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SUMMARY

Cell-cell communication modulates cell fate decisions by relaying information across tissues and inducing

intracellular responses mediated by gene regulatory networks. Although the inference of cell-cell communi-

cation from high-throughput data is gaining popularity, studying how communication pathways operate

across biological scales and influence cell fate decisions remains challenging. Here, we present scRICH

(robust identification of cell-cell communication heterogeneity in single cells), a computational framework

that leverages single-cell and spatial transcriptomics data to unravel the heterogeneity of communication

behavior within cell types, link cell-cell communication to cell fate decisions by incorporating dynamical in-

formation on RNA splicing, and connect cell-cell interactions with intracellular responses by constructing

multilayer regulatory networks. We validate scRICH with new experiments on epidermal growth factor

(EGF) ligand/receptor co-expression in keratinocytes, comparing these predictions against those of existing

communication inference methods. Applying scRICH to multiple biological scenarios demonstrates its ability

to capture relationships between distinct communication pathways and emerging trends along cell differen-

tiation lineages and in space. A record of this paper’s transparent peer review process is included in the

supplemental information.

INTRODUCTION

Cell-cell communication (CCC) inference from single-cell

sequencing data has now gained popularity as a highly auto-

mated, hypothesis-free approach to discover new molecular in-

teractions.1,2 Despite the rapid progress in the field, several ex-

isting limitations hamper the interpretability and scope of these

methodologies.

First, CCC inference strikes a delicate balance between high

resolution, achieved with models at the scale of individual cells,

and robustness, achieved by averaging gene expression over

large groups of cells—typically the annotated cell types in a da-

taset. Several methods exploit the single-cell resolution offered

by state-of-the-art transcriptomics to predict CCC between indi-

vidual cells, thus resulting in dense interaction networks.3–7 A

major drawback of this approach is the sparsity in single-cell

transcriptomics data,8 which can result in large cell-to-cell fluc-

tuations in gene counts and missing information for important

signaling pathways. To ensure robust predictions, many popular

methodologies leverage cell annotations to average gene

expression and/or the CCC connections over cell types.9–13

The major pitfall of this approach is the potential loss of informa-

tion about heterogeneity within individual cell types. In other

words, sharing the same cell type does not necessarily imply a

similar role in CCC, and cells of a given type can either send,

receive, or not participate in a given signaling pathway.

Second, it is currently difficult to inject dynamical information

about cell fate specification and its mutual dependence on

CCC. Despite the abundance of methodologies to infer lineages

and cell transitions from single-cell data, cells are typically

modeled in an autonomous manner.14,15 A static view of CCC,

where cell states are treated as stable (i.e., not transitioning to-

ward new cell states) and homogeneous (i.e., all cells behave

similarly given a ligand/receptor pair) prevents a complete un-

derstanding of how CCC is modulated, and, in turn, contributes

to cell fate decision events. For such an approach to be possible,

the cell states and ‘‘CCC propensity’’ need to be treated as

distinct observations, whereby, for example, the former is

defined by well-defined marker genes and morphological

changes, whereas the latter is defined by ligand/receptor

expression.

Third, CCC is multiscale as signal transduction networks

process external information, modulating secondary CCC path-

ways in a constant back-and-forth interaction between the
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intercellular and intracellular scales. Recently, a few methods

included information about receptor downstream targets, which

can be used as a benchmark to confirm pathway activa-

tion.3,16–23 For example, SoptSC refines the single-cell-level

CCC networks by weighting communication edges based on

the expression of a downstream target gene set that is provided

by the user.3 Similarly, NicheNet and scMLnet feature manually

curated databases to link ligand/receptor pairs to candidate

downstream targets,16,17 whereas CytoTalk identifies putative

response genes de novo using a mutual information approach,18

and LIANA+ integrates CCC inference with database knowl-

edge.19 Although these methods took decisive steps forward to-

ward connecting the ligand/receptor and downstream signaling

levels, we propose that the recent advances in gene regulatory

network (GRN) reconstruction from single-cell transcriptomics24

could now allow a more holistic and detailed description of the

cellular flow that starts from ligand/receptor interactions, leads

to a downstream response, and, in turn, regulates other CCC

pathways.

Here, we introduce scRICH (robust identification of cell-cell

communication heterogeneity in single cells), a methodology

that addresses these existing bottlenecks by integrating CCC,

cell-fate transition directionality via RNA velocity, and gene reg-

ulatory network (GRN) inference to achieve a multiscale repre-

sentation of CCC. scRICH takes single-cell RNA sequencing

(scRNA-seq) counts and well-annotated cell labels as input to

(1) identify robust CCC modes across cell types; (2) integrate

downstream target RNA velocity into a multilayered model of

cell-cell signaling; (3) enable the simultaneous visualization of

transition trajectories and CCC networks; and (4) connect

ligand/receptor interactions to their downstream gene regulatory

network (GRN) to predict the connections between distinct CCC

pathways. We apply scRICH to multiple biological scenarios,

including keratinocyte differentiation, erythroid cell differentia-

tion, and cancer epithelial-mesenchymal transition (EMT). Spe-

cifically, we confirm experimentally scRICH’s prediction about

epidermal growth factor (EGF) signaling heterogeneity and its

relationship with other CCC pathways, including TGFb,

NOTCH, and CDH4. Finally, we demonstrate scRICH’s ability

to identify the spatial localization of cells with coherent CCC

behavior in heterogeneous tissues via analysis of spatial tran-

scriptomics (ST) data.

RESULTS

Overview of scRICH

scRICH takes preprocessed, log-normalized scRNA-seq counts

and well-annotated cell labels as input (Figure 1A, top). Although

‘‘regular’’ scRNA-seq counts can be used, some of the down-

stream analysis tools explicitly require unspliced and spliced

count matrices for CCC validation and projection onto cell

trajectories.

Quantification of intra-type CCC heterogeneity

First, given a specific CCC pathway, scRICH dissects CCC het-

erogeneity with unsupervised clustering based exclusively on

the transcriptomic counts of ligands, receptors, and down-

stream targets (if known) of the pathway (Figure 1A, bottom).

To compile a comprehensive gene set for each CCC pathway,

scRICH assembles ligand/receptor sets from CellChat9 and

downstream targets from exFinder,25 which are, in turn,

Figure 1. Overview of scRICH

(A) The inputs to scRICH are the well-annotated scRNA-seq counts and database information on pathways, ligand/receptor interactions, transcription factors

(TFs), and downstream targets (Ts).

(B) For each CCC pathway, scRICH constructs a cell-cell similarity matrix. The optimal number of CCC modes is computed via nonnegative matrix factorization

and spectral analysis.

(C) The CCC signaling modes are annotated based on the expression of receptors and ligands, and their correspondence to cell types is quantified.

(D) A CCC model is constructed in which the propensity of communication depends on ligand and receptor abundance in the senders and receivers, as well as

downstream target activation, which is quantified either by gene expression or RNA velocity.

(E) The relationship between CCC signaling modes of distinct pathways is identified, and the molecular connection between pathways is discovered by con-

structing the joint GRN. Finally, a maximum-flow strategy identifies the regulatory connections in the GRN.
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assembled based on several existing databases16,26,27

(Figures S1A–S1H). Alternatively, pathway gene signatures

compiled from the gene set enrichment analysis (GSEA) molec-

ular signature database28 or custom-made gene sets can be

provided as input. scRICH determines the optimal number of

CCC modes in the dataset with nonnegative matrix factorization

of the pathway-specific cell-cell similarity matrix (Figure 1B), an

approach that has been previously employed to identify cell

states in single-cell transcriptomics data.29 For clarity, the terms

cell state and cell type indicate the cell annotation based on

marker analysis, which is provided as input to scRICH, whereas

the term ‘‘mode’’ indicates the pathway-specific CCC clusters

identified by scRICH. To achieve robust, sub-type resolution,

the cell types and CCC modes are integrated into meta-cells,

whereby a dataset with N cell types and M signaling modes

will be divided into NxM meta-cells, with the distinctive advan-

tage that cells within each meta-cell exhibit a consistent tran-

scriptomic profile and similar CCC behavior (Figure 1C). A het-

erogeneity score is computed to quantify whether cells of the

same type have consistent CCC behavior (low score) or exhibit

heterogeneous CCC behaviors (high score). This pathway-spe-

cific clustering is repeated in parallel for all pathways in the

scRICH database, whereby user-defined parameters can

filter the number of analyzed pathways. Finally, a statistical test

based on permutation is implemented at the pathway-specific

level to quantify the merit of splitting cell types into meta-cells

for exploration of CCC behavior heterogeneity and downstream

analysis.

Construction of communication networks and

transitions

Starting from the CCC meta-cells defined in the previous step,

scRICH builds a model of CCC between meta-cells through

the given pathway (Figure 1D). In the model, the signaling be-

tween two meta-cells is a function of ligand and receptor expres-

sion in the sender and receiver meta-cells, respectively, as well

as the activation of downstream targets in the receiver meta-

cell. Specifically, scRICH offers two mathematical models of

ligand/receptor interaction. First, a diffusion-based model,

where the communication propensity depends exponentially

on the expression of ligands and receptors, similar to the CCC

model at individual cell scale employed by SoptSC3; alterna-

tively, a mass action-based model similar to CellChat, in which

the communication propensity depends on ligand and receptor

expression via a Michaelis-Menten-like model.9 Although both

models provide the same qualitative output, the diffusion-based

model amplifies the strongest interactions and could thus be a

better choice to simplify complex systems with several cell

states and CCC signaling modes. Conversely, the mass ac-

tion-based model is more permissive and highlights weaker in-

teractions between meta-cells, perhaps being better suited to

study smaller systems (Figures S1I–S1L). The activation of

downstream targets is quantified by target RNA velocity, which

indicates whether the gene is being upregulated or downregu-

lated, respectively.30,31 Alternatively, regular RNA counts are

used if unspliced/spliced counts are not provided in the input da-

taset. The inclusion of downstream targets is optional, and the

method can be run using exclusively the information on recep-

tors and ligands. The heterogeneity of CCC within a cell type

can be visualized in a low-dimensional embedding by color-cod-

ing cells based on CCC signaling mode membership (Figure 1C,

bottom).

Cellular flow between co-dependent pathways

Finally, scRICH integrates information on cell clustering based

on individual CCC pathways to extrapolate emerging biological

trends and predict the ‘‘cellular flow’’ between CCC pathways

(Figure 1E). First, scRICH uses mutual information to identify

CCC pathways that show similar trends across cell states (for

example, being a WNT sender implies being a BMP sender,

etc.) and employs Sankey-style diagrams to represent the over-

lap between signaling modes of distinct CCC pathways. More-

over, given two distinct CCC pathways, scRICH implements

GRN inference using the spliceJAC package32 to reconstruct

the joint regulatory network, including the ligands, receptors,

and downstream transcription factors (TFs) connecting the two

pathways, and uses a maximal-flow algorithm to identify the reg-

ulatory connections between two distinct pathways.

Benchmarking and comparison with other methods

We benchmark scRICH’s ability to predict CCC networks by

extensively comparing it against existing tools for CCC infer-

ence, including CellChat9, CellPhoneDB,11 and LIANA+.19 First,

we demonstrate similar accuracy when scRICH is used to infer

CCC at the cell-type level, defined as the pre-existing cell anno-

tation in the dataset. Second, we highlight novel insights

uniquely provided by scRICH by reconstructing CCC at meta-

cell resolution in our own scRNA-seq dataset for fibroblast-con-

taining human skin equivalents33 (FibHSEs). We start by identi-

fying the top CCC pathways based on the average expression

of receptors and ligands using scRICH’s built-in CCC pathway

exploration function (Figure 2A). For a given CCC pathway,

scRICH first identifies the number of CCC communication

modes. In the example of the EGF pathway, scRICH identifies

three signaling modes corresponding to EGF inactive (low

expression of receptors and ligands), EGF receiver (high recep-

tor, low ligand), and EGF sender/receiver (high receptor, high

ligand). These EGF CCC modes can be visualized in a low-

dimensional embedding as well as via violin plots (Figures 2B

and 2C). To mitigate sparsity in signaling mode identification,

scRICH utilizes imputed counts for genes associated with li-

gands, receptors, and targets, potentially introducing a depen-

dence on imputation parameters, including the number of prin-

cipal components (PCs) and cell neighbors (N). We evaluated

this dependence by computing the Wasserstein distance be-

tween signaling mode memberships obtained for different

(PC, N) parameter combinations for the top 10 identified path-

ways in the FibHSE dataset. Although the number of PCs does

not influence signaling mode identification, cell membership in

different signaling modes depends, albeit weakly, on the number

of cell neighbors (Figure S2A). Specifically, some pathways,

including annexin, APP, insulin growth factor (IGF), and NRG,

exhibit different numbers of signaling modes for varying param-

eter combinations (Figure S2B), with occurrences of signaling

modes splitting or merging (Figures S2C–S2F). Repeating this

analysis on other datasets with varying numbers of cells and

cell types confirmed the robustness with respect to the number

of PCs and cell neighbors (Figures S2G–S2J). Afterward, scRICH

constructs the EGF communication network detailing how the

inactive, receiver, and sender/receiver subsets of the epidermal
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cells communicate through EGF (Figures 2D and 2E). Given that

CellChat, CellPhoneDB, and LIANA+ infer communication net-

works at the cell-type level, we coarse-grain scRICH’s prediction

by averaging over CCC modes, thus predicting a CCC network

that can be directly compared against these existing methods

(Figures 2F and 2G). We repeat this procedure over several

CCC pathways presented in Figure 2A and compare the pre-

dicted CCC matrix based on (1) Spearman correlation, (2)

element-wise matrix distance, and (3) overlap of predicted inter-

actions. Overall, we found a strong overlap between scRICH and

Figure 2. Comparison of scRICH against existing CCC inference methods

(A) The top CCC signaling pathways identified by scRICH in FibHSE organoids based on the average expression of ligands and receptors.

(B) Low-dimensional embedding of the FibHSE dataset from Stabell et al.,33 in which FibHSE cells are color coded with EGF CCC communication modes.

(C) The expression (normalized and log transformed) of EGF receptors and ligands in the identified communication modes corresponding to inactive (green),

receiver (orange), and sender/receiver (blue) states.

(D–G) Schematic of the quantification pipeline. (D) The UMAP at sub-cluster resolution showing how epidermal cell states split at the meta-cell level based on the

EGF communication modes. (E) The EGF CCC network predicted by scRICH at meta-cell resolution. (F) Cell-state-level UMAP representation obtained by

aggregating meta-cells over epidermal cell states. (G) The EGF CCC network at cell-type resolution.

(H) Detailed comparison between scRICH and the CCC networks predicted by CellChat, CellPhoneDB, and LIANA+. The rightmost column shows the com-

parison between the three methods as a benchmark. The line, box, and whiskers depict the average, first quartile (Q1) to third quartile (Q3) range, and the furthest

point within 1.5× the interquartile range, respectively.

(I) The cell-type CCC heterogeneity when aggregating results from all considered CCC pathways.

(J) The CCC signaling pathway heterogeneity when aggregating over all cell types.
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the CCC networks predicted by CellChat, CellPhoneDB, and

LIANA+ when applying both the mass-action and diffusion

models of CCC (Figure 2H). scRICH can estimate CCC interac-

tions based on (1) standalone ligand/receptor expression; (2)

ligand/receptor and target gene expression; or (3) ligand/recep-

tor expression plus RNA velocity of target genes. Testing these

different CCC models across three datasets suggests that the

relation between these models could be dataset-specific, likely

due to context-specific target gene selection (Figures S2K–

S2M). Furthermore, we compared different RNA velocity infer-

ence models, scVelo30 and Unitvelo,34 finding that scVelo-based

prediction agrees closely with target-free and target-expression-

based models (Figure S2M). These results highlight the impor-

tance of context-specific target gene selection and the RNA ve-

locity model—both customizable options—when applying

scRICH.

Finally, we focus on the information loss resulting from aver-

aging CCC networks at the cell-type level by defining and

computing a CCC heterogeneity score bound within [0,1]. This

score quantifies whether cells with different roles in the CCC

pathway (senders, receivers, etc.) are uniformly distributed across

cell types (high score) or clearly divided among cell types (low

score). Several keratinocyte states, such as basal keratinocytes

(BAS)-I and spinous keratinocytes (SPN)-1, exhibit a high score,

i.e., cells within these cell states tend to behave differently in terms

of CCC, thus leading to a greater information loss when averaging

CCC over cell type (Figure 2I). Similarly, several CCC pathways,

such as non-canonical WNT and EPHB, have high heterogeneity

scores, implying that cells with different CCC behavior are spread

heterogeneously across different cell states (Figure 2J). In general,

the higher the heterogeneity score, the higher the loss of informa-

tion when averaging CCC over cell types, thus motivating the

modeling of CCC at meta-cell resolution.

Experimental validation by analysis of downstream

regulation of the EGF pathway in skin-equivalent

organoids

Next, we use the FibHSE keratinocytes33 to validate scRICH’s

predictions about CCC heterogeneity and CCC pathway co-

dependence experimentally. These organoids reproduce the

stratification of BAS that differentiate into SPN, granular (GR),

and cornified (CRN) keratinocytes found in the epidermis

(Figure 3A). We focus on the EGF CCC pathway, which was pre-

viously implicated in keratinocyte differentiation33 and exhibits

sender, sender/receiver, and weak signaling modes (see

Figures 2B and 2C). We identify multiple cell states, including

SPN-1 and SPN-3, which exhibit high EGF heterogeneity scores.

Therefore, these cell states are mixtures of EGF sender, sender/

receiver, and weak cells (Figures 3B and 3C).

In particular, cells in the EGF sender/receiver mode are found

across several different keratinocyte cell states and are espe-

cially represented in the terminal states, including SPN-3 and

GR-1. Conversely, the EGF receiver mode is mainly observed

at earlier stages of the keratinocyte lineage, particularly in basal

states, including BAS-III, BAS-IV, and SPN-1 (Figures 3D and

3E). To confirm the predicted role of EGF sender/receiver cells,

we performed immunostaining for the EGF ligand and the

EGFR receptor in FibHSE organoids. EGF and EGFR were

lowly expressed without EGF induction but became much

more highly expressed following treatment with soluble EGF

(Figures 3F and 3H). Furthermore, exposure to external EGF

ligand increased the co-localization of EGF and EGFR in the or-

ganoids, showing that their expression correlates both in the

basal layer and across the whole epidermis (Figures 3G, 3I,

and 3J). Overall, these observations support a model in which

late-stage keratinocytes relay information via EGF to early-

stage keratinocytes, which is specifically visualized in scRICH

with a superposition plot that overlays the cell-state transition

field and EGF-CCC (Figure 3K).

Next, we apply scRICH to computationally model the connec-

tion between EGF and other CCC pathways involved in EMT

regulation, including TGFb, NOTCH, and CDH. First, we identify

three TGFB CCC signaling modes, including a sender, a strong

receiver, and a weak receiver (Figure 3L), and compare cell

behavior in the two pathways. Notably, strong TGFb receivers

tend to be EGF receivers, whereas TGFb senders are mostly

weak with respect to EGF. Finally, the TGFb weak receptor

mode is almost equally spread among the three EGF signaling

modes (Figure 3M). We further investigate the strong correlation

between several EGF and TGFb signaling modes by inferring the

intracellular gene regulatory network. Specifically, we recon-

struct the network connecting the EGF ligands/receptors,

including EGFR, AREG, EREG, TGFA, HBEGF, and ERBB2,

with the TGFb ligands/receptors, including TGFb1, TGFb2,

TGFbR1, and TGFbR2. By applying a maximum-flow algorithm

to the predicted GRN, scRICH predicts the top connections

and intermediate mediators connecting the EGF and TGFb

CCC signaling modes, which include HRAS and INHBA

(Figure 3N), both of which were previously linked to EMT.35–37

Consistently, the expression of HRAS and INHBA increased

upon exposure to exogenous EGF in our experiment

(Figure S3), suggesting a connection between the EGF sender/

receiver communication mode, HRAS/INHBA activation, and

TGFb signaling. To further test the relation between EGF

signaling and EMT during keratinocyte differentiation, we eval-

uate CDH (cadherin) signaling that directly regulates cell adhe-

sion, identifying three CCC modes corresponding to weak, me-

dium, and strong adhesion (Figure S4A). EGF communication

modes were strongly correlated with cell adhesion: whereas

EGF weak cells are mostly CDH weak as well, EGF sender/re-

ceivers mostly exhibited strong adhesion (Figure S4B), and

EGF signaling was predicted to directly induce cell adhesion

via CDH4 activation in the inferred EGF-CDH regulatory network

(Figure S4C). This prediction resonates well with the co-localiza-

tion of EGF and CDH4 observed experimentally via immuno-

staining, whereby CDH4 expression is upregulated upon EGF in-

duction (Figure S4D–S4F). A similar analysis of the Notch CCC

pathway highlights, once again, the strong correspondence be-

tween EGF and NOTCH CCC signaling modes. Specifically, EGF

sender/receivers are almost exclusively NOTCH receivers,

whereas NOTCH sender/receivers are almost exclusively EGF

receivers. Finally, low activity for the two pathways goes hand

in hand (Figures S4G and S4H). The emerging correlation be-

tween the EGF and NOTCH receiver modes was supported by

multiple activation paths identified in the predicted EGF-

NOTCH gene regulatory network (Figure S4I), including the inter-

mediate regulator STAT1 that increases along with both NOTCH

and EGF (Figures S4J–S4M).
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Figure 3. The EGF and TGFb CCC in FibHSEs

(A) Epidermal differentiation in human skin. Keratinocytes transition from basal (BAS; early) to spinous (SPN) and granular (GR; late) states as they migrate from

the stratum basale (SB) through the stratum spinosum (SS) and stratum granulosum (SG), ultimately reaching the cornified (CRN; terminal) stage in the stratum

corneum (SC).

(B) The CCC heterogeneity of the EGF pathway in the keratinocyte cell states. An asterisk indicates statistical significance based on permutation testing.

(C) Mapping between keratinocyte states and EGF CCC signaling modes in the dataset from Stabell et al.33

(D and E) Density of EGF receiver and EGF sender/receiver cells in a low-dimensional UMAP space superimposed with RNA velocity. Color scales indicate cell

density (unitless).

(F) Immunofluorescence of the epidermal layer in FibHSE showing cell nuclei, EGF, and EGFR layer without EGF treatment.

(G) Correlation between EGF and EGFR in the epidermis and the basal layer without EGF treatment. r indicates Pearson’s correlation coefficient.

(H and I) Same as (F) and (G) with EGF treatment. Scale bars, 50 μm. Dashed lines denote the epidermal-dermal junction.

(J) Quantification of EGFR expression in the epidermis based on replicates and EGF dosage (n = 3).

(K) The EGF CCC network between keratinocyte subsets and its relation to cell-state transitions.

(L) The TGFb signaling modes in the FibHSE keratinocytes (gene expression normalized and log transformed).

(M) Mapping between TGFb and EGF CCC modes.

(N) The gene regulatory network connecting the EGF and TGFb pathways, in which red edges indicate the path of maximum flow connecting EGF and TGFb

receptors.
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Figure 4. Functional separation of cell types into robust CCC modes in skin wound healing

(A) UMAP representation of the wound-healing cell types in the dataset by Haensel et al.38

(B and C) The top CCC signaling pathways identified in skin wound healing based on the number of detected genes (B) and the average expression of ligands and

receptors (C).

(D) The IL-1 communication modes corresponding to an inactive (green), sender (orange), and receiver (blue) states.

(E) Low-dimensional embedding in which cells are color coded with IL-1 CCC communication modes.

(F) The CCC heterogeneity of the IL-1 pathway. An asterisk indicates statistical significance based on permutation testing.

(legend continued on next page)
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Overall, these results highlight that CCC behavior in FibHSEs

is heterogeneous, leading to a loss of information when evalu-

ating CCC at the level of cell types. Conversely, scRICH iden-

tifies well-defined signaling modes of cells with coherent

communication behavior and clear relationships between

distinct CCC pathways.

scRICH distinguishes subsets of sender and receiver

cells within cell types

To demonstrate scRICH’s ability to identify within-type CCC het-

erogeneity, we analyze a scRNA-seq skin wound-healing data-

set that includes multiple distinct types of fibroblasts, keratino-

cytes, and immune cells38 (Figure 4A). An overview based on

either ligand/receptor average expression or the number of de-

tected ligands/receptors in the dataset suggests the activation

of several CCC signaling pathways (Figures 4B and 4C).

To highlight a representative workflow, we focus on the inter-

leukin (IL)-1 CCC pathway. The IL-1 pathway is associated with

the inflammatory response and thus plays a role in coordinating

cell behavior during wound healing.39 When clustering cells

based on IL-1 ligand/receptor expression, we identify 3 clusters

associated with a receiver mode (high receptor, low ligand

expression), a sender mode (low receptor, high ligand expres-

sion), and an inactive mode (low expression of both) (Figure

4D). Given scRNA-seq data sparsity, it could be hypothesized

that the inactive mode originates from cells with low RNA

counts. Visualizing cell membership in the 3 IL-1 modes in the

uniform manifold approximation and projection (UMAP) embed-

ding, however, highlights a specific pattern in which 4 cell types

(fibroblast 1, neutrophils, macrophage/dendritic cells [DCs],

and IFE keratinocytes) possess subgroups of sender and

receiver cells, whereas all other cell types are almost exclusively

inactive (Figure 4E). Therefore, these cell types exhibit high IL-1

heterogeneity scores (Figure 4F). To proceed with the functional

separation of these cell types between signaling modes, we

perform permutation testing (Figure 4G), indicating that these

4 cell types should be split for functional characterization of

IL-1 CCC. Specifically, the fibroblast 1 and keratinocyte cell

types are composed of large populations of IL-1-inactive cells

and smaller but well-separated populations of IL-1-receiver

cells. Therefore, averaging IL-1-based communication infer-

ence over cell types would weaken the IL-1-receiver behavior.

Furthermore, the neutrophil and macrophage/DC cell types

include well-separated subsets of IL1-receiver and IL-1-sender

cells. Therefore, cell-type-level averaging would miss this sepa-

ration, instead predicting sender/receiver behavior. Permuta-

tion testing allows us to select robust patterns in CCC heteroge-

neity. For example, mast cells exhibit a high IL-1 heterogeneity

score (see Figure 4F). The low mast cell count, however, pre-

vents a statistically robust functional separation within this cell

type. In other words, the null hypothesis that a small subset of

IL-1-sender cells exhibits an IL-1-sender, rather than an IL-1-

inactive, mode by random chance cannot be rejected with sta-

tistical significance. To showcase the relevance of intra-type

heterogeneity, we consider the CXCL pathway that is exclu-

sively activated in neutrophil and macrophage/DC cell types.

Compared with IL-1, CXCL features a true sender/receiver state

in which individual cells co-express CXCL receptors and ligands

(Figures 4H and 4I).

After identifying CCC signaling modes for all the most highly

expressed CCC pathways, each cell type can be characterized

by a CCC heterogeneity score that summarizes the coherence

of CCC behavior of cells of the same type across many CCC

pathways (Figure 4J). Fibroblasts (both type 1 and type 2), mac-

rophages/DC cell types, and neutrophils exhibit more heteroge-

neous behavior (high CCC heterogeneity score), whereas mus-

cle cells, T cells, and mast cells exhibit more coherent CCC

behavior (low CCC heterogeneity score). Individual cell types

can be further characterized based on their CCC heterogeneity

score for each distinct pathway. For example, neutrophils

behave heterogeneously along specific pathways, including

CXCL, tumor necrosis factor (TNF), IL-1, and CD52 (Figure 4K).

scRICH identifies CCC gradients along cell

differentiation lineages

To further test scRICH’s ability to capture CCC evolution during

cell fate transitions, we investigate cell differentiation during

erythroid cell maturation, where blood progenitor cells differen-

tiate into erythroid cells40 (Figure S5A). As blood progenitor cells

undergo enucleation, we first inspected the presence of un-

spliced RNA, confirming active transcription in all cell types

(Figure S5B). We identify several CCC pathways that are highly

expressed and showcase heterogeneous behavior across

erythroid cell states, including IGF and VEGF (Figures 5A and

S5C–S5E). Specifically, we identify three IGF CCC modes,

including a sender, a receiver, and an inactive mode (Figures

S5F–S5H).

Juxtaposing the IGF communication modes with the direc-

tions of cell-state transition computed with UnitVelo34 suggests

a connection between the IGF CCC network and cell fate. Here,

UnitVelo is chosen because it was previously shown to generate

more robust cell-transition trajectories compared with scVelo in

the context of blood cell differentiation. scRICH, however, is

compatible with both packages. The early-stage BP-1 cells split

into subpopulations of BP-1 senders and BP-1 receivers,

whereas the later Er-1 and Er-2 cells are mostly IGF senders,

overall suggesting a transition mechanism whereby later-stage

erythroid cells communicate with early-stage cells and may

contribute to their differentiation (Figures 5B and 5C). The evolu-

tion of IGF along the lineage is further captured by inspecting the

fraction of cells in different IGF CCC modes along latent time,

which shows a progressive decrease in the fraction of cells

that behave as receivers of both IGF and VEGF (Figures 5D

and 5E). This trend is further visualized by cell-density plots in

which early cells tend to behave as IGF receivers, whereas

cells in the intermediate lineage mostly behave as senders,

(G) Permutation testing p value as a function of the fraction of cells in the dominant CCC signaling mode in each cell type. Cell types below the threshold of 0.05 are

selected for functional separation.

(H and I) Same as (D) and (E) for the CXCL pathway. Inactive (green) and sender/receiver (orange) communication modes are identified.

(J) Cell-type CCC heterogeneity score (average over all CCC pathways).

(K) Heterogeneity score of each CCC pathway in the neutrophil cell type.
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and finally, IGF signaling is mostly inactive in the later stages

(Figures 5F–5K).

Finally, we investigate the emerging trend in CCC using an un-

supervised learning strategy, leading to the identification of 12

CCC patterns with different levels of representation in the

erythroid cell states (Figure 5L). These patterns exemplify how

different CCC pathways are orchestrated at different stages of

the erythroid lineage. For example, pattern 0 represents a CCC

behavior overrepresented among early-stage cells, including

BP-1, BP-2, and Er-1, featuring strong expression of the midkine

(MK) receptor—a growth factor related to several cellular pro-

grams41—and the FGF, MK, and VEGF ligands, among others

(Figures 5M–5O). In other words, albeit belonging to different

cell states, cells in pattern 0 share a common CCC behavior

when evaluating their communication profile across several

different CCC pathways. Conversely, pattern #5 is enriched for

cells in the later Er-2 stage and features co-expression of the

MK ligand and receptor (Figures 5P–5R). Overall, these CCC pat-

terns provide a comprehensive representation of how different

Figure 5. Application of scRICH to the

erythroid lineage

(A) The CCC heterogeneity of erythroid cell states

for multiple CCC pathways in the dataset by Barile

et al.40

(B and C) The IGF CCC network depicted over

RNA velocity (B) and as a chord diagram (C).

(D) The distribution of cell states over latent time.

(E) The fraction of IGF and VEGF CCC modes as a

function of latent time.

(F) The cell-density plot of IGF receivers.

(G) The fraction of IGF receivers in the erythroid

cell states.

(H and I) Same as (F) and (G) for IGF senders.

(J and K) Same as (F) and (G) for IGF inactive cells.

In (F), (H), and (J), the color scale indicates cell

density (unitless).

(L) Sankey diagram of the matching between

erythroid states and CCC patterns.

(M) The representation fold change of erythroid

cell states in CCC pattern 0.

(N) The top 15 ligands and receptors expressed in

CCC pattern 0.

(O) Violin plot of the top 5 receptors (top) and

ligands (bottom) in CCC pattern 0.

(P–R) Same as (M)–(O) for CCC pattern 5.

CCC pathways are orchestrated together

at different stages of the cell lineage.

TGFb and BMP modulate parallel

cell-state-transition trajectories

To test scRICH across different biological

scenarios, we next consider a time

course of EMT in the cancer cell line

OVCA420 under exogenous transforming

growth factor β (TGFb) exposure.42 Cells

in the dataset undergo EMT from 0 to

7 days of TGFb exposure as reported

based on cell morphology in the original

publication as well as by examination

of signatures of epithelial and mesenchymal gene sets

(Figures S6A and S6B). Clustering cells based on gene expres-

sion rather than the time point suggested 3 cell states corre-

sponding to epithelial (E), intermediate (I), and mesenchymal

(M) cell states, with the mesenchymal state becoming increas-

ingly populated at later time points, in good agreement with

the reported EMT induction (Figures S6C–S6E). The TGFbb

pathway, a well-known driver of EMT, splits into 3 CCC signaling

modes, including TGFb-receiver, TGF-b-sender, and TGFb-

inactive (Figure 6A). Although the TGFb CCC modes were spread

heterogeneously across the E, I, and M cell states, the fraction of

TGFb sender cells increased along the pseudotime axis, sug-

gesting that cells undergoing EMT could, in turn, induce EMT

in neighboring cells via TGFb signaling (Figures S6F–S6H). By

overlaying the TGFb signaling states and cell-state transition tra-

jectories marked by RNA velocity, scRICH suggested that

the cells in the early stage of the EMT trajectory tend to be

mostly (epithelial, TGFb-inactive) or (epithelial, TGFb- receiver);

conversely, at later stages, cells switch to the (intermediate,
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TGFb-receiver) and finally to the (mesenchymal, TGFb-sender)

states (Figures 6B–6D).

RNA velocity suggests that epithelial cells can either transition

directly to the mesenchymal state or traverse a ‘‘longer’’ path

through the intermediate state. To characterize the signaling

mechanism along these trajectories, we evaluated the pathway

similarity, finding a high mutual information between TGFb

and BMP, another pathway usually associated with EMT

(Figure S6I). Similar to TGFb, BMP exhibited both a sender and

receiver signaling mode in the dataset (Figures S6J and S6K),

which were highly correlated with the TGFb signaling modes.

Specifically, TGFb-inactive and TGFb-receiver cells had a high

probability of being BMP-inactive and BMP-receiver, respec-

tively (Figure 6E). Interestingly, TGFb and BMP showed different

activation patterns along the EMT trajectory. The (mesenchymal,

TGFb-sender) cells tend to be largely BMP-inactive, whereas the

(intermediate, TGFb-receiver) cells tend to be BMP-receivers as

well. Combined with the RNA velocity transition trajectories,

these results suggest alternative EMT trajectories. First, a direct

E-M trajectory that relies on TGFb but not BMP activation; sec-

ond, an E-I-M trajectory where both TGFb and BMP are acti-

vated (Figures 6F and 6G). To characterize the relationship be-

tween TGFb and BMP further, we reconstructed the

intracellular GRN connecting the TGFb and BMP pathways,

which identified several TFs commonly associated with EMT,

including SMAD3, SMAD6, and SMURF2 (Figures 6H, S6M,

and S6N).

scRICH identifies spatial patterns of sender and

receiver cells from ST data

Finally, we consider an ST dataset of chicken heart develop-

ment43 originally obtained via the 10× Genomics Spatial RNA-

seq Visium platform to leverage the spatial organization of

CCC. Although the spatial distribution of cell types in this dataset

is highly heterogeneous (Figure S7A), we hypothesize that CCC

should still exhibit spatial organization due to the limited diffusion

of ligands across the tissue. Among several CCC pathways

(Figure S7B), we focus specifically on the highly expressed MK

pathway, which is heavily implicated in the regulation of stem

cell renewal, angiogenesis, and inflammation.41 Strikingly, we

observe a robust spatial organization when classifying cells

based on their MK communication behavior instead of cell

type. Specifically, the three identified MK communication

modes, including a receiver, a sender/receiver, and a weak

sender/receiver mode, are distributed heterogeneously across

cell types (Figure 7A) but are mainly localized to distinct spatial

locations (Figures 7B–7D), resulting in a CCC network in which

multiple cell types contribute to the signaling (Figure 7E). To

further summarize the spatial organization of the MK CCC

pathway, we define a spatial heterogeneity index, which quan-

tifies whether cells assume a CCC communication mode similar

to that of their spatial neighbors. Interestingly, cells in different

spatial locations exhibit varying degrees of spatial heterogeneity,

with the region corresponding to the strong sender/receiver MK

mode being the more robust/less heterogeneous, whereas

Figure 6. Interplay of TGFb and BMP during EMT

(A) The TGFb signaling modes in OVCA420 cells (expression is normalized and log transformed) in the dataset by Cook and Vanderhyden.42

(B–D) The cell density of TGFb CCC modes overlaid on RNA velocity for TGFb inactive (B), receivers (C), and senders (D). Color scales indicate cell density

(unitless).

(E) Sankey diagram of the correspondence between TGFb and BMP CCC modes.

(F and G) Cell density of BMP receivers and BMP senders. Color scales indicate cell density (unitless).

(H) The joint TGFb-BMP gene regulatory network. Purple and blue shading represent nodes associated with the TGFb pathway or shared between the two

pathways, respectively.
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regions corresponding to weakly interacting cells are more het-

erogeneous (Figure 7F).

The spatial segregation of cells with distinct MK communica-

tion behaviors suggests that cell-cell interactions play a role in

the development of the tissue. Thus, we investigate whether

this spatial organization is also observed in the correlations be-

tween CCC pathways. Based on mutual information analysis,

we identify pairs of pathways that are highly correlated, such

as FN1 and COLLAGEN (Figures 7G and 7H). To test the relation-

ship between these CCC pathways in different anatomical re-

gions of the tissue, we define a local, space-dependent mutual

information measure that only considers the relationship be-

tween the pathways in the neighborhood of a specific spatial

location. This analysis showcases different anatomical locations

of the tissue where the relationship between the CCC pathways

differs (Figure 7I). For example, certain regions are characterized

by high mutual information, thus implying that it is possible to

predict a cell’s communication behavior in the COLLAGEN

pathway if FN1 behavior is known or vice versa. Generally, the

connection between these pathways is not surprising, as both

FN1 and COLLAGEN play a key role in the processing of interac-

tions between cells and the extracellular matrix.44,45 These path-

ways, however, have low mutual information in specific spatial

Figure 7. The spatial organization of CCC

modes in the developing chicken heart

(A) Composition of cell types and MK CCC modes

in the dataset by Mantri et al.43

(B–D) Spatial distribution of the identified MK

signaling modes, including MK receiver (B), MK

sender/receiver (C), and MK weak sender/receiver

(D). Color scales indicate cell density (unitless).

(E) The MK communication network.

(F) The spatial heterogeneity of MK CCC signaling

indicated with a unitless color scale.

(G) Mutual information between CCC pathways.

(H) Correspondence of CCC signaling modes be-

tween the FN1 and COLLAGEN pathways.

(I) Spatial distribution of the FN1-collagen mutual

information in the developing chicken heart indi-

cated with a unitless color scale.

regions, potentially suggesting distinct

roles for these pathways locally in tissue

development.

DISCUSSION

CCC enables the flow of information in

multicellular systems and connects the

tissue and cellular scales through intri-

cate gene regulatory networks (GRNs)

that process external information and

inform cellular responses, for example,

by activating secondary CCC pathways.

High-throughput single-cell and ST

technologies offer unprecedented oppor-

tunity to observe these biological pro-

cesses at single-cell resolution.15,46,47

Yet, existing models mostly focus on

the scales of CCC mediated by ligand/receptor binding and

intracellular GRNs separately,1,48,49 thus failing to provide a ho-

listic picture of how CCC and cellular identity interact and evolve

together in complex cell lineages.

To address this existing gap, we have developed scRICH, a

mathematical framework and bioinformatics package that lever-

ages single-cell transcriptomics, prior biological information on

CCC pathways, and mathematical modeling of inter- and intra-

cellular signaling dynamics. scRICH takes advantage of the un-

spliced and spliced RNA counts from scRNA-seq data to (1)

quantify the diverse CCC behaviors and heterogeneity within

cell types; (2) build a model of CCC that couples ligand/receptor

binding with intracellular GRN response, thus enabling us to

investigate the association between distinct CCC pathways;

and (3) identify emerging global communication patterns and

their evolution during cell-fate-transition events.

Recently, FlowSig proposed a learning framework to discover

relationships between signaling pathway activation and expres-

sion of new ligands/receptors using conditional independence.50

Compared with this method, scRICH focuses on (1) the hetero-

geneity of CCC behaviors within cell types and (2) the relation-

ship between CCC and cell fate by incorporating RNA splicing

dynamics, thus providing unique and complementary insights.
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First, scRICH treats cell types and CCC behavior as independent

observations, thus enabling us to quantify how cells of the same

type operate via different (sets of) CCC pathways and build CCC

networks at the intermediate scale of meta-cells, i.e., groups of

cells that share the same type and communication behavior.

This approach enabled us to identify cell subpopulations that op-

erate via distinct sets of cell-cell interactions despite sharing the

same set of core marker genes, such as groups of EGF sender/

receiver spinous cells that were validated experimentally based

on EGF ligand/receptor co-expression in FibHSE organoids.

Second, scRICH employs multilayer networks and mutual infor-

mation to predict the connection between CCC pathways, for

example, when predicting intermediate TFs HRAS and INHBA

that orchestrate a joint (EGF receiver, TGFb receiver) cellular

state in basal keratinocytes. When coupled with cell fate transi-

tion information, this approach can clarify how CCC pathways

work together to modulate early decisions in cell fate. For

example, scRICH predicts parallel EMT trajectories driven by

TGFb in ovarian cancer-derived cells, whereby the first trajectory

shows strong coupling between the TGFb and BMP pathways

and passes through an intermediate epithelial/mesenchymal

cell state, whereas the second, BMP-independent trajectory

directly connects the E and M cell states.

Despite these encouraging results, this method could be

generalized in the future to interface with other omics data mo-

dalities besides scRNA-seq to improve predictive power. First,

we follow a common assumption in the field and utilize RNA

counts to estimate ligand/receptor expression, thus disregard-

ing several biological steps, including translation and ligand/re-

ceptor transport to the cell surface. This approximation poses

specific challenges in biological contexts or datasets with poor

protein-RNA correlation. Conversely, proteomics51 or cellular in-

dexing of transcriptomes and epitopes by sequencing (CITE-

seq)—which measures protein expression at the cell sur-

face52,53—could provide better estimations. Similarly, GRN

inference based exclusively on single-cell transcriptomics, albeit

by integrating unspliced and spliced RNA layers, would benefit in

the future from integration with DNA accessibility data. For

example, single cell assay for transposase-accessible chromatin

(scATAC-seq) has been used in combination with regular (i.e.,

spliced) scRNA-seq for robust GRN inference by providing a

prior on whether DNA sequences associated with specific genes

are accessible.54,55 Moreover, scRICH leverages gene expres-

sion and/or RNA velocity (when available) of downstream targets

to control for false positives, thus detecting CCC if and only if a

downstream response is observed in the receiver cell. More stra-

tegies, however, should be investigated in the future to further

alleviate false positives. For example, scRICH currently employs

spatial information (ST) exclusively to investigate the spatial or-

ganization of CCC modes within a tissue, whereas other

methods employ ST to cut off interactions between faraway

cells,56–60 and the inferred results could be applied to non-spatial

scRNA-seq datasets with more cells and deeper sequencing.

For example, stMLnet combines ST for false-positive correction

and intracellular gene signatures for CCC prediction.61 Finally, an

additional limitation of ST is the increased data sparsity, as

sequencing-based, whole-genome data are needed as scRICH

considers ligands, receptors, and downstream targets over

several CCC pathways. Future applications of scRICH will

benefit from the integration of ST with non-spatial data for

improved data quality.62

In addition to multi-modal and/or spatial high-throughput data,

scRICH could be integrated with dynamical modeling of cell

fate63–66 and/or temporal information, including time-course

and lineage-tracing data, to further explore the relationship be-

tween cell fate and CCC. Existing methods leverage these types

of data to estimate cell-state transitions under the assumption of

cell-autonomous processes. For example, Cospar integrates

lineage tracing and single-cell transcriptomics to build a Markov

chain Monte Carlo model of cell-cell and state-state transi-

tions,67 whereas TIGON implements optimal transport to esti-

mate transitions and cell growth between consecutive time

points in time-course data.68 Developing non-autonomous

models that integrate multiscale CCC in the style of scRICH

with cell-state transitions would provide a unifying framework

to understand the influence of cell-cell interactions on cell-fate

decisions.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit anti-EGF Proteintech 27141-1-AP; RRID: AB_2880771

Mouse anti-EGFR Proteintech 66455-1-Ig; RRID: AB_2881824

Rabbit anti-HRAS Proteintech 18295-1-AP; RRID: AB_2121046

Mouse anti-INHBA Proteintech 60352-1-Ig; RRID: AB_2881461

Rabbit anti-CDH4 Proteintech 19795-1-AP; RRID: AB_10642434

Mouse anti-STAT1 Proteintech 66545-1-Ig; RRID: AB_144695

Rabbit anti-NOTCH1 Proteintech 20687-1-AP; RRID: AB_2535812

Goat anti-Mouse, Alexa Fluor 546 Invitrogen A-11030

Goat anti-Rabbit, Alexa Fluor 647 Invitrogen A-21244

Biological samples

Human skin New York Firefighters Skin Bank http://www.cornellsurgery.org/pro/services/

burn-surgery/skin-bank.html; RRID:SCR_004604

Chemicals, peptides, and recombinant proteins

Penicillin-Streptomycin GIBCO 15140-122

Keratinocyte-SFM medium GIBCO 10724-011

Bovine Pituitary Extract GIBCO 13028-014

Human recombinant Epidermal Growth Factor GIBCO 10450-013

DMEM GIBCO 11995

Ham’s F12 Cambrex 12-615F

FBS GIBCO 10437-028

Adenine Sigma A-9795

Cholera Toxin Sigma C-8052

Hydrocortisone Calbiochem 3896

Insulin Sigma I-1882

Transferrin Sigma T-0665

Ciprofloxacin Hydrochloride Serologicals 89-001-1

Experimental models: Cell lines

Primary human keratinocytes Hospital Maternity Ward N/A

Primary human fibroblasts Hospital Maternity Ward N/A

Software and algorithms

R R core https://www.r-project.org/

scVelo Bergen et al.30 https://scvelo.readthedocs.io/en/stable/

UnitVelo Gao et al.34 https://unitvelo.readthedocs.io/en/latest/

Cellchat Jin et al.9 https://github.com/jinworks/CellChat

CellphoneDB Efremova et al.11 https://www.cellphonedb.org

Liana+ Dimitrov et al.19 https://liana-py.readthedocs.io/en/latest/

exFinder He et al.25 https://github.com/ChanghanGitHub/exFINDER

spliceJAC Bocci et al.32 https://splicejac.readthedocs.io/en/latest/

scRICH This paper https://github.com/federicobocci/Robust-

Identification-of-Cell-cell-Communication-

Heterogeneity-in-single-cells;

DOI: 10.5281/zenodo.20394265

External (published) datasets

human-skin-equivalent organoids (FibHSE) Stabell et al.33 GSE190695

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

FibHSE organotypic culture

Human primary keratinocytes and dermal fibroblasts were isolated from discarded neonatal foreskin, as described previously.69,70

Primary human keratinocytes were maintained below 70% confluency in K-SFM medium (Keratinocyte-SFM medium supplemented

with 50 μg/ml Bovine Pituitary Extract, 5 ng/ml human recombinant Epidermal Growth Factor 1–53 and 100 U/mL penicillin-strepto-

mycin). Primary fibroblasts were maintained in complete DMEM (DMEM supplemented with 10% fetal bovine serum and 100 U/mL

penicillin-streptomycin). Split-thickness human skin was purchased from the New York Firefighters Skin Bank (New York, New York,

USA). FibHSEs were generated using a modified protocol as outlined Li and Sen.71 Briefly, primary fibroblasts (1×106 cells) were

seeded onto the reticular side of devitalized de-epidermal human dermis (DED) in 1.5 mL of complete DMEM, followed by centrifu-

gation at 600 g for 1 hour. A suspension of primary keratinocytes (1×106 cells in 100μL) was then seeded onto the papillary side of the

DED and cultured at an air-liquid interface (ALI) to promote differentiation and stratification over 14 days, with media changes every

other day. To assess the impact of EGF supplementation, an EGF-free culture medium was introduced on day 7 of ALI.

Immunofluorescence staining

Immunofluorescence (IF) staining were performed as previously described33 with slight modifications. In brief, frozen slides contain-

ing 20μm organoid sections were fixed with 4% paraformaldehyde (PFA) for 15 min, blocked in PBS containing 2% bovine serum

albumin (BSA) and 0.1% Triton X-100 for 1h, and co-stained with either rabbit anti-EGF (1:500; Proteintech; 27141-1-AP) and mouse

anti-EGFR (1:500; Proteintech; 66455-1-Ig), or rabbit anti-HRAS (1:500; Proteintech; 18295-1-AP) and mouse anti-INHBA (1:500;

Proteintech; 60352-1-Ig). Slides were washed and then incubated with Alexa Fluor 546 Goat Anti-Mouse IgG (H+L) (Invitrogen)

and Alexa Fluor 647 Goat Anti-Rabbit IgG (H+L) (Invitrogen). Mounting medium (abcam) containing 4,6-diamidino-2-phenylindole

(DAPI) was used to visualize nuclei. All slides were immunostained in a single batch to ensure consistency across samples. Images

were captured during the same experimental session using consistent settings on a ZEISS LSM780 confocal microscope at 20x

magnification. For each condition, three different fields of tissue sections were acquired from two independent FibHSE replicates.

Colocalization analysis was performed using the Colocalization Finder plugin in ImageJ.

METHOD DETAILS

Input data and preprocessing

The input to scRICH is the scRNA-seq data object, which is assumed to be preprocessed following standard preprocessing pipe-

lines,72,73 and includes log-normalized RNA counts, filtered genes and cell annotations. In addition, the unspliced and spliced

RNA layers are required for the downstream modeling, GRN inference, and visualization. The unspliced/spliced counts are obtain-

able via compatible python packages including velocyto31 and kallisto bustool74 to allow efficient streamline of the analysis in a single

notebook.

Cell-cell signaling database

scRICH includes a pre-built database comprising a list of ligands and receptors for cell-cell communication pathways updated based

on CellChat database,9 spanning both human and mouse. Moreover, a database of downstream transcription factors (TF) was con-

structed by merging information about ligand-receptor-TF connections from NicheNet16 and exFinder.25 All scRICH’s analysis steps

can be executed from the pre-built database. Additionally, several package applications can be integrated with custom-built lists of

upregulated/downregulated downstream genes for individual CCC pathways.

Average expression within single cells

Several modeling steps of scRICH use average expression of ligands, receptors, and/or downstream targets within individual cells.

scRICH offers multiple possibilities to compute these averages, which can be chosen by the user, including: (1) Log-normalized RNA

counts (standard output of scanpy’s preprocessing72); (2) moments of RNA counts; and (3) Average over the cell neighborhood graph.

Identification of cell-cell signaling modes

For each pathway included in the database, scRICH identifies the number of communication modes by applying symmetric non-

negative factorization of a cell-cell similarity matrix,75 which has been previously applied for unbiased clustering of scRNA-seq

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Murine skin wound healing Haensel et al.38 GSE142471

Erythroid differentiation Pijuan-Sala et al.79 GSE87038

OVCA420 time course Cook and Vanderhyden42 GSE147405

Chicken heart Mantri et al.43 GSE149457
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data.29,76 First, different K-means cell clustering solutions are computed based solely on the average expression of ligands and re-

ceptors in each cell. By default, 5 clustering solutions with randomized seed are computed for k=3,4,5,6, whereby all parameters can

be modified by the user. Second, a cell-cell similarity matrix is computed where a matrix element Sij ∈ [0; 1] is the fraction of clus-

tering solutions where cells i and j are grouped in the same cluster. The similarity matrix is then decomposed using symmetric non-

negative factorization:

min
H≥ 0

⃦
⃦S − HHT

⃦
⃦2

F
;H ∈ Rn×k ; (Equation 1)

where S is the cell-cell similarity matrix, H is a non-negative low-rank matrix, and n, k are the number of cells and clusters. The optimal

number of signaling modes is identified based on the largest gap between the sorted eigenvalues of the matrix H.

Quantification of cell-cell signaling heterogeneity

After identification of CCC modes of a given pathway P, the dataset can be categorized into N cell types and K CCC modes, resulting

in N× K sub-clusters. The heterogeneity (h) of cell type (i) with respect to the CCC pathway P is defined as:

hi = 1 −
1

K

∑K

j = 1

⃒
⃒nij − ρj

⃒
⃒

sij

; (Equation 2)

where nij is the fraction of cells in cell type i that were clustered in CCC mode j, and ρj is the overall fraction of cells in signaling mode j

in the entire dataset. Finally, sij is a normalization factor to ensure that hi is bound between 0 and 1:

sij =

{
1 − ρj if nij − ρj > 0

ρj otherwise
: (Equation 3)

Based on this definition, the cell type heterogeneity score hi is minimized (hi = 0) when all cells within cell type i assume the same

CCC mode; conversely, hi is maximized (hi = 1) when cells within cell type i are divided between all CCC modes with same propor-

tions observed in the whole dataset.

An overall heterogeneity score for the CCC pathway P is obtained by averaging the heterogeneity scores hi over all cell types in the

dataset. This aggregated score quantifies whether cells with different roles in the CCC pathway (senders, receivers, etc.) are uni-

formly distributed across cell types (low score) or clearly divided along cell types (high score). Conversely, the overall heterogeneity

score of a cell type is obtained by averaging the heterogeneity scores of cell type i over all signaling pathways and informs whether

cells of that type assume different communication behaviors across many CCC pathways (low score) or mostly behave consistently

(high score).

To define a spatial heterogeneity score, the definition of Equation 3 is modified to sum over all cells within a cutoff distance from a

given spatial coordinate (xi;yi).

Statistical analysis of signaling mode robustness

Given a CCC pathway P with K associated CCC signaling modes, cells within any cell type will split between these K modes (for

example: the SPN-3 cell type splits between K = 3 signaling modes in the EGF pathway including with sender, sender/receiver,

and weak modes – see Figure 3C). We seek to discriminate between situations where (1) the cell type is largely composed of cells

from a single mode, and it is thus possible to average CCC behavior over the entire cell type, or (2) the cell type is a mixture of multiple

modes and cell type-level averaging would lead to significant loss of information. Let Ni be the number of cells in cell type i, and Nij the

fraction of cells in cell type i that were clustered in CCC mode j. Let nij be a Poisson-distributed random variable with mean and stan-

dard deviation equal to Nij : P
(
nij = x

)
=

Nij
xe
− Nij

x!
. Then, we define a p-value as the probability to randomly sample a number of cells

equal or larger than Ni. By default, the threshold value is set to a default value τ = 0:05 following standard convention for p-value

thresholding and based on a sample of 10000 random numbers, but the parameters can be modified by users.

Model of cell-cell communication

First, a score of the communication via a specific CCC pathway Sij is defined between each pair of cells in the dataset as a product of

signaling intensity (Iij) and intracellular response (Kj):

Sij = Iij
(
Li;Rj

)
Kj

(
Tj

)
: (Equation 4)

Based on this definition, communication from cell i to cell j requires both (1) expression of ligands/receptors as well as (2) activation

of the pathway’s downstream targets in the receiving cell. First, Iij
(
Li;Rj

)
is the intensity whereby Li and Rj represent the average

expression of ligand and receiver in cells i and j, respectively. scRICH implements two possible models for signaling intensity,

including a diffusion model:

Iij
(
Li;Rj

)
= e− 1=LiRj (Equation 5)
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and a Michaelis-Menten model:

Iij
(
Li;Rj

)
=

LiRj

C + LiRj

: (Equation 6)

To normalize the variable copy numbers associated to different pathways, the product LiRj is rescaled within [0,1] by normalizing to

the largest value of LiRj among all cell pairs in the dataset. Based on this normalization, we set C = 0:5 in Equation 6. The user can

choose between the diffusion and Michaelis-Menten models, and further comparison is presented in Figure S2. Second, Kj

(
Tj

)

quantifies the intracellular response in the receiving cell as:

K
(
Tj

)
= e− mT=Tj ; (Equation 7)

where Tj is the activation of downstream pathways in cell j and mT is the number of downstream targets. The activation is defined

either as the average expression of downstream pathways in the receiving cell:

Tj =
∑mT

k = 1

tkj; (Equation 8)

or, in the ‘‘RNA velocity communication model’’, as the average RNA velocity of the downstream targets in the receiving cell:

Tj =
∑mT

k = 1

βUkj − γSkj; (Equation 9)

where Ukj and Skj are the unspliced and spliced copy numbers of the k-th downstream target in cell j, and β and γ are the splicing and

degradation rate constants computed using the scVelo package.30

Finally, the dense cell-to-cell communication network is coarse-grained to a meta-cell to meta-cell network by aggregating the

cell-pair communication scores based on the meta-cell assignment that summarizes both cell type and CCC signaling modes

that was described in a previous section.

Emerging CCC patterns

After CCC modes are identified for multiple (K) CCC signaling pathways, each cell in the dataset is described by a K-long vector

whereby the ith element represents the cell’s membership to the ith CCC signaling pathway’s mode. The K observables are used

for unsupervised clustering using the Leiden algorithm, whereby each cluster represents a CCC pattern.

Pathway redundancy

Given a system where cells are clustered in N1 and N2 CCC modes along two CCC signaling pathways (S1 and S2), let P1(j) and P2(k)

be the probabilities to observe a cell in the j-th CCC mode of pathway S1 and the k-th mode of pathway S2, respectively, and P(j; k) be

the joint probability to observe a cell in the j-th CCC mode for pathway S1 and the k-th CCC mode for pathway S2. The redundancy

between the two pathways is defined as:

RP1 ;P2
=

I(P1;P2)

H(P1)+ H(P2)
; (Equation 10)

where I(P1;P2) is the mutual information between P1 and P2, and H(P1) and H(P2) are the entropies of P1 and P2. With the definition of

Equation 10, RP1 ;P2
is semi-positive and assumes a minimum value of 0 if and only if the membership to CCC modes for the two path-

ways are completely uncorrelated.

Inference of gene regulatory network

To construct the coupled gene regulatory network linking two CCC pathways (i.e., EGF and TGFb), we first compiled a gene set

including: (1) the set of ligands and receptor of the two signaling pathways and (2) the set of downstream genes associated with

the two pathways. scRICH includes a built-in database for ligand, receptor, and intracellular mediators, but offers the option to pro-

vide user inputs. Then, the GRN is inferred from the scRNA-seq data object including the unspliced and spliced layers and the spec-

ified gene set using the spliceJAC package.32

Comparison with other CCC inference methods

The benchmarking against existing CCC inference methods includes 3 steps: (1) Calculation of scRICH’s CCC signaling matrix; (2)

calculation of other method(s)’s CCC signaling matrix; and (3) comparison via multiple scoring metrics. First, scRICH is run on a given

CCC signaling pathways. The resulting CCC network, however, is averaged over the CCC signaling modes, resulting in a CCC matrix

between cell types. Second, we compute the same CCC matrix using existing methods using CellChat, CellPhoneDB and Liana+

using their standard pipeline and default settings. Liana+ integrates multiple CCC inference methods to provide a consensus predic-

tion for each distinct ligand-receptor pair.19 These pairs were aggregated into CCC pathways using the Cellchat dataset (for example,

interactions between Jag1-Notch1 and Jag2-Notch2 are aggregated into a unique interaction for Notch pathway). The output CCC
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matrices from these methods describe interactions between cell types and are thus directly comparable with scRICH’s coarse-

grained output. Finally, the CCC matrices are compared based on 3 scoring metrics. (1) Spearman correlation is computed on

the one-dimensional vectors obtained by flattening the two-dimensional CCC matrices. (2) Matrix distance is a squared sum of pair-

wise distances between matrix elements:

DM1 ;M2
=
∑

ij

⃒
⃒M1

(ij)
− M2

(ij)
⃒
⃒2; (Equation 11)

where the sum runs over the matrix’s rows (i) and columns (j). (3) Interaction overlap is the fraction of connection between cell types

that are identified in both models, regardless of interaction amplitude.

Data preprocessing

OVCA420 time course data was preprocessed, normalized, regressed and scaled using scanpy’s standard workflow72 (min_

genes=200, min_cells=3, genes_by_counts<3500, total_counts<1500, target_sum=1e4, max_value=10). Highly variable genes

were identified (min_mean=0.0125, max_mean=3, min_disp=0.5), followed by clustering with n_pcs=40, n_neighbors=10. The

erythroid differentiation dataset was downloaded and preprocessed using scvelo’s built-in functions after setting min_shared_

counts=20. For skin organoid and OVCA420 datasets, RNA velocity was computed following scvelo’s standard workflow with

n_pcs=30, n_neighbors=30. For the erythroid differentiation dataset, RNA velocity was computed following Unitvelo’s tutorial on

the same dataset maintaining the same parameter values.34 For the developing ckicken heart spatial transcriptomics dataset,

RNA velocity were computed following SIRV’s tutorial on the same dataset maintaining the same parameter values.77

Data availability

All sequencing data analyzed in this project is publicly available through NCBI’s Gene Expression Omnibus (GEO) database with

accession numbers GSE190695 (human-skin-equivalent organoids), GSE147405 (time course of OVCA420 cells), GSE149457

(Spatial transcriptomics of chicken hear development). The erythroid differentiation dataset was originally published by Pijuan-

Sala et al.,78 but was accesses through scvelo’s built-in datasets.gastrulation_erythroid() function.30
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Supplementary figure 1. Overview of the scRICH database (related to Figure 1). (A) Number of cell-
cell communication signaling pathways for human and mouse. (B) Total number of ligands and receptors 
for human and mouse. (C) Histogram of number of ligands + receptors per pathway. Annotations highlight 
the pathways with higher number of ligands + receptor. (D-E-F) Number of transcription factors (TF) 
directly connected to each pathway’s set of receptors. The pathways are split between the 3 panels for 
ease of visualization. (G) The top 50 TF that are directly connected to the most pathways. (H) The TF 
overlap between the top 20 pathways (based on panel D). The overlap is quantified as the fraction of TF 
that are shared between the pair of pathways. (I-L) Comparison of signaling models between meta-cells. 
(I) The signaling between meta-cells i (the sender) and meta-cell j (the receiver) as a function of receiver 
and ligand levels in the simplified diffusion model without downstream target. (J) The signaling between 
meta-cells in the simplified Michaelis-Menten model without downstream target. While both models are 
symmetrical with respect to 𝐿! and 𝑅", the signaling in the Michaelis-Menten model increases gradually, 
whereas the signaling exhibits a drastic cut-off when 𝐿! and 𝑅" are below threshold values. (K) The 
signaling between meta-cells as a function of receiver-ligand product 𝐿!𝑅"  and downstream target levels 
in the receiver meta-cell 𝑇" in the diffusion model. (L) Same as panel K in the Michaelis-Menten model 
with downstream target. For simplicity, in I-L it is assumed here that only one species of ligand, receptor, 
and target exist. ScRICH averages expression levels in presence of multiple species. 𝐶 = 1 in both 
panels J and L, since it is assumed that ligand and receptor expression are re-normalized in [0,1].  
 



 



Supplementary figure 2. Benchmarking and parameter testing (related to Figure 2). (A) Similarity 
based on Wassertein distance of cell-cell communication modes for the top 10 pathways identified in the 
FibHSE dataset for different combinations of number of nearest neighbors and principal components. (B) 
Fraction of mode clustering solutions with different number of modes across all parameter combinations 
from (A) for each CCC pathway. (C) CCC modes for the IGF pathway for two parameter combinations 
yielding different number of modes. (D) Mapping of IGF signaling modes for the two parameter 
combinations. (E-F) Same as (C-D) for the NRG pathway. (G-J) Same as (A-B) for the A549 dataset 
analyzed in Fig. 6 (G-H) and for the erythroid differentiation dataset analyzed in Fig. 5 (I-J). (K) Comparison 
of ScRICH CCC communication prediction in FibHSE for the top 10 CCC pathways based on standalone 
ligand/receptor expression (None), ligand/receptor and target gene expression (Expr), and (3) 
ligand/receptor expression plus RNA velocity of target genes (scVelo). Comparison of CCC interaction 
matrix is based on matrix distance, Spearman correlation, and overlap similar to Fig. 2H. (L) Same as (K) 
for the A549 dataset. (M) Same as (K) for the erythroid differentiation dataset including a comparison 
between scVelo-based and Unitvelo-based RNA velocity inference. 
 
 
 
 
 
 
 
 



 
 
Supplementary Figure S3. Expression of HRAS and INHBA in FibHSE (related to Figure 3). (A-B) Co-
localization of HRAS and INHBA in FibHSE for the cases of no exogenous EGF (A, 0XEGF) and soluble 
EGF in solution (B, 1XEGF). R1 and R2 indicate replicates for each condition. (C-D) Quantification of INHBA 
expression based on replicates in C and EGF dosage. (D) Same as (C) for HRAS. 
 



 
 
Supplementary figure S4. Connection between EGF and other EMT-related CCC pathways (related 
to Figure 3). (A) The CDH CCC modes including low, medium and high adhesion. (B) Sankey diagram of 
correspondence between CDH and EGF CCC modes. (C) The gene regulatory network connecting the 
EGF and CDH pathways in the EGF receiver cells. (D-E) Co-localization of CDH4 in FibHSE for the cases 
of no exogenous EGF (0XEGF) and soluble EGF in solution (1XEGF). R1 and R2 indicate replicates for 
each condition. (F) Quantification of CDH4 expression based in replicate and EGF dosage. (G-H-I) Same 
as A-B-C for the Notch CCC pathway. (J, L) Co-localization of STAT1 and NOTCH in FibHSE for the cases 
of no exogenous EGF (0XEGF) and soluble EGF in solution (1XEGF). R1 and R2 indicate replicates for 
each condition. (K, M) Quantification of STAT1 and NOTCH expression based in replicate and EGF dosage. 



 
Supplementary figure S5 (related to Figure 5). Supplementary analysis of erythroid cell 
differentiation. (A) UMAP, cell types, and RNA velocity of erythroid cell lineage. (B) Fraction of unspliced 
RNA counts in each cell type. (C-D) The top CCC pathways identified based on total ligands and receptors 
expressed (top) and ligand/receptor expression (bottom). (E) CCI heterogeneity of the top CCC pathway. 
(F) Eigenvalue gap for the IFG CCC pathway highlighting three CCC modes. (G) UMAP embedding of the 
IGF CCC modes. (H) Expression of IGF ligands and receptors in the three IFG modes via violinplot. The 
three modes correspond to receiver, inactive, and sender. 



 
Supplementary Figure 6. Supplementary analysis of CCC during EMT (related to Figure 6). (A-B-C) 
Low dimensional UMAP embedding and RNA velocity where cells are color-coded by time point (A), 
mesenchymal score (B), and EMT cluster annotation (C). (D-E) The mesenchymal score by time point (D) 
and cluster (E). (F) The TGFb CCC network. (G) EMT cell state distribution as a function of pseudotime. 
(H) Fraction of cells in the different TGFb communication modes as a function of pseudotime. (I) Pairwise 
mutual information between CCC pathways. (J) The CCC modes of the BMP pathway in UMAP embedding. 
(K) Expression of BMP receptors and ligands highlighting a BMP receiver (mode 0), inactive (mode 1) and 



sender (mode 2). (L) The BMP CCC network. (M) Betweenness centrality of genes in the joint TGFb-BMP 
gene regulatory network. Purple and blue bars indicate genes that belong to the TGFb module and shared 
between the two pathways, respectively, following the same notation of Fig. 5H. (N) Change in gene 
betweenness centrality when comparing the TGFb-BMP GRN inferred at t=0 days and t=7 days. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
Supplementary figure S7. Supplementary analysis of chicken earth spatial transcriptomics data 
(related to Figure 7). (A) The cell types and RNA velocity in two-dimensional physical space. (B) The top 
CCC pathways identified based on total ligands and receptors expressed (top) and ligand/receptor 
expression (bottom). 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Supplementary Tables 
 

EGF CSNK2A1, EGF, EGFR, ELK1, FOS, GRB2, HRAS, JAK1, JUN, MAP2K1, MAP2K4, 
MAP3K1, MAPK3, MAPK8, PIK3CA, PIK3R1, PLCG1, PRKCA, PRKCB, RAF1, RASA1, 
SHC1, SOS1, SRF, STAT1, STAT3, STAT5A 

TGFB ACVR1, ACVR1C, ACVR2A, ACVR2B, ACVRL1, AMH, AMHR2, BMP2, BMP4, BMP5, 
BMP6, BMP7, BMP8A, BMP8B, BMPR1A, BMPR1B, BMPR2, CDKN2B, CHRD, COMP, 
CREBBP, CUL1, DCN, E2F4, E2F5, EP300, FST, GDF5, GDF6, GDF7, ID1, ID2, ID3, ID4, 
IFNG, INHBA, INHBB, INHBC, INHBE, LEFTY1, 
LEFTY2, LTBP1, MAPK1, MAPK3, MYC, NODAL, NOG, PITX2, PPP2CA, PPP2CB, 
PPP2R1A, PPP2R1B, RBL1, RBL2, RBX1, RHOA, ROCK1, ROCK2, 
RPS6KB1, RPS6KB2, SKP1, SKP1P2, SMAD1, SMAD2, SMAD3, SMAD4, SMAD5, 
SMAD6, SMAD7, SMAD9, SMURF1, SMURF2, SP1, TFDP1, TGFB1, 
TGFB2, TGFB3, TGFBR1, TGFBR2, THBS1, THBS2, THBS3, THBS4, TNF, ZFYVE16, 
ZFYVE9 

Supplementary Table T1. The gene sets of CCC pathways obtained from the GSEA database used to 
infer gene regulatory networks. 
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