddings of cell groups are
obtained using a multilayer perceptron (MLP) encoder. The model is trained by mini-
mizing the SupCon loss [22]. This contrastive learning framework enables the identifica-
tion of significant CCC events at both the cell group and single-cell levels.

The final module outputting interaction data with three parts: 1) cell-cell interac-
tion score, which is not symmetric, reflecting the directional feature of cell interactions,
where the influence of cell A on cell B may differ from that of cell B on cell A. 2) cell
type/group aggregation, which is an L-R pair-by-cell type/group interaction matrix.
Each matrix entry represents the mean interaction score between cells belonging to
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Fig. 1 scComm workflow. a The scComm pipeline integrates single-cell RNA gene expression data and a
ligand-receptor (L-R) database to dynamically assign weights to each L-R pair according to their specificity,
competitiveness, and downstream activity in this dataset. Cell-cell communication scores are calculated
according to the gene expression and L-R pair weight. The resulting scoring matrix facilitates the assessment

of aggregated interactions (1), aggregation to the cell type level

or custom grouping (2), and inference

of interaction patterns (3). b The supervised contrastive learning framework for identifying significant
interacting cell pairs and/or cell type pairs. Cell type pairs having top 5% interacting score are regarded as
true CCC events, followed by the data augmentation strategy for generating positive training samples. Cell
label permutation strategy is applied to generate negative training samples. These samples are mapped
to low-dimensional space by a MLP encoder and SupCon loss function is applied to train the network.

c The applications of scComm in this article: the cell-cell interaction profiling between cell types under
various conditions (1), cell clustering using the interaction scores as feature vector (2), and specifically, the
identification of the subtypes of neutrophils and tumor cells in the liver cancer study (3, 4)

the respective cell types or custom groups, aligning with traditional interaction analy-
sis methods. The result from contrastive learning determines the significance CCCs
between two cell clusters. We also perform statistical tests to determine the statistical
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significance of L-R pairs within specific cell clusters. 3) L-R pair interaction score as cell
features: scComm generates a cell feature matrix where each element of the cell feature
vector represents the interaction scores between the specific cell and other cell types on
the given L-R pairs. These output options are designed to accommodate diverse analyti-
cal needs and to optimize the usability of scComm’s interaction scoring system (Fig. 1c).

scComm detects CCCs with high accuracy and sensitivity in simulated data

We evaluated the performance of scComm using simulated datasets, where the back-
ground gene expression was sampled from a real cancer dataset (reference dataset)
[23]. We then randomly introduced three distinct interaction groups, termed True
Positives (TP), each characterized by the varying number of L-R pairs, proportions of
cells engaged in interactions, and fold changes in the gene expressions of ligands and
receptors (Methods). We validated that the simulated datasets reflected real single-cell
data by comparing the distribution of gene expression between simulated datasets and
reference dataset (Additional File 1: Fig. S1 and Methods). In our comparative analysis,
scComm was evaluated against nine methodologies, including CellChat, CellphoneDB
(V3 and V5), NICHES, CellTalker, SingleCellSignalR, Scriabin, ICELLNET, NATMI, and
CytoTalk. Given that the majority of these algorithms deduce interactions at the cell type
level, we first compared the performance of scComm with other methods at cell-type
resolution. We evaluated the proportion of TPs among the top 5 scoring cell-type pairs
for each method and scenario. scComm identified the overall highest proportion (87%
in average) of TPs, outperforming CellChat (76%), NATMI (60%), NICHES (57%), and
CellphoneDB (44%), as illustrated in Fig. 2a. The number of L-R pairs introduced in the
communications had little impact on the CCC detection for all methods, as the detect-
ing proportion remained constant across three settings. scComm had a robust perfor-
mance when the proportion of cells engaged in the CCCs varied, while the performance
of CellChat and NICHES was notably diminished under conditions of minimal cell pro-
portion. We noticed that most methods exhibited reduced sensitivity when the L-R gene
overexpression level was very low, primarily due to the low signal-to-noise ratio (SNR)
(Fig. 2a and Additional File 1: Fig. S2a).

To better mimic real-world complexity, we performed additional simulation study
considering unequal numbers of cells across cell types, varying levels of dropout, and
mis-annotated cell types (Methods). scComm, CellphoneDB, NATMI, and ICELLNET
exhibited stable performance under the varying level of dropout and cell-type misan-
notation, where the performance of CellChat decreased significantly in noisier situations
(Additional File 1: Fig. S2b-d). In the scenario with uneven cell group sizes, scComm
and other methods had a reduced performance when reporting CCCs involving larger
cell groups. This can be explained by the permutation-based background construction
in scComm: when a cell group is large, random label permutations often retain many
cells of that group. Consequently, the statistical test becomes more stringent, making it
harder for observed scores to reach significance.

We then evaluated the performance of CCC detection at single-cell resolution
against two methods, Scriabin and NICHES (cell-to-cell version). In our comparison
of the proportion of detected interacting cells among three single-cell resolution meth-
ods, scComm consistently detected a greater number of interactions (86% cell pairs in
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average) across all tested scenarios, outperforming Scriabin (59%) and NICHES (49%)
(Fig. 2b). scComm had an overall robust performance at different conditions of simu-
lated scenarios, in contrast, the performance of Scriabin and NICHES reduced under
challenging conditions of all three scenarios. The study again demonstrated that the
superior performance of scComm in discovering the cell pairs involved in CCCs.

In addition, we evaluated the effect of three weights in the L-R weighting step by set-
ting one or more weights to 1 and comparing with the full model. The specificity weight
substantially contributed to the detection, resulting in a 18% increase in the detec-
tion rate (Fig. 2c). The other two weights also enhanced the results, with a 3% and 4%
improvement, respectively. The study proved that the superior performance was attrib-
uted to scComm’s sophisticated weighting algorithm, especially the measurement of
specificity, which ensured reliable results even when faced with variations in the number

of L-R pairs or the proportion of interacting cells.
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Further, we performed an ablation study to systematically evaluate the contribution of
weighting, score normalization, and contrastive learning module. To evaluate the contri-
bution of each component, we conducted a full 2 x 2 x 2 ablation study on the simula-
tion benchmark. In this analysis, each module of scComm was independently disabled
as follows: (i) when the weighting scheme was removed, all L-R pairs were assigned
weight =1; (ii) when the geometric scoring module was disabled, we used only the geo-
metric mean of ligand and receptor expression without the normalization step; and
(iii) when the contrastive learning was removed, we directly used the raw CCC scores
and selected the top 5% as positives, exactly as requested by the reviewer. These three
binary choices generated eight model variants covering all possible combinations. The
full scComm model overall achieved best performance among its variants, particularly
in terms of precision (Fig. 2d). Disabling the weighting or normalization modules led to
substantial drops in accuracy, highlighting their essential roles in stabilizing the scor-
ing structure. The contrastive learning module further improved precision by reducing
false-positive calls; for example, among the top 5-scoring CCC pairs, two false positives
that were included when using raw scores alone were filtered. Together, the ablation
study demonstrated the effectiveness of all three modules of scComm, and that the full
model is necessary to achieve its best performance.

scComm provides technically reliable outcomes in real-world datasets

To examine scComm’s prediction, we sought to demonstrate the biological validity of
detected CCCs. We adopted spatial transcriptomic datasets based on the fact that cell
pairs with strong interactions are likely to be physically adjacent. We employed scComm
on three spatial transcriptomic datasets [24—26], treating the spots as single cells and
assigning the cell type of spots using Seurat [27] (Fig. 3a). All three datasets were gener-
ated from 10X Visium protocol, with spot size of 55 pum. CCC scores were calculated
using contact-dependent L-R pairs annotated in CellChatDB. We observed that the
interaction scores between target spot and adjacent spots were elevated compared with
distant spots (Fig. 3b). We computed the correlation coefficient between CCC scores and
the distance between cell pairs. We observed a negative correlation (the median ranging
from —0.3 to —0.05) between CCC scores and the distance for cells with higher inter-
actions in all datasets (Fig. 3c), while this correlation held on only one dataset for cells
with lower interactions, potentially due to the low SNR when interaction scores are low.
Furthermore, cells predicted to be highly interacting (Top 1% of the interaction score)
were found to be in significantly closer proximity compared to distances between ran-
dom cell pairs (Fig. 3d). The results demonstrated that the interaction scores generated
by scComm were supported by spatial proximity of the cells.

We also conducted a performance assessment using real-world datasets [23, 28-30],
including two liver cancer datasets, one ovarian cancer dataset, and one pituitary neu-
roendocrine tumor dataset. In the absence of a definitive gold standard for CCCs in
real data, we evaluated the concordance between methods by calculating the correla-
tion of interaction scores between cell types. The CCC scores from scComm, CellChat,
NICHES, NATM]I, and CellphoneDB exhibited a high degree of correlation, whereas the
interaction scores from SingleCellSignalR and CellTalker diverged from the consensus
(Additional File 1: Fig. S3).
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Fig. 3 Technical evaluation on real datasets reveals the reliability of scComm. a The description of workflow
to validate scComm using spatial transcriptomic datasets. b The interaction scores between one spot
(marked by an arrow) and other spots. ¢ The correlation between CCC scores and cell pair distances in three
datasets (n=2054, 1185, 4654 samples). d The density plots showing the distribution of cell-cell distances
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literature and databases for the L-R pairs against their weights measured by scComm. Pearson’s correlations
were calculated. f The distribution of correlation coefficients of competitiveness weight, CCC score between
cell types, and CCC scores between single cells across different L-R databases. g The correlation coefficient
of competitiveness weight, CCC score between cell types, and CCC scores between single cells between
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We next demonstrated that scComm can reduce the influence of L-R database selec-
tion by assigning appropriate weights to L-R pairs. A higher weight assigned to an L-R
pair denotes a higher probability and significance in contributing to an intercellular com-
munication event. We observed a good correlation between the weight of L-R pairs and
the number of references or databases supporting the L-R pairs, as shown in Fig. 3e. In
addition, we applied scComm to a single-cell dataset with eight different L-R databases
(OmniPath, CellChatDB, CellPhoneDB, Ramilowski, FANTOMS5, ICELLNET, Connec-
tomeDB2020, and SingleCellSignalR) to evaluate the robustness of CCC predictions.
These datasets varied significantly as shown in Additional File 1: Fig. S4a. We observed
CCC scores between cell groups or cell pairs had strong pair-wise correlations (median
of ~0.7-0.85), and competitiveness weight remained consistent across databases

Page 8 of 32



Jin et al. Genome Biology ~ (2026) 27:149 Page 9 of 32

(median correlation of 0.85, Fig. 3f, and Additional File 1: Fig. S4b-e). To further evaluate
robustness under noisy conditions, we performed three perturbation experiments: (1)
addition of 100 random different artificial L-R pairs for each database, (2) random dele-
tion of 100 true L-R pairs for each database, and (3) deletion of 50 shared pairs across all
databases. We observed high pairwise correlations of competitiveness weight and CCC
scores between cell groups/cell pairs across these perturbed databases (Additional File
1: Fig. S5a), and these metrics remained highly correlated with the unperturbed results
(Fig. 3g and Additional File 1: Fig. S5b, c). The finding suggests that scComm is robust to
the selection and variation of L-R databases.

scComm predicts the functional ligand-receptor pairs on the patients with different
therapy response in colorectal cancer

Colorectal cancer (CRC) is one of the most common cancer diseases worldwide, charac-
terized by high microenvironmental heterogeneity. Although a wide range of treatment
options are available for CRC, clinical outcomes remain highly variable among patients
[31]. We apply scComm to a recently published human CRC scRNA-seq dataset [32],
which contains 169 samples from 22 patients before and after PD-1 blockade therapy.
Patients were categorized into three groups based on their response to therapy: the com-
plete response group (CR), the partial response group (PR), and the steady disease group
(SD).

Comparative analysis of computational methods revealed high correlations between
scComm, NICHES, CellphoneDB, NATMI, and CellChat results (Fig. 4a). scComm
exhibited overall the highest correlation coefficients with other methods. We then
compared the changes in score for each L-R pair before and after treatment for each
method. scComm exhibited the highest concordance with the consensus (96.5%), fol-
lowing by CellphoneDB (93.7%) and SingleCellSignalR (93.2%) (Fig. 4b). We then des-
ignated L-R pairs as the most active L-R pairs if the majority of methods reported their
interaction scores ranked within the top 1% of all L-R pairs. Figure 4c shows that over
98% of the most active L-R pairs were ranked within the top 1% by scComm. Addition-
ally, we conducted a pathway-based validation using curated KEGG signaling modules.
We selected a signaling pathway and retrieved all L-R pairs known to participate in this
pathway, defining them as positives, while all other L-R pairs were treated as negatives.
For each algorithm and given cell type-pair, we used the interaction scores to calculate
the AUROC (Area under ROC curve). scComm consistently achieved higher AUROC
values for biologically relevant receiver cell types (Wilcoxon test, p <0.05) across multi-
ple pathways and treatment stages (Additional File 1: Fig. S6). This result demonstrates
that scComm can better captures biologically meaningful signaling patterns, thereby
providing functional evidence of validity beyond inter-method agreement.

Next, we assessed the interactions before and after the treatment. The response
group, comprising CR and PR, exhibited an overall increase of the number of active
L-R pairs after the treatment, while the patients in the SD group had the opposite
trend (Fig. 4d and Additional File 2: Table S1). Specifically, CCCs involving T cells, B
cells, epithelial cells (including tumor cells), myeloid cells, and stromal cells increased
in CR and/or PR patients, while CCCs involving stromal cells and epithelial cells
decreased in SD patients (Additional File 1: Fig. S7a). The original study identified
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Fig.4 The cell-cell interaction analysis in colorectal cancer. a Pearson’s correlation of the CCC scores from
scComm and five methods. b The proportion of L-R pair score change (increase/decrease) that matched

the ground truth reported by each method. The ground truth was determined by the consensus from all
methods. ¢ The proportion of top 1% L-R pairs recognized by each method. d The number of ligand-receptor
having positive interaction score between each cell type across all cell types (left, n=56 samples) and
NMF2-specific cell types (right, n =8 samples) with all other cell types. The p-values were calculated using

a paired two-sided Student’s t-test. The center line in the boxplot is the median, bounds of boxes are the
interquartile of the data, whiskers represent minima/maxima excluding outliers and dots represents outliers
of beyond 1.5*Interquartile Range (IQR) from either end of the box. e Circos plot shows the interaction scores
between two cell types in CR and PR patients. The arrows start from a ligand and end in a receptor. The
width of the arrows denotes the ratio of the interaction score after treatment to the interaction score before
treatment. Interactions having higher score after the treatment (ratio greater than 2) are showed in color,
others are in grey. f The heatmap shows the interaction scores between cell types and GCB cells on given L-R
pairs. The right two heatmaps indicate the ratio of interaction scores after the before the treatment. g The cell
proportions in CR, PR, and SD patients before and after treatment. h The expression of genes related to TLS
formation and maturation. i The summary of our analysis for the conclusion that efficacy of PD-1 blockade
therapy is directly related to TLS formation. Numbers in the brackets indicate the percentage of change

five cellular programs (NMF1-NMF5) associated with distinct cell type compositions

and response patterns. scComm reported the most significant intercellular commu-
nication changes before and after the therapy in NMF2 (Fig. 4d and Additional File 1:
Fig. S7b), which mainly comprised of components of the tertiary lymphoid structure
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(TLS), including T follicular helper-like (Tfh) cells, T helper 1 (Th1) cells, naive T
cells, naive B cells, and germinal center B (GCB) cells. In patients with colorectal can-
cer and other types of cancer, the formation of TLS is often associated with improved
prognosis [33-37], in which GCB cells play a crucial role in this process [38]. We
observed a substantial increase in the intercellular interactions between GCB cells
and most cell types in NMF2 after the treatment in CR patients, while this increase
was limited to a few cell types in PR patients (Fig. 4e). CXCL13—-CXCRS signaling
axis was observed in tumor microenvironment (TME) for driving infiltration of B
cells but was not elucidated the specific B cell subtypes in the literature [38—40]. Our
results demonstrated that GCB cells were the main receiver cells of CXCL13—-CXCR5
signaling axis (Additional File 1: Fig. S8a). Tth and Th1 cells exhibited an increased
score of CXCL13—-CXCRS chemotactic interactions with GCB cells after the treat-
ment in both CR and PR group, which is also consistent with the proportion change
of GCB cells after treatment (Fig. 4f, Additional File 1: Fig. S8b, and Additional File
2: Table S2). The interactions with B cells via CXCL12—-CXCR4, CCL21--CCR?7,
and CCLI9—-CCR?7 were also reported to facilitate the formation of TLS [41-43],
where the sender cells were CCL19+ fibroblasts and CXCL12+ endothelial cells, as
indicated by our findings (Fig. 4f). Specifically, CCL21/CCL19--CCR?7 signaling was
enhanced significantly in the CR group, providing an explanation of the signal differ-
ences in TLS between CR and PR groups, potentially leading to different responses
to anti-PD1 therapy. We then evaluated the interaction scores of these chemotactic
L-R pairs obtained from existing methods and found that three out of five methods
provided results consistent with our findings (Additional File 1: Fig. S8¢c, 9). In addi-
tion to B cell chemotaxis, the infiltration of immune cells and their adhesion to stro-
mal cells also influence TLS formation [33]. We observed the key adhesion molecule
ICAMI1--ITGB2 was significantly activated between stromal cells and epithelial cells
in the CR group after treatment (Additional File 1: Fig. S8d). This finding further
suggested that the formation of TLS is favorable for enhanced therapy response and
improved prognosis. In CR patients, treatment led to an increase in the proportions
of B cells and stromal cells, while the proportion of epithelial cells decreased (Fig. 4g).

We examined the transcriptional characteristics of NMF2-associated cell types based
on their gene expression signatures based on gene expression signatures (Fig. 4h). The
key B cell chemokines such as CCL19, CCL21, and CXCLI2 were upregulated after
treatment in responding patients (CR and PR) but downregulated in stable disease
(SD) patients, indicating enhanced B cell and T cell recruitment. CXCLI13 expression
increased after treatment across all groups, but the magnitude of upregulation was
greater in CR and PR than in SD, indicating stronger B cell-T cell zone formation and
tertiary lymphoid structure (TLS) activation in responders. The stimulator of interferon
genes TMEM173, which is known to enhance antitumor immune responses [44], exhib-
ited distinct expression patterns across patient groups. Its expression showed a modest
reduction in CR, a slight increase in PR, and a marked downregulation in SD. TMEM173
encodes an adaptor protein in the cGAS-STING pathway, which promotes the produc-
tion of type I interferons (IFN-I) and pro-inflammatory cytokines in response to cyto-
solic DNA [45]. The suppression in SD suggests the impaired innate immune activation
and reduced interferon signaling [46]. We also performed KEGG pathway enrichment
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analysis of differentially expressed genes under different treatment conditions and
response groups and found that gene highly expressed on CR and PR samples correlated
with immune activation, whereas SD samples lacked such enrichment (Additional File 1:
Fig. S10).

The upregulation of IFNG, a gene associated with T cell function, represented
improved T cell activity. The expression of FOXP3, a key inhibitory factor in regulatory
T (Treg) cells, was downregulated, reflecting a decrease in Treg-mediated immunosup-
pression. Adhesion molecules such as vascular cell-adhesion molecule 1 (VCAM]I),
intercellular adhesion molecule 1 (ICAM1), and their receptor ITGB1 were upregu-
lated, facilitating immune cells infiltration into the tumor microenvironment. These
gene expression changes are characteristic of mature TLS. On the other hand, in the
early stage of TLS formation, lymphoid tissue inducer (LTi) cells interact with stromal
cells through lymphotoxin-alp2 (LTalfB2) binding to the LT receptor (LTBR) [47]. The
ligands of LTPR including LTA, LTB, and LIGHT (TNFSF14) were significantly down-
regulated. LTa1B2-LTPR signaling pathway leads to the secretion of vascular endothelial
growth factor C (VEGFC) by stromal cells and facilitates high endothelial venule (HEV)
development [48]. The expression of VEGFC remained consistent after the treatment,
suggesting that HEV development was not actively occurring. Peripheral node addres-
sin (PNAd), a marker of HEVs composed of GlyCAM-1, CD34, Endomucin (EMCN),
and Podocalyxin (PODXL), and essential for immune cell circulation via interaction with
L-Selectin (SELL), was upregulated. Together, we concluded that there are more mature
and less immature TLS in therapy-responded patients after treatment. These findings
suggested that the efficacy of anti-PD-1 therapy in colorectal cancer patients is directly
related to TLS formation (Fig. 4i and Additional File 2: Table S3-7). Collectively, these
results demonstrate scComm’s capacity to uncover correlations between intercellular
communications and treatment response, offering the mechanistic insights into PD-1
blockade therapy.

scComm discovers a pro-tumor neutrophil subtype in a liver cancer dataset
Building upon our previous discovery of neutrophil heterogeneity, which reveals
unprecedent neutrophil functional diversity in liver cancer according to the gene expres-
sion features [28], we applied scComm to further explore neutrophil microenvironment
heterogeneity through the CCC patterns. By employing unsupervised clustering using
CCC features provided by scComm, we classified neutrophils into two distinct groups
(Fig. 5a). Neutrophils in cluster 1 (Neu_1) displayed overall higher CCC scores, includ-
ing the CCC between neutrophils and tumor cells or endothelial cells (EC), while those
in cluster 2 (Neu_2) showed lower CCC scores (Fig. 5b). To validate our findings and
compare with other methods, we annotated neutrophils as Neu_1/2 and applied Cell-
Chat, CellphoneDB, NICHES, and CellTalker to this dataset. We observed that the
outcomes from CellChat, CellphoneDB, and CellTalker supported our conclusion that
Neu_1 exhibited increased activity in intercellular communication events (Fig. 5¢ and
Additional File 1: Fig. S11), indicating that scComm can accurately infer the CCC events
between single-cell pairs.

Notably, Neu_1 highly expressed VEGFA (Fig. 5d and Additional File 1: Fig. S12a, b),
which is a key growth factor that stimulates the proliferation and migration of vascular
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Differential expression analysis in tumor cells divided according to the patterns depicted in Fig. 5j

endothelial cells and is integral to the proliferation and metastasis of solid tumors [49].
When patients were stratified based on the average VEGFA expression in neutrophils,
higher VEGFA expression was correlated with poorer survival outcomes in both this
study and the TCGA hepatocellular carcinoma datasets (Fig. 5e and Additional File 1:
Fig. S13a, 14a). However, when the patients were stratified based on the proportion of
neutrophil subtypes defined in the original paper [28], only the proportion of Neu_10
significantly correlated with the clinical outcomes (Additional File 1: Fig. S13b-h).
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Indeed, VEGFA is highly expressed in Neu_10, suggesting the coherence of these two
variables in survival analysis. In addition, the hypoxia scores of the samples imply that
Neu_1 are more likely to be situated in hypoxic tumor microenvironments (Fig. 5f),
implying that Neu_1 may play an important role in the tumor progression.

Inspired by the biological function of Neu_1 that highly expressed VEGFA and
the significant elevated CCC score between neutrophils and ECs, we investigated the
intercellular communications between these two cell types. scComm reported signifi-
cantly higher CCC scores between Neu_1 and ECs compared to those between Neu_2
and ECs, with VEGFA—-VEGFR2 and VEGFA—-NRPI ranking as the top L-R pairs
(Fig. 5g). The VEGFA—-VEGFR?2 interaction plays a critical role in regulating angiogen-
esis, as it is involved in EC proliferation and migration. NRP1 acts as a co-receptor to
VEGFR?2, which is a primary receptor of VEGFA on endothelial cells [50]. This interac-
tion enhances the downstream signaling of VEGFR2 mediated by VEGFA and thereby
promotes the blood vessel formation. We observed that EC subtypes 04/05/06/08/10
had higher CCC scores than other EC subtypes. We thereby divided the ECs into the
corresponding two subtypes and performed the KEGG enrichment analysis using differ-
ential expressed genes (Fig. 5h). Focal adhesions mediate ECs adhesion to the extracel-
lular matrix (ECM), triggering PI3K-Akt signaling to drive EC proliferation, migration,
and survival [51]. This integrin-dependent mechanotransduction is further modulated
by Rapl GTPase and cGMP-PKG signaling, which synergizes with VEGF signaling to
enhance integrin-mediated ECM adhesion, thereby stabilizing new blood vessels during
angiogenesis [52].

The interaction between neutrophils and ECs indicated that Neu_1 reprogrammed the
TME with enhanced angiogenesis. We then investigated the intercellular communica-
tions between Neu_1 and tumor cells. scComm reported elevated L-R pairs from tumor
cells to neutrophils including CXCL2--CXCR2, MIF--CXCR2, and FGA--PLAUR.
These interactions facilitated the migration of neutrophils into the tumor microenviron-
ment (TME) (Fig. 5i) [53]. Notably, PODXL—-SELL and CD34—-SELL were significantly
enhanced between tumor cells and Neu_1. SELL is a cell adhesion molecule expressed
on the surface of neutrophils. Tumor cells recruit neutrophils to the tumor site by
binding to L-Selectin (SELL) on neutrophils. We also calculated the CCC scores from
neutrophils to single tumor cells and discovered that a subset of tumor cells exhibited
elevated CCC scores upon interaction with Neu_1, suggesting a potential role for these
neutrophils in tumor reprogramming within specific microenvironments (Fig. 5j). Sev-
eral well-known L-R pairs were detected between Neu_1 and tumor cells (Fig. 5k). For
example, the intercellular communications mediated by OSM—-OSMR axis play a crucial
role in promoting inflammation and tumor progression. Oncostatin M (OSM), secreted
by activated neutrophils, binds to the OSM receptor (OSMR) on tumor cells, triggering
signaling pathways that facilitate epithelial-mesenchymal transition and enhance tumor
cell survival [54]. VEGFA—-NRP1 was also reported to promote tumor growth and
aggressiveness [55]. Differential expression analysis indicated that tumor cells interact-
ing with Neu_1 tend to be more aggressive and malignant, while genes highly expressed
in tumor cells interacting with Neu_2, such as RARRES2, GSTAI, and ALB, may have
tumor-suppressive functions [56—58] (Fig. 51 and Additional File 2: Table S8). Recently,
Ng et al. used an orthotopic mouse model of pancreatic ductal adenocarcinoma and
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identified a terminal neutrophil state, T3, which possesses pro-angiogenic functions and
accelerates tumor growth [59]. Over half of the T3 gene markers were found to be highly
expressed in Neu_1 (Additional File 1: Fig. S12c, d), corroborating our unsupervised
neutrophil clustering based on cell-cell communication and highlighting the consist-
ency with our discovery. In conclusion, our analysis of the CCC revealed that tumor cells
recruited neutrophils within the TME, and these neutrophils reprogrammed the TME
with enhanced malignancy. Our study not only confirms the neutrophil subgrouping
and intercellular communications identified by scComm but also emphasizes the poten-

tial of using intercellular communications for cell subtyping.

scComm identifies tumor cell subtypes with distinct intercellular communication patterns
and tumor microenvironment

Tumor cells exhibit significant heterogeneity across various physiological features, mak-
ing it challenging to discern distinct biological characteristics through unsupervised
clustering based solely on gene expression. However, leveraging the single-cell resolution
capabilities of scComm, we have delineated the interaction patterns of tumor cells in the
large liver cancer cohort. We performed hierarchical clustering to the tumor cells using
the interaction scores and detected three primary tumor cell groups: one group (tumor
type 1, TT1) with heightened interactions with fibroblasts, tumor cells, and endothelial
cells; another group (TT2) with increased interactions with T cells and NK cells; and
a third group (TT3) primarily interacting with neutrophils (Fig. 6a, b). To validate our
clustering results, we manually annotated tumor cells accordingly and employed aggre-
gated methods to assess whether they provided comparable outcomes. All four methods
corroborated the strong interactions of all three tumor cell types with their correspond-
ing cell types (Fig. 6¢).

The presence of all three tumor cell types in every patient suggested that our cluster-
ing captured the intrinsic heterogeneity of the tumor rather than patient-specific vari-
ations (Additional File 1: Fig. S15). The varying proportions of these tumor cell types
can shape the predominant intercellular communication patterns in patients. We ran-
domly selected three samples, each dominated by the tumor cell type TT1, TT2, and
TT3, respectively. Multiplex immunofluorescence (mIF) analysis was conducted on tis-
sue sections to characterize the cellular composition (Fig. 6d, Additional File 1: Fig. S16,
and Additional File 2: Table S9). Fibroblasts were colocalized with tumor cells in sample
1, but immune cells were rarely observed, revealing the exclusive cell-cell interactions
between fibroblasts and tumor cells. Similarly, T/NK cells and neutrophils were exclu-
sively detected in sample 2 and 3, respectively. The mIF analysis validated the computa-
tional inference of CCCs by demonstrating the enrichment of respective cell types in the
tumor microenvironment. We further calculated the ratio of TT2 plus TT3 to TT1 in
each patient and observed a significant linear correlation between this ratio and the ratio
of immune cells to tumor cells in each patient (Fig. 6e), which also highlighted the high
level of immune infiltration in TT2/3-enriched patients. Survival analysis and Cox model
revealed that TT1 was associated with a poorer prognosis, TT2 was associated with a
better prognosis, and TT3 had no significant impact on clinical outcomes (Fig. 6f and
Additional File 1: Fig. S17a, b, 14b). We conclude that tumor cells having high interac-
tion with fibroblasts suggests a low-level immune infiltration tumor microenvironment
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Fig. 6 scComm analysis of tumor cells in a liver cancer dataset. a Unsupervised clustering of tumor cells,
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cells (CD3), NK cells (CD56), and neutrophils (CD66b) in tissue sections from three patients, confirming the
presence of three interaction pattern types. e The correlation between (TT2+TT3)/TT1 and the proportion of
immune cells in each patient. The correlation test was performed using Pearson’s correlation and two-sided
Student’s t-test. f Survival analysis of 108 patients, stratified by the proportion of Tumor Type 1 (TT1) and TT2.
g CCC scores between tumor cells and fibroblast subtypes. h Score of CAF activation, myCAF, and iCAF in
four fibroblasts subtypes. i The outgoing and incoming signaling patterns of myCAFs and TT1 cells visualized
by Sankey plot. The thickness of the flow indicates the CCC score between the L-R pairs. The width of each
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and T/NK cells in NSCLC, LUAD, CRC, TNBC, and PDAC dataset. The correlation test was performed using
Pearson’s correlation and two-sided Student’s t-test

(TME) and a poorer prognosis. Conversely, tumor cells having high interaction with T
cells and NK cells indicates a high-level immune infiltration TME and a better prog-
nosis. The dual role of neutrophils in the early and late stages of tumor development
has a complex impact on tumor progression [60], without a significant correlation with
prognosis. Differential expression (DE) analysis, however, revealed few DE genes with
high fold change among the three tumor cell types, implying that gene expression alone
may not be sufficient to distinguish tumor subclusters (Additional File 2: Table S10).
Notably, TT1 highly expressed ITGBI, a gene encoding a subunit of integrin crucial
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for cell-extracellular matrix (ECM) interactions and implicated in tumor progression,
metastasis, and therapy resistance [61]. ITGBI emerged as a potential prognostic bio-
marker with a significant p-value in both TCGA hepatocellular carcinoma datasets and
this dataset (Additional File 1: Fig. S17c, d).

Consequently, we investigated the mechanism of promoting tumor progression
with TT1 by examining the CCCs between fibroblasts and tumor cells, as the inter-
action scores between fibroblasts and TT1 cells were higher compared to that with
endothelial cells (Fig. 6b). We found that myofibroblastic cancer-associated fibro-
blasts (myCAFs), Fb_1 and part of Fb_2 in the original paper [28], mainly contributed
to the interaction with tumor cells (Fig. 6g, h). Figure 6i shows the top-ranked L-R
pairs for CCC between myCAFs and TT1, where a majority of the top ligand genes
belong to the collagen family. myCAF secreted large amounts of collagens, which
are key components of extracellular matrix (ECM). The dense ECM directly impedes
immune cells from migrating into the tumor core and promotes cancer growth,
thereby resulting in poor survival [62]. CAFs are known to secrete the ECM compo-
nents that can activate integrin receptors and trigger downstream signaling pathways,
such as focal adhesion pathway, PI3K/Akt pathway, and NF-«kB pathway, which pro-
mote tumor proliferation, anti-apoptosis, cell adhesion, and epithelial-mesenchymal
transition [63-65]. The gene set enrichment analysis (GSEA) of the receptor genes
in TT1 cell groups showed that the top-ranked receptor genes were enriched in the
PI3K/Akt pathway, the ECM-receptor interaction pathway, and the focal adhesion
pathway (Additional File 1: Fig. S18a). The upregulated expressions of key genes asso-
ciated with these pathways validated their involvement (Additional File 1: Fig. S18b).
This finding is consistent with the pathways known to be activated by myCAFs, vali-
dating the scComm’s results.

TT2 showed a distinct characteristic compared to TT1 in this dataset. TT2 had
a high immune-infiltration TME that T cells and NK cells provided the cytotoxic
effects on the tumors via L-R pairs such as CADMI1—-CRTAM and TNFSF14—-LTBR
(66, 67], as well as the intercellular communication between regulatory/exhausted T
cells and tumor cells had the immune inhibitory effects via CD96/TIGIT--NECTIN2
and AREG—-ERBBI1/EGFR [68, 69]. To further validate our tumor cell subtype clas-
sification, we applied scComm on five public datasets of different cancer types and
calculated the intercellular interaction scores between tumor cells and fibroblasts,
T cells, and NK cells [32, 70-73]. A negative correlation was observed between the
CCC scores of tumor cells—-fibroblasts and CCC scores of tumor cells—-T/NK cells
(Fig. 6j) on all five datasets, indicating that tumor cells strongly interacting with
fibroblasts were less likely to interact with immune cells such as T cells and NK cells.
This result confirmed that tumor cells interacting with fibroblasts exhibited distinct
characteristics such as TME compared to tumor cells interacting with immune cells,
which simultaneously emphasized the heterogeneity of tumor cells and the necessity
of tumor cell subtyping. This finding further expanded the classification of tumor cell
subtypes to encompass a broader spectrum of cancer types.

We additionally run Scriabin and NICHES to perform similar analysis. Scriabin
failed to run on this dataset due to extreme memory consumption, while NICHES
successfully reported interaction score between single cells and also divided tumor
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cells into three clusters (Additional File 1: Fig. S19a). The resulting clusters did not
correspond to those identified by scComm (Additional File 1: Fig. S19b). We per-
formed survival analysis and found that the tumor subtypes identified by NICHES
did not show any significant survival differences (Additional File 1: Fig. S19c-e). The
tumor subtypes identified by scComm show clearer biological interpretability such as
intercellular communication patterns and clinical outcomes.

Discussion

In this paper, we present scComm, a computational framework for detecting intercellu-
lar communications between single cells. Compare with current methods, scComm has
three advantages: (1) It preserves the diversity of signaling behaviors within and between
pre-defined cell populations; (2) It aims to report informative CCCs between single cells
rather than exhaustively enumerating all possible CCC combinations, improving both
analytical precision and interpretability; (3) It enhances the robustness of results across
different L-R databases by implementing a data-driven ligand-receptor gene pair scoring
module for filtering L-R pairs having minimal impact on CCCs and mitigating database-
dependent variability. In the weighting module, scComm assigns high specificity weight
to the L-R pairs that activate on specific cell groups and low weight to the L-R genes that
are evenly expressed on all cells. scComm also computes the competitiveness and activ-
ity weight to quantify the probability of L-R pair involvement in biological processes,
thereby minimizing false-positive discoveries. Typically, scComm assigns low weights
to the L-R pairs that rarely contribute to CCCs, which are often absent in many data-
bases (Fig. 3e). Thus, the impact of irrelevant L-R pairs is often negligible, rendering the
disturbance of the L-R database relatively insignificant. The scoring module of scComm
was designed to assign comparable CCC score to each L-R pair on all cell pairs. scComm
calculates the z-score of geometric mean of the L-R gene expression and discards all
z-scores below zero to eliminate the sequencing noise in sScRNA-seq data. Finally, a con-
trastive learning framework is applied to report significant CCC events. While scComm
establishes an optimal balance between analytical comprehensiveness and precision, the
framework maintains flexibility through user-adjustable parameters to accommodate
specific research requirements.

We assessed the performance of scComm using extensive simulated and real datasets.
In the simulation study, we evaluated the accuracy of detected interaction cell types and
cells. The superior performance of scComm can be primarily attributed to the weight-
ing module and scoring module, where the weighting module effectively filters out irrel-
evant L-R pairs and the scoring formula excludes cells with minimal contribution to the
interactions. In the real data study, we found that scComm’s scoring module provided
very consistent results with other methods in different cancer types, including the inter-
action score between cell type pairs and between ligand and receptor genes. We also
applied scComm to a spatial transcriptomics dataset and treated each spot as a single
cell. We observed that the interaction scores between spots matched their spatial dis-
tances, demonstrating the validity of scComm’s method design. However, because each
spot may contain mixtures of multiple cell types, assigning a single label via Seurat may
raise the risk of artificial interactions or loss of heterogeneity. Although in-silico experi-
ment demonstrated that moderate cell mixing does not introduce substantial artificial
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interactions (Additional File 1: Fig. S20 and Methods), we do not recommend using
scComm on ST datasets.

In the colorectal cancer study, scComm provided the most consistent result with
the consensus, suggesting scComm was a reliable tool in analyzing intercellular com-
munications not only between individual cells but also between cell types. For exam-
ple, scComm detected significant enhancement of CCCs related to the GCB cells after
the PD-1 blockade treatment in therapy-sensitive patients. Three existing methods also
reported this increasement, strongly supporting our discovery. The limitation of our
benchmarking analysis lies in the definition of the ground truth. We used the majority
vote among these algorithms as the reference to evaluate prediction accuracy, since we
cannot obtain real ground truth on real datasets. While this strategy provides a practical
consensus-based comparison, it may introduce bias toward methods that exhibit higher
correlations with others (e.g., scComm, CellChat, NICHES, and CellPhoneDB), poten-
tially disadvantaging less correlated algorithms. The reported accuracy and detected
proportions should therefore be interpreted with this limitation.

Another important application of scComm, as illustrated in the last two sections, is
that interaction patterns can serve to identify cell subpopulations. The interaction pat-
terns, represented by interaction scores between a given cell and all other cells or cell
types, provide insights into cellular relationships. CCCs typically occur in the proximity
of the given cell, thereby reflecting its local neighborhood structure or microenviron-
ment. Motivated by this, the CCC pattern can serve as a feature of a cell. Cell clustering
is typically performed based on the expression levels of known marker genes or overall
gene expression similarity. However, in our last two applications, neutrophils and tumor
cells were clustered exclusively based on the CCC patterns. Tumor cells were classified
into three distinct clusters, each corresponding to a unique tumor microenvironment.
Specifically, TT1 cells are characterized by an immune-excluded microenvironment,
while TT2 and TT3 cells exhibit a highly immune-infiltrated microenvironment, high-
lighting the intrinsic differences among these tumor cell subtypes. Thus, CCC patterns
can be leveraged for subpopulation identification, which is particularly valuable in tasks
such as cell subtype annotation. The ability to distinguish such subpopulations is espe-
cially critical in tumor research. Notably, the clustering procedure and criteria employed
in this study were not previously reported in any other research.

One limitation of scComm is its higher computational demand compared to current
aggregated methods (Additional File 1: Fig. S21). Most cell type-based methods gener-
ally required fewer resources, particularly in runtime, compared to single-cell methods.
scComm exhibited efficient runtime and moderate memory consumption compared
to Scriabin. The higher computational demand of single-cell method is primarily due
to its ability to capture within-cell-type heterogeneity, which requires the creation of a
data matrix for each individual cell rather than for each cell type. While this increases
running time and hard disk usage, it also enables a more granular and biologically rel-
evant analysis. Future optimizations in data storage and computational efficiency may
further enhance its scalability. Another limitation is that scComm, like most compu-
tational tools for cell-cell communication analysis, relies on existing L-R databases. It
evaluates the weight and significance of L-R pairs within these databases and assigns
interaction patterns accordingly. While novel L-R pairs need to be integrated into the
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database manually before running scComm, this design ensures compatibility with
curated resources and offers flexibility for users to incorporate emerging discoveries.
Future updates may streamline this process to facilitate the incorporation of novel inter-
actions more seamlessly.

Recent technological advances in spatial transcriptomics (ST) have enabled simulta-
neous measurement of gene expression profiles and spatial cellular relationships [74].
This approach significantly improves the accuracy of analyzing CCCs by considering
the distance of interacting cells, as interacting cells typically maintain proximity within
10-20 cell diameters [75, 76]. Consequently, detecting CCCs using ST data eliminates
the occurrence of false positive interactions, which arise between cells that are exces-
sively distant. The scComm framework can be readily modified to accommodate ST data
by incorporating the distance between cells as an additional weighting coefficient and
designing appropriate hypothesis testing procedures.

Overall, our results strongly validated that scComm is a powerful tool for deciphering
CCCs at single-cell resolution. We are confident that scComm will play a pivotal role in
unraveling the intricate patterns of single-cell interactions. We anticipate that scComm
will find extensive applications in single-cell tumor research, thereby advancing the fron-

tiers of intercellular communication research.

Conclusions

In this study, we present scComm, a bottom-up computational framework for inferring
cell-cell communication at single-cell resolution. By integrating a data-adaptive ligand-
receptor weighting strategy with supervised contrastive learning, scComm effectively
selects biologically meaningful interactions, filters noise, and circumvents the limita-
tions of prior clustering. Our benchmarking demonstrates superior accuracy and sensi-
tivity compared to existing approaches, enabling the detection of communication events
involving rare or functionally distinct cell populations. Applications to colorectal and
liver cancer datasets reveal new insights into tumor-immune interactions, angiogenesis,
and microenvironmental heterogeneity, highlighting scComm’s utility in both mecha-
nistic discovery and biomarker identification. We anticipate that scComm will serve
as a versatile tool for dissecting intercellular communication across diverse biological
contexts, ultimately advancing our understanding of complex cellular ecosystems and
informing therapeutic strategies.

Methods

Data preparation

The scComm framework requires three inputs: a single-cell gene expression matrix
with corresponding cell annotations; the OmniPath L-R database, which can be supple-
mented with custom L-R pair lists to accommodate specific research objectives; and the
DoRothEA database [77] or custom database, serving as a repository for transcription
factor (TF) regulatory data.
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Data-adaptive learning module for weighting L-R pairs
The weight of each L-R pair in each cell group pair is calculated by multiplying three
separate weights wy, wo, w3 learned from the gene expression in the related cell groups.
w1 evaluates the L-R specificity in each cell group pair formularized by term frequency-
inverse document frequency (TF-IDF) method. The specificity of ligand-receptor (L-R)
pairs is evaluated to discern those exhibiting significantly higher expression levels within
a restricted subset of cell group pairs. This subset is hypothesized to represent a popula-
tion of interest that may hold significant research value. The term frequency (TF) of a

gene in cell group j is defined as:

Xgene,j
TE — gi}
(gene) X,
where Xgene j is the mean expression of the gene in cell group j, and X; is the sum of xgene,;
for all genes in cell group j. We define inverse document frequency (IDF) of a gene in cell

group j as:

IDF (gene) = —log@,

gene
where Xgene is the sum of xgenej for all cell groups. Here, IDF is equivalent to the self-
information of a variable in information theory.

The specificity is quantified through the calculation of TF-IDF weight for each ligand

and receptor gene, defined as:

X, 1 X, i
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The first weight w; of a given L-R pair between cell group j; and j, is then given by:
wi(L =R, j1,ja) = H(Lj1) * H(R,j2).

In other words, we prioritize L-R pairs in which both ligand and receptor genes are
cell group-specific. To facilitate the comparative study, we scale w; to obtain the same
median (0.5 by default) across all datasets.

Subsequently, we determine the competitive potential wy for each ligand and recep-
tor pair. In the case a receptor gene is targeted by multiple ligands, we posit that ligands
exhibiting higher expression levels are more likely to engage with the receptor, thereby
facilitating cell signaling pathways. Given a receptor R, the activity score of its ligand /;
for cell group ji is defined as:

e — 1
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i,R,j1 er]mrfllxxlm’]1 L

1
and conversely, given a ligand L, the activity score of its receptor r; for cell group ja is:
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where 7 is a tuning parameter (0.1 by default). The activity score quantifies the ligand/
receptor’s relative expression level in comparison to the expression levels of its competi-
tive counterparts within the cellular context. Either high a4y g, or ar 1, can yield high
competitive potential, so we define the second weight of a given L-R pair as the square
root of normalized sum of squares of ap g j; and ag 1 j,:

2 2
o [airj, T AR L,
WQ(L— Rr]l;]Z) = H

In the subsequent step, we assign scores to the L-R pairs based on the regulatory impact
of their associated TFs. The hypothesis is that the activation of cellular communication
through an L-R pair is modulated by the activity of the corresponding TFs. To quantify this,
we calculate the correlation coefficients between the expression levels of a gene and those
of its regulatory TFs within each cell group, employing this metric to refine the scoring of
L-R pair interactions.

1
T'gene,j = 7 Z |C0r (xgene,j»xg,j)
£

’

where g represents the TFs of the given gene in the database, / is the number of TFs of
the given gene. The third weight is calculated as:

w3 (L — R,jl,jz) = sigmoid<L’]1R’l2, },>,

2

where / is the scaling parameter of the sigmoid function (3 by default), and the sigmoid
function is defined as:

sigmoid(x, }v) = Hﬁ.
e

Finally, the weight of a given L-R pair in cell group j; and j» is:

w(L = R,j1,j2) = wi(L =R, j1,j2) * wao (L = R,j1,j2) * w3(L — R, j1,ja).

Scoring the interaction of each cell pair on each L-R pair

For each ligand-receptor (L-R) pair, we define the raw interaction score siLj*R between
cell i and j by employing the geometric mean of the ligand and receptor gene expression

values:

L-R __ - -
Sij = 4 /xL,lxR,,.

This geometric mean is then normalized across all cell pairs:

(Syfk _ EL—R)
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ij oL—R ’
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where sL—R

and o1 is the average and standard deviation of sﬁ;_R among all cell pairs,
respectively. Here, the geometric mean mitigates the influence of disproportionately
high gene expression levels. This normalization step ensures comparability across genes.
We then scaled %_R by the pre-calculated weight of the respective L-R pair:

My-R,j = %_R * W(L —R,¢;, Cj),
where ¢; and ¢; is the cell type of cell i and j, respectively.

This normalization step ensures comparability across genes. The rationale for this
method is that the significance of each L-R pair has been previously established
through the weighting process. We drop the negative values after normalization,
mimicking the dropout procedure in the network inference algorithm [78]. Addition-
ally, we cap all values at a threshold (5 by default) to mitigate the influence of excep-
tionally high-expressing genes. The resultant cell-cell interaction tensor, denoted as
M, encapsulates the interaction scores for each cell pair across all L-R pairs, thus pre-
paring it for subsequent analytical processes.

The contrastive learning model

To identify biologically informative CCC events from background noise, we design a
contrastive learning framework. The model input consists of L-R pair score vectors
for each pair of cell groups, computed as the mean score between all cell pairs from
the two cell groups. We designate cell group pairs within the top 5% of total L-R pair
scores as positive samples and denote the corresponding feature matrix as Yp;, as we
found that the results were highly stable within the range of 2% to 10%, where the
number of significant interacting pairs showed negligible changes. Given the limited
number of positive samples, we implement a data augmentation strategy to generate
more positive samples for contrastive learning. Specifically, for each original interac-
tion feature vector representing a cell group pair, a 10% random dropout perturbation
is applied to preserve the overall intrinsic communication signals while introducing
minor variations, thereby generating augmented positive samples. The feature matrix
of these augmented samples is denoted as Ypy. These two matrices are concatenated
to form the combined feature matrix Yp = [Yp1, Yp2] € R™*, where r| represents the
number of positive samples and # represents the number of L-R pairs.

For negative samples, we adopt a cell label permutation strategy to construct cell
group pairs that are unlikely to engage in CCC events. Specifically, L-R pair score
matrices YIEIb) (b=1,...,B) are computed for the b-th shuffled cell groups and concat-
enated into Yy = YIEID, YIEIZ),...,YIEIB) € R™2*" where rp represents the number of

negative samples. Subsequently, a two-layer fully connected network is employed to
project each cell group pair’s feature vector into a 64-dimensional embedding space.
The model is trained by minimizing the SupCon loss function and optimized with the
Adam optimizer. Here, the SupCon loss function is:

1 1 exp(sim(2i,2p)/7)
ntn Z Pl 2 18

pePi) EaeA(j)eXP(Sim(Zi;Za)/T),

L=-—
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where i indicates any positive/negative sample, z; is the low-dimensional embedding of
samplei, P(i) represents the samples having the sample label as samplei, A (i) represents
all samples except samplei, sim(, ) is the cosine similarity function, and 7 is the tempera-
ture parameter (0.5 by default).

After training the encoder network with the supervised contrastive learning frame-
work, we applied the trained encoder to the full dataset to obtain low-dimensional
feature representations. These feature vectors were then used as input for a logistic
regression classifier, which had been trained on the feature embeddings from the
labeled positive and negative datasets.

Downstream analysis utilizing cell-cell interaction scores

The cell—cell interaction score tensor M can be transformed into a feature-by-cell matrix
F, where each cell’s feature vector comprises its interaction scores with all other cell
types by calculating the mean interaction score of the cells in the same cell type. This
matrix can be used for various downstream analyses, including dimensionality reduc-
tion, clustering, and the identification of neighboring cells. Researchers are empowered
to define interaction patterns, or custom cell groups, aligned with their specific analyti-
cal objectives, and aggregate cells accordingly to discern these patterns.

Furthermore, to facilitate comparisons with traditional analysis methods, scComm
allows for the aggregation of cells into predefined cell types, creating a cell type-by-cell
type interaction score matrix. This traditional format mirrors the outputs generated by
established tools such as CellChat and CellphoneDB, where matrix entries represent the
averaged interaction scores between all cells of each respective type. This approach not
only enhances the interpretability of the data but also enables integration with existing
analytical workflows and methodologies.

Statistical analysis for L-R pair interaction significance under different conditions

scComm facilitates the quantification of cell-cell interactions across single or multiple
samples. In experiments with biological replicates, it is essential to statistically assess
whether the interaction strength of a given L-R pair between two cell groups differs
significantly across conditions. To achieve this, for each L-R pair and each pair of cell
groups, a two-sided Student’s t-test is then performed across replicates to test for dif-
ferences in interaction strength between conditions. This design ensures that the test is
based on independent observations at the replicate level, thereby satisfying the assump-
tions of the t-test. Multiple testing is accounted for using the Benjamini-Hochberg (BH)
procedure, and L-R pairs with a g-value below 0.05 (by default) are considered to exhibit
significant interaction differences and are retained for further analysis.

Statistical analysis L-R pairs between two cell groups

To ascertain the statistical significance of interaction scores for L-R pairs, we employ
permutation tests. scComm generates a null distribution of interaction scores by ran-
domly permuting the cell annotation labels, which allows us to assess the interaction
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scores for L-R pairs between any two groups under the null hypothesis of no biological
interaction. We define matrix C is a cell type-by-cell type interaction score matrix for
one given L-R pair, we calculate Clgh) (b=1,...,B) for b-th shuffled cell group i and j,
and denote v and o2 be the mean and variance of Clg»b), respectively. The distribution of
Cl.(jb) can be approximated by a normal distribution with these mean and variance values
(Additional File 1: Fig. S22a). Here, the permutation procedure is used for null parame-
ter estimation. The p-value for the interaction score between group i and j is calculated
as pij=1— GD(C“;V
normal distribution, followed by BH FDR correction. We set B = 100 by default, as we
have tested that B = 100 and B = 1000 yield very similar results (Additional File 1: Fig.
S22b, c).

), where ® is the cumulative distribution function of the standard

Simulation setup

For the generation of simulation data, we utilized background expression patterns
derived from real datasets. Our approach involved the alteration of gene expression
profiles to incorporate random cell-cell interaction patterns. Specifically, we calculate
the average expression and the variance of each gene for each cell type defined in the
original study, denoted as vg and 05. for gene g and cell group j. GENIE3 was applied
to analyze the gene regulatory network and the top 10% of the regulatory link will be
reported [79]. We calculated Pearson’s correlation between source genes and target
genes reported from GENIE3 to form the correlation matrix P. Note that the correlation
of an unreported gene pair is set to 0, and the diagonal of P is also set to 0. For each cell
type, we simulated the gene expression of 200 cells following the negative binomial dis-
tribution with the mean and variance from the background expression. We set the num-
ber of cell types to ten and obtain an expression matrix containing 2,000 cells denoted
as X/. Within each simulation dataset, we integrated three distinct cell—cell interaction
patterns. Each pattern involved the random selection of two cell groups, designated as
the sender and receptor, respectively. We randomly selected three to ten ligand-receptor
(L-R) pairs from the same biological pathway, ensuring a biologically plausible interac-
tion. The selection of L-R pairs and their pathways was facilitated by the CellChat data-
base. For the cells implicated in these interactions, we randomly selected 20%—100% of
cells in those groups and adjusted the expression levels of the corresponding ligand and
receptor genes. We set the selected ligand and receptor gene expression in the selected
cells by resampling from the negative binomial distribution with mean rvg and variance
rUng to generate the gene expression matrix X7/, where r is the overexpression ratio rang-
ing from 1.5 to 50. We adjust the expression using the gene correlation we learned and
obtain the final gene expression matrix

X=X"+PTX" - X».

To evaluate methods in more challenging conditions, we performed additional simula-
tion study considering unequal numbers of cells across cell types, varying levels of drop-
out, and mis-annotated cell types. Specifically, we simulated ten datasets for each of the
scenario: (1) unequal numbers of cells across interacting cell types (with one cell group
containing 30% of total cells, one with 20%, one with 15%, and seven smaller groups
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containing 5% each), (2) varying dropout rates (ranging from 3%—30%), and (3) cell-type
misannotation (3—30% random label perturbation).

In our simulation study, we embedded three distinct interaction patterns within
each dataset to assess the capability of various methods in scoring cell-group interac-
tions. We categorized cell proportions into low (<20%), median (30%—50%), and high
(=60%) to reflect varying degrees of interaction participation. Similarly, the number of
L-R pairs was classified as low (3 or 4), median (5 or 6), and high (7 or more) to indi-
cate the complexity of interactions. Overexpression levels were also stratified into low
(fold change < 5), median (fold change 8-20), and high (fold change >20) to account for
differential gene expression intensities. The dropout rate was divided into three groups:
Low (3%—9%), Median (12%—21%), and High (24%—30%). The misannotation rate was
divided into three groups: Low (3%—9%), Median (12%—21%), and High (24%—30%).
The overexpression level in the additional simulation study was divided into three
groups: Low (1.5 x —2 x), Median (2 x —3 x), and High (3 x —4 x).

For single-cell resolution performance comparison, we initially calculated the propor-
tion of interacting cell pairs, denoted as p. For instance, if 70% of cells from one type
were set to interact with 70% of cells from another, this results in 70%*70% =49%, or 49%
of cell pairs being involved in the interaction. We then calculated the p-th quantile of
the interaction scores for all cell pairs between two specified cell types, using this value
as the threshold ¢. The detected proportion, representing the fraction of cell pairs with
scores surpassing £, served as a metric for evaluating the methods’ efficacy in discerning
interactive from non-interactive cell pairs.

To assess whether our simulation datasets mimic real single-cell data, we compared
key summary statistics, including gene expression mean, gene expression standard vari-
ation, and zero proportion, between the simulated datasets and reference (Additional
File 1: Fig. Sla-c). We also performed Kolmogorov—Smirnov (K-S) test, showing no sig-
nificant distributional differences between the simulated and reference data (Additional
File 1: Fig. S1d-e). Moreover, dimensionality reduction analysis revealed that simulated
and real cells were fully mixed (Additional File 1: Fig. S1f), further supporting that the
simulation captures the distributional characteristics of real single-cell data.

Cell-cell interaction analysis

We apply scComm to the single-cell RNA-seq gene expression data of each patient. To
compare with traditional cell type-level methods, the cell type-level interaction score
matrix C is used to measure the interaction.

In the colorectal cancer dataset, a total of 56 cell types were included as the complete
set of NMF cell types, with subsets further categorized as NMF1-5 cell types. For each
cell type, we calculated the number of potential LR pairs capable of interacting with all
other cell types. To investigate whether differences in cell type ratios influence cell—cell
interactions, we calculated the ratio of each cell subtype within its corresponding major
cell type across all samples under pre-treatment (baseline) and post-treatment condi-
tions. To evaluate changes in cell-cell interaction dynamics associated with anti-PD1
therapy, we analyzed interaction scores under these two conditions. Interaction scores
were calculated for all sub-cell type pairs. Results were further stratified by clinical
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response categories, including complete response (CR), partial response (PR), and stable
disease (SD).

In the neutrophil analysis, we calculate the interaction score between each neutrophil
and tumor cells for each L-R pair and obtain a matrix of interaction scores, where the
entries are the average of CCC scores on one L-R pair between one neutrophil and all
other cells. We retain the top 400 high-variation interactions and then perform dimen-
sion reduction and clustering using this matrix to detect the cell groups with high/low
interaction.

In the tumor cell subtyping analysis, we retain the top 20% high-variation interactions
to evaluate the mean interaction scores between cells of different cell types and the given
tumor cell. These are the feature vectors for hierarchical clustering and correlation coef-
ficient calculation.

For five validation datasets in tumor cell subtyping analysis, we first annotated cells using
SingleR (v1.10.0) and calculated the interaction scores between each epithelial cell and
other cells. We then aggregated the fibroblasts, T cells, and NK cells to obtain an average
interaction scores between each epithelial cell and fibroblasts or T/NK cell types.

CellphoneDB (v5.0 and v3.0), CellChat (v2.0.0), NICHES (v1.0.0), SingleCellSignalR
(v1.8.0), CellTalker (v 0.0.7.9000), NATMI, ICELLNET (v1.3.0), Cytotalk (v0.99.0), and
Scriabin (v 0.0.0.9000) were all run using their default parameters with the same L-R
database. The cell-cell interaction scores of CellChat, CellTalker, SingleCellSignalR,
and NICHES are obtained from res@net$weight, res$interact_ratio, res$ individual-
networks' [[GroupName]]$LRscore, and res$CellToCell@assays$CellToCell@counts,
respectively. CellphoneDB reports the interaction scores in the file ‘simple_analysis_
interaction_scores.txt’ for V5 and ‘mean.txt’ for V3. Scriabin returns a Seurat object that
contains the interaction score matrix with rows for L-R pairs and columns for cell pairs,
stored in the variable res@assays$CCIM@data. ICELLNET returns interaction score
for each cell type, and we manually merged them into an interaction matrix. CytoTalk
detected CCCs once for a given cell type-pair, and the CCC scores for each cell type-pair
were obtained from sum(result$pathways$df pval $potential). NATMI reports CCC
scores for each L-R pair and each cell type-pair, so we calculated the sum of CCC scores
for all L-R pairs for a given cell type-pair stores in ‘Edges_Irc2p.csv’

Gene expression analysis

We used Seurat (v 4.3.0.1) to read the gene expression count matrix. The expression was
further normalized using the NormalizeData function in Seurat. Highly variable genes
were identified using the FindVariableGenes function. Their expression was scaled and
centered along each gene using the ScaleData function. We then performed dimension
reduction using principal component (PC) analysis. We selected the first 20 PCs for Uni-
form Manifold Approximation and Projection (UMAP), and UMAP plots were gener-
ated using the DimPlot function in Seurat. To identify differentially expressed genes,
we used the FindAllMarkers function in Seurat with Wilcoxon’s rank-sum test. Genes
expressed in at least 10% of cells within a cluster and with an adjusted p-value smaller
than 0.05 were considered differentially expressed. GENIE3 (v 1.18.0) was run under its
default parameters to infer the gene regulatory network.
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In-silico experiment for estimating the aggregation error in ST datasets

We used a public scRNA-seq dataset with cell-type annotations, and we randomly
merged K (K=4, 8, and 10) single cells into pseudo-bulk cells to mimic the case where
one spot contains multiple cells. We ran scComm on both the original and aggregated
datasets, and the CCC intensity scores from the original dataset were merged accord-
ingly for comparison. The correlation coefficients between the two CCC intensity vec-
tors were then calculated.

Multiplex Immunofluorescence (mIF), tissue imaging, and analysis

All the Formalin-fixed and paraffin-embedded (FFPE) tissues used within the experi-
mental operation were sectioned as slides of 2—5 pm thickness. The slides were depar-
affinized in xylene for 30 min and rehydrated in absolute ethyl alcohol for 5 min (twice),
95% ethyl alcohol for 5 min, and 75% ethyl alcohol for 2 min sequentially. Wash the
slides with distilled water 3 times. A microwave oven is used for heat-induced epitope
retrieval, and during epitope retrieval, the slides were immersed in boiling EDTA buffer
(ZLI-9079, zsbio, Beijing, China) for 15 min. Antibody Diluent/Block from Alpha X Bio
was used for blocking. The mIF experiments were performed by AlphaXPainter X30
(Alpha X Bio, Beijing, China) in which primary antibodies were used as listed in below:
rabbit anti-human CD66b, Abcam (ab197678), 1:100; rabbit anti-human a-SMA, Abcam
(ab124964), 1:4000; mouse anti-human CD56, ZSGB-Bio (ZM0057), 1:100; mouse anti-
human CD3, Alphaxbio working solution; mouse anti-human PANCK, Alphaxbio work-
ing solution. All the primary antibodies were incubated for 1 h at 37 °C. Then slides
were incubated with Alpha X Ploymer HRP Ms+Rb (Alpha X Bio, Beijing, China) for
10 min at 37 °C. Alpha X 7-Color IHC Kit (AXT37100031, Alpha X Bio, Beijing, China)
was used for visualization. After each staining cycle, heat-induced epitope retrieval was
performed to remove all the antibodies including primary & secondary antibodies. The
slides were counter-stained with DAPI for 5 min and enclosed in Antifade Mounting
Medium (I0052; NobleRyder, Beijing, China). Images were scanned with ZEISS AXI-
OSCAN 7 (ZEISS, Oberkochen, Germany). Images were analyzed with HALO software
(v3.6; Indica Labs, USA).
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