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Abstract

Recent advancements in high-resolution and high-throughput sequencing technologies have significantly enhanced the study of
cell-cell communication inference using single-cell and spatial transcriptomics data. Over the past 6 years, this growing interest
has led to the development of more than 100 bioinformatics tools and nearly 50 resources, primarily in the form of ligand-receptor
databases. These tools vary widely in their requirements, scoring approaches, ability to infer inter- and/or intra-cellular communication,
assumptions, and limitations. Similarly, cell-cell communication resources differ in many aspects, mainly in the number of annotated
interactions, species coverage, and their focus on inter-cellular signaling or both inter- and intra-cellular communication. This
abundance and diversity create challenges in identifying compatible and suitable tools and resources to meet specific user needs.
In this collaborative effort, we aim to provide a comprehensive report on the current state of cell-cell communication analysis derived
from single-cell or spatial transcriptomics data. The report reviews existing methods and resources, addressing all relevant aspects
from the user’s perspective. It also explores current limitations, pitfalls, and unresolved issues in cell-cell communication inference,
offering an aggregated analysis of the existing literature on the topic. Furthermore, we highlight potential future directions in the field
and consolidate the collected knowledge into CCC-Catalog (https://sysbiobig.gitlab.io/ccc-catalog), a centralized web platform designed
to serve as a hub for bioinformaticians and researchers interested in cell-cell communication inference.
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Introduction

Cell-cell communication (CCC) orchestrates cellular interactions
within biological systems and is key to understanding tissue
physiopathology. CCC mechanisms range from direct cell-cell
contact to signaling via proteins, hormones, neurotransmitters,
and other molecules, influenced by drugs, chemicals, and
pathogens. A primary level of CCC can be studied through
ligand-receptor (LR) interactions, which, upon receptor acti-
vation, trigger intracellular signaling cascades that alter cell
behavior [1].

Recent advances in single-cell RNA sequencing (scRNA-seq)
and Spatial Transcriptomics (ST) have enhanced our ability to
characterize cellular heterogeneity and composition [2], enabling
data-driven CCC analysis. However, CCC inference from expres-
sion data remains challenging, requiring bioinformaticians to
navigate through dozens of different bioinformatics tools, each

with distinct scoring functions and LR databases, while molec-
ular biologists must understand limitations and assumptions of
current tools and resources.

The proposed review aims to offer a comprehensive overview of
the field of CCC inference from scRNA-seq and ST data, summa-
rizing state-of-the-art tools and resources, discussing current and
future challenges, and ultimately assisting users in the selection
of optimal analyses settings.

We also developed CCC-Catalog (https://sysbiobig.gitlab.io/
ccc-catalog), an online resource that compiles available CCC
resources and methods. The platform enables users to filter
and select resources and tools based on their specific needs,
facilitating the identification of the right CCC analysis workflow.
In addition, the CCC-Catalog brings together current literature,
including review articles, comparative studies, and benchmarking
analyses, serving as a comprehensive hub for researchers in the
field of CCC analysis.

Received: February 27, 2025. Revised: May 6, 2025. Accepted: May 27, 2025
© The Author(s) 2025. Published by Oxford University Press.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

G20z aunr Gz uo isenb Aq /6269 18/082+eda/€/92/3911E/q1q/Wwod"dno"dlWwapede//:sdjy Wwoly papeojumoq


https://orcid.org/0000-0001-7971-963X
https://orcid.org/0000-0002-7655-7206
https://orcid.org/0009-0009-7173-2683
https://orcid.org/0000-0002-3102-5150
https://orcid.org/0000-0003-2890-8697
https://orcid.org/0000-0001-8415-4688
https://orcid.org/0000-0001-8463-2432
https://orcid.org/0000-0001-6129-5007

 43405 24001 a 43405 24001 a
 
mailto:giacomo.baruzzo@unipd.it
mailto:giacomo.baruzzo@unipd.it
mailto:giacomo.baruzzo@unipd.it
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog

2 | Cesaro etal.

Ligand-receptor databases and CCC
resources

Ligand-receptor databases serve as the foundational ingredient
for inferring CCC. However, in the dynamic landscape of
CCC studies, the diversity of LR interaction databases intro-
duces significant challenges, such as results heterogeneity and
inconsistency among datasets. Supplementary Table S1 and
Supplementary Data 1 offers a comprehensive list of 26 LR
databases, with detailed descriptions of their content, including
the number and types of interactions, the sources used for their
creation, the software tools they are associated with, and other
key aspects we retained relevant from a user’s perspective.
Supplementary Section S1 includes details on the strategies
pursued in collecting the LR databases and the main excluded
databases.

In recent years, an increasing number of LR databases have
emerged from the integration of previous resources or from exist-
ing cell signaling databases (Fig. 1a). This process involves care-
ful selection, curation, and refinement aimed at identifying and
enhancing the set of LR interactions employed in CCC tools.

The screened LR databases demonstrate remarkable diversity,
not only in the number of annotated LR pairs, spanning from a few
hundred to several thousand, but also in LR interaction specificity
andin the types of communication (i.e. intercellular signaling only
versus both inter- and intra-cellular signaling) (Fig. 1b and 1c).
Most databases are based on human or mouse interactions
[3-6], with few focused on other model organisms or plants [7,
8]. The LR databases may vary in being generic or associated with
specific tissues or biological topics (e.g. [9] for hematopoietic stem
cells and [10] for neural signaling). Although some databases
are highly specific to certain species or tissues, Dimitrov et al.
showed limited uniqueness across resources, with most sharing
a substantial portion of their core data, including interactions,
transmitters, and receivers [11]. Additionally, LR databases are
designed to consider only inter-cellular communications (3, 12,
13] or both intercellular and intracellular LR interactions [11, 14,
15]. The interaction type can be one-to-one or account for protein
complexes, recognizing that multiple proteins are required for
downstream signal activation [5, 12, 16]. In this scenario, Cell-
PhoneDB and OmniPath are widely used because they integrate a
broad spectrum of data from various species and tissue types.

The evidence emerging from high-throughput studies of pro-
tein—protein interactions shows that interactions, even more than
singular proteins, vary across tissues, cell types, functions and
diseases [17]. Moreover, pathway databases often exhibit rep-
resentation biases toward specific signaling pathways or func-
tional categories [18]. This highlights that not all resources are
equally comprehensive or reliable in representing the cell connec-
tome. In this context, characterized by biological variability and
knowledge-bias, well-curated resources that allow users to select
specific types of interactions are strongly needed. However, the
choice of LR interactions is a debated issue that requires careful
consideration, and no consensus exists on evaluating them. Some
databases provide meticulous curation, with qualified experts
carefully assessing and selecting CCC interactions from available
data. Others provide citations or refer to experimental evidence
supporting interactions.

On one hand, choosing a highly curated and focused resource
can reduce false positives but may limit the identification of
all relevant interactions, i.e., increasing false negatives. On the
other hand, selecting a broader curated resource increases the
risk of false positives, potentially compromising the reliability of
CCC analysis results. The selection of a LR database is a critical

trade-off between database comprehensiveness and the potential
risk of misclassification errors in inferred interactions, which
underscores the importance of strategically aligning the choice of
LR database with the specific goals of each study. Thus, curating
the inclusion of specific protein interactions or tissue-specific
data that are expected to be found in the samples under analysis
and in the same way excluding LR interactions that are too rare or
completely unexpected is highly suggested. An informed choice
ensures that insights derived from CCC studies are accurate,
relevant, and current—reflecting both the true complexity of
cellular interactions and the evolving completeness of biological
knowledge. Finally, recent advances in powerful artificial intelli-
gence (Al)-based tools [19, 20] have enabled large-scale prediction
of protein structures and interactions, including LR complexes.
The integration of such approaches is likely to become a standard
feature in LR databases CCC in the near future. These strategies
have the potential to bridge gaps in biological knowledge and
provide unprecedented access to molecular-level information.
However, they also introduce a degree of uncertainty, as their
predictions are computational inferences rather than experimen-
tally validated facts. Therefore, critical evaluation, clear labeling
of predicted data, and greater transparency in database construc-
tion are—and will remain—essential to ensure the informed and
reliable use of LR datasets.

CCC methods

In recent years, the number of methods for CCC analysis has
grown significantly (Fig. 2a), reaching around 100 tools by July
2024 (Supplementary Data 2 and Supplementary Section S2).

Available methods differ in numerous aspects (Supplementary
Fig. S1), some of which are more evident and directly impact
method selection (Fig. 2b). For example, the type of input data,
with some methods only accepting scRNA-seq data or ST data,
determines whether a method can be used in a given analy-
sis. Similarly, the type of inference (e.g. intercellular only versus
intercellular+intracellular, differential, time series analysis) or
the resolution at which prior information is used (e.g. considering
subunits in LR databases) also directly influences method choice
and analysis results.

Less immediate but still impactful aspects include implemen-
tation choices (e.g. programming language, parallelization) that
determine the dataset size that can be analyzed and/or the com-
putational resources required. Additionally, the way CCC is mea-
sured, whether prioritizing specificity or intensity, also plays a
role. Other aspects are of greater interest to method develop-
ers, such as the methodologies employed (e.g. statistical-based,
network-based, ML-based) and how they can be combined to
achieve more robust and accurate CCC inference.

This section analyzes the key features of CCC methods: the
transcriptomic data type they accept as input (Section 3.1),
whether and how they identify intercellular (Section 3.2) and
intracellular (Section 3.3) communication, or their alteration
under different experimental conditions (Section 3.4), the
output type and meaning, including visualizations (Section 3.5),
implementation details (Section 3.6), and main application fields
(Section 3.7).

Where relevant to the discussion, we will also classify
the methods based on the methodologies used: network-
based, statistics-based, correlation-based, coexpression-based,
expression-based, = ML-based, space-based and matrix
decomposition-based methods. Complete definitions of this
classification are in Supplementary Section S3.
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Figure 1. CCC resources. Panel a) ‘the history’ of LR databases and their sources. Databases are ordered by date of publication on the Y-axis and last
updates are indicated in the label at the end of each row. Vertical arrow indicates that the database at the starting point has been included in the
database at the ending point. Arrows going up indicate an update, after the publication, with the inclusion of the newer source. Panel b) classification
of CCC resources based on species (human, mouse and other) and included features (INTER only: Information only on intercellular signaling, i.e. LR
pairs, including or omitting information about complexes/subunits; INTER + INTRA: Information about intercellular signaling, including or omitting
information about complexes/subunits, and intracellular signaling). Stacked barplots on the right show the amount of CCC resources handling the
different species. Stacked barplots on the bottom show the amount of CCC resources handling complexes/subunits, stratified by resources that handle
only intercellular signaling and ones that handle also intracellular signaling. Panel c) classification of LR databases based on the number of interactions
proposed for human and mouse species.

This review discusses a broad subset of 58 methods for CCC
analysis, covering various approaches (Supplementary Data 2).
Supplementary Section S2 describes the strategies employed for
tool collection, as well as the inclusion and exclusion criteria.

Methods’ inputs

Gene expression data
State-of-the-art methods for CCC inference have increasingly
focused on analyzing scRNA-seq and ST data. While most

methods accept only scRNA-seq data as input, an increasing
number of tools handle both scRNAseq and ST data, while some
methods are specific for only ST data (Supplementary Table S2
and Supplementary Data 2).

Among the 58 tools reviewed, 43 can analyze scRNA-seq,
with 32 exclusively designed for this data type (Fig. 2a-b,
Supplementary Fig. S1). Conversely, five tools - CellChat, Scriabin
[21], CellComm [22], LIANA+ [23], and DeepCOLOR [24] - also
support ST data. A unique case is SpaOTsc [25], that requires both
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Figure 2. CCC tools. Panel a) distribution of CCC tools published each year, categorized by the type of input data utilized. The year 2022 marked a notable
increase in the number of CCC tools, with the introduction of tools capable of processing both scRNA-seq and spatial transcriptomic (ST) data. While
scRNA-seq remains the dominant input data type, the number of tools tailored for ST is steadily growing. A small subset of tools utilizes alternative
data types, categorized as ‘other’. The year reported in figure is the year of the first publication of each tool. This analysis includes tools published
up to July 2024. Panel b) classification of CCC tools based on input transcriptomics data (scRNA-seq, ST with single-cell resolution [STsc], or ST with
spot resolution [STspot]) and input resources (INTER only: A priori information on intercellular signaling, including or omitting information about
complexes/subunits; INTER + INTRA: A priori information about intercellular signaling, including or omitting information about complexes/subunits,
and intracellular signaling). Stacked barplots on the right show the amount of CCC methods handling the different types of input transcriptomics data.
Stacked barplots on the bottom show the amount of CCC methods handling complexes/subunits in LR resources, stratified by methods that handle only
intercellular signaling and ones that handle also intracellular signaling. Panel c) strategies employed by CCC tools for intercellular, intracellular, and
differential score calculations. Tools are grouped by year to illustrate trends in the adoption of specific methodologies over time. A barplot highlights the
frequency of each methodology’s usage. A detailed taxonomy and explanation of the implemented methodologies are provided in the Supplementary
Section S3. Features correspond to the latest tool version; publication year refers to the tool’s initial release.

scRNA-seq and single-cell resolution ST data, since the model
estimates the CCC likelihood by employing optimal transport
to find the optimal cell mapping from scRNA-seq data to their
spatial positions, based on ST data. Other six tools - NATMI,
ICELLNET ([16], Tensor-cell2cell [26], cell2cell [27], NicheNet, and
REMI [28] - are also compatible with bulk RNA-seq data.

A total of 12 tools have been specifically developed for ST
data, most supporting both single-cell resolution data (e.g.
MERFISH [29], Seq-Scope [30], Stereo-seq [31]) and spot-based
resolution data (e.g. 10X Visium [32], Slide-Seq [33], GeoMX [34]).
These versatile tools include Giotto [35], stLearn [36], Squidpy

[37], stMLnet [38], HoloNet [39], spaTalk [40], COMMOT [41],
Renoir [42], and SpatialDM [43], while SVCA [44], SpaCeNet [45],
and spaCl [46] focus exclusively on single-cell resolution ST
data.

Additionally, tools that use CCC inference results as input for
downstream analyses have also emerged, namely COMUNET [47]
and CrossTalkeR [48].

While transcriptomics data and LR databases are common
inputs for all methods, some methods require or accept
additional data. For example, InterCellDB [49] requires differ-
entially expressed genes to compute intercellular signaling
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scores. TraSig [50], which is mainly designed for studying
CCC in developmental biology, needs precomputed pseudotime
trajectories.

Other tools (CellPhoneDB v4.1 [51], NicheNet [15], COMUNET,
SoptSC [52], TraSig, GraphComm [53], CellAgentChat [54], MDIC3
[55]), accept optional input to customize or enhance CCC analysis
for specific needs. This additional input typically includes lists of
genes of interest or gene-regulatory networks.

LR databases and CCC resources

CCC inference tools can be broadly categorized into three types
based on how they handle LR databases: built-in databases, user-
specified databases and database agnostic (Supplementary Table 52
and Supplementary Data 2). Tools with built-in databases, such as
CellChat and CellPhoneDB, offer a streamlined approach by using
pre-loaded, curated and developer-validated knowledge bases.
This can simplify the user experience and ensure consistency
in predictions. However, these built-in resources may not always
align with the specific requirements of each research context. In
contrast, user-specified tools like NATMI and ICELLNET provide
greater flexibility by enabling users to incorporate their own
prior knowledge resources. This adaptability is advantageous
for studies involving uncommon species, specific tissues or
experimental conditions.

As previously discussed, the choice of CCC resources is critical,
as the quality and comprehensiveness of annotated interactions
can deeply influence the achieved results. On the other hand,
some recent approaches perform CCC inference without the use
of a LR database. These methods often leverage other aspects
of the data, such as gene regulatory networks or spatial coordi-
nates from ST. Examples of database-agnostic tools are MDIC3,
SpaCeNet, and SpaOTsc.

Intercellular communication analysis

Transcriptomic-derived intercellular CCC often relies on two
primary inputs: a gene expression matrix and a LR database.
With different flavors, CCC inference tools identify interactions
as tuples (source, target, ligand, receptor, score), where ‘score’
refers to an ‘intercellular score’, i.e. a measure of evidence of
intercellular signaling. Despite a shared overall structure, CCC
inference tools vary significantly in the methodologies used
to compute intercellular scores, affecting both the nature and
interpretation of the resulting scores. These methodologies range
from expression-based, correlation-based, and statistics-based
approaches to more complex models such as network-based,
machine learning (ML)-based, matrix decomposition-based and
space-based methods, as well as hybrid approaches. Over the
years, there has been a clear shift toward ML and network-based
approaches, with increasing development of tools focused on ST
data (Fig. 2¢).

The scoring methodology significantly shapes the interpre-
tation of intercellular communication, with each approach
offering distinct advantages and limitations. CCC inference
methods can produce either binary or continuous scores
(Supplementary Table S3 and Supplementary Data 2). Binary
scoring, employed by tools like CellTalker [56], iTALK [13], and
scMLnet [14], assumes a high expression threshold for detecting
communication, making it straightforward to implement but
lacking in results prioritization, making experimental validation
difficult. Continuous scoring, on the other hand, offers a more
refined quantitative assessment, enabling nuanced insights and
prioritization for further research.

Scoring methods for LR pairs can focus on specificity or
intensity (Supplementary Table S3 and Supplementary Data 2).
Specificity-focused scoring, used by tools like CellPhoneDB [57]
and CellChat [12], emphasizes unique or cell-type-specific
interactions. This approach, often supported by statistical tests
like permutation analysis, identifies rare signaling events but
may miss the broader significance of more common interactions.
Intensity-focused scoring, on the other hand, evaluates the strength
of interactions, capturing high-activity signaling but potentially
overlooking biologically important low-intensity interactions.
Several tools use both scoring schemes, prioritizing both unique
interaction mechanisms and interaction strength.

Moreover, multi-subunit protein complexes present another
layer of complexity in CCC analysis (Supplementary Table S3
and Supplementary Data 2). Efremova et al. first addressed this
by proposing the use of minimum expression values for genes
within protein complexes. Our review found that 33% of CCC
tools consider multimeric receptors in their analyses, with an
increasing number of such tools in recent years.

Advances in CCC analysis include approaches like Scriabin
[21], which cluster cells based on their intercellular interaction
programs to reveal communication niches through transcrip-
tomics. Latest tools, such as COMMOT [41], DeepColor [24], and
DeepCCl [58], utilize both cutting-edge methodologies to enhance
the precision and scope of CCC inference (e.g. generative mod-
eling, and deep learning), and spatially resolved transcriptomics
(unimodal/multimodal).

Intracellular communication analysis

While most CCC tools focus on inferring LR interactions, a signif-
icant percentage (36%) also model downstream intracellular sig-
naling (Fig. 2b-c, Supplementary Fig. S1, Supplementary Table S4
and Supplementary Data 2). These methods aim to computa-
tionally model the intracellular processes triggered within the
receiving cell type by LR interactions, providing a more compre-
hensive view of CCC and reducing false positives. Unlike intercel-
lular methods, intracellular scoring schemes exhibit significant
diversification in the biological processes they model.

Intracellular tools can be classified as resource-independent
and resource-dependent tools based on their reliance on external
resources (Supplementary Table S4 and Supplementary Data 2).
The first class, such as CytoTalk [59], TimeTalk [60], and SpaCeNet,
constructs intracellular networks de novo using data-driven
approaches, such as co-expression analysis or probabilistic
graphical models. These methods are flexible and can capture
novel interactions, but their reliance on data quality increases
the risk of false positives. In contrast, resources-dependent
tools rely on established signaling pathways or transcriptional
regulatory network databases. While offering high reliability,
they are constrained by the accuracy and curation of existing
resources, potentially missing novel interactions.

Independent of the resources used, the tools employ a range
of distinct strategies, often combining them (e.g. statistics-
based, expression-based, co-expression-based, correlation-based,
network-based, and ML-based). (Fig.2c and Supplementary
Data 2). Examples of statistics-based tools include CellPhoneDB
[51], CommPath [61], and Renoir, while expression-based tools
include SingleCellSignalR [62] and SoptSC [52].

Network propagation algorithms, such as Random Walk, are
commonly used (e.g. scSeqComm [63], NicheNet, spaTalk, Scri-
abin), alongside other methods like shortest/causal path [23, 64]
or examining signal flows in intracellular networks/pathways [22,
65]. stMLnet, which uses a Random Forest regressor to determine
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the importance score of each LR pair contributing to the target
gene expression, and CellAgentChat, which uses a neural network
regressor to predict gene expression in a cell, were classified as
ML-based.

Most tools primarily focus on intracellular signaling targeting
transcriptional regulatory activity as an effect of LR binding,
typically modelling intercellular and intracellular signaling
separately, and then linking the receptor to the transcription
factor activity [14, 22, 23, 40, 51, 63, 66]. In contrast, some tools
incorporate LR pairs into their models, associating ligands with
target genes [15, 42, 65] or linking LR activity to transcriptional
activity [54, 60].

The outputs of these tools can be both quantitative and qualita-
tive (Supplementary Table S4 and Supplementary Data 2). Quan-
titative outputs typically measure intracellular signaling activa-
tion by assessing transcriptional intensity or downstream gene
impacts, while qualitative outputs infer signaling networks, pro-
viding a conceptual framework of molecular interactions and
relationships.

The diversity of computational methods reflects the complex-
ity of intracellular processes and their critical role in shaping
cellular functions and response.

Differential cellular communication analysis

Studying different biological conditions (e.g. diseased versus con-
trol) helps identify factors driving distinct phenotypes. Genetic,
temporal, or pathological states influence cellular behavior and
interactions [67, 68], thus understanding differential communi-
cation across conditions provides key insights into underlying
mechanisms.

About 38% of the reviewed tools implement differential CCC
analysis, and they can be categorized into two main types
(Fig. 2c, Supplementary Fig. S1, Supplementary Table S5 and
Supplementary Data 2) based on how they account for intra-
condition variability, when present (e.g. multiple samples/-
subjects within each experimental condition). Most methods
disregard intra-condition variability, even when available, by
aggregating all cells from different samples within the same con-
dition and focusing solely on overall condition-level differences.
However, few tools incorporate the variability by considering the
single samples during the inference process to refine condition-
level analysis. These tools are particularly valuable for studies
with large cohorts or significant sample heterogeneity, where
intra-condition variability plays a crucial role.

Most tools rely on pairwise comparisons of CCC, using different
computational strategies (Fig. 2c and Supplementary Data 2).
These range from simple intersections of condition-specific
signaling events (e.g. CellTalker and Domino [66]), to statistical
approaches, such as differential analysis of ligands and receptors
(e.g. CellPhoneDB [69], CellChat [70], iTALK, multiNicheNet [71],
LIANA+) and intercellular or distance metrics (e.g. ICELLNET
[72], scDiffCom [73], scSeqComm, scLR [74], scTenifoldXct [75],
SpatialDM ). Some tools, like COMUNET and CrossTalkeR, leverage
intercellular interactions predicted by other tools to build
network of differentially interacting cell types. Few tools also
focus on comparing intracellular signaling by using network
analysis to detect altered downstream signaling, inferring altered
intracellular network (e.g. CytoTalk, Domino, LIANA+) or pro-
viding quantitative metrics of such alteration (e.g. scSeqComm,
NicheNet).

Additionally, dimensionality reduction methods like matrix
decomposition-based (e.g. Tensor-cell2cell, LIANA+) and

ML-based approaches (e.g. CellChat, Scriabin) enable the simul-
taneous comparison of more than two conditions, allow-
ing researchers to identify broader communication patterns
(Supplementary Table S5 and Supplementary Data 2).

Output, including visualization

Among current CCC inference tools, five principal categories of
tool output can be identified: scores, network, list of active genes
or LR, tensor decomposition results, and cell-level information
(Supplementary Table S6 and Supplementary Data 2).

Output scores are produced by 45 tools, providing information
on specificity, intensity, or significance of inferred interactions,
depending on the scoring strategy implemented (Section 3.2).
Other 11 tools output interaction networks including information
on cell-types, LRs pairs, or transcription factors and target genes.
4 tools (CellTalker, iTALK, COMUNET, and MultiNicheNet) return
lists of genes involved in the communication, typically LR pairs.
Only two tools (scTensor [76] and Tensor-cell2cell) implement
tensor decomposition and return the results of this algorithm
(e.g. tensor loadings). Different from all previous tools, TraSig
and CSCP [77] provide as output information on cells and sub-
groups of cells having similar communication patterns. One tool
(LIANA+) outputs tensor decomposition results along with inter-
cellular communication scores and a list of genes associated with
intracellular signaling pathways.

The type of output significantly affects subsequent analy-
ses. For example, tensor decomposition loadings and factors are
difficult to interpret, complicating the biological interpretation.
Conversely, lists of LR pairs provide straightforward biological
insights, but the absence of a score prevents results prioritization
and design of experimental validation. Numerical scores provide
users with remarkable flexibility for conducting subsequent anal-
yses and setting custom thresholds for communication results.
Nevertheless, accurately interpreting the biological significance
of numerical scoring outputs requires the comprehension of the
mathematical formulations used by each method.

Given the extensive output of some packages, visualiza-
tion is essential for interpreting CCC analysis results help-
ing researchers in identifying and prioritizing key insights
(Supplementary Table S6 and Supplementary Data 2). Common
visualizations include bar plots, heatmaps, and spatial plots,
which display top-scoring results alongside statistical signifi-
cance and spatial context. Dot plots and violin/box plots are
often used to combine score ranges with their distribution and
density. For inferred communications, popular methods include
circos plots, network plots, and Sankey plots. Most packages
offer multiple visualization options, with CellChat standing
out by providing six types: circos plots, dot plots, heatmaps,
network plots, Sankey plots, and spatial plots. Notably, seven tools
(CellPhoneDB, CSCP, RNA-magnet [78], spaCl, spaOTsc, SpaCeNet
and TimeTalk) lack visualization functions. The complexity
and diversity of CCC results make visualization challenging. To
address specific visualization needs, some tools (e.g. scConnect
[79], CellChat [70], Giotto [35], and CellAgentChat [54]) offer
interactive WebApps, simplifying result exploration and enabling
non-bioinformaticians to investigate outputs effectively.

Software

R and Python are undoubtedly the most widely used program-
ming languages in the CCC community (Supplementary Fig. S2,
Supplementary Table S7 and Supplementary Data 2). Some CCC
tools leverage both, using Python for computation and R for data
preprocessing or visualization. Additionally, many R packages
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integrate C++ or Matlab to improve computational performance.
While R dominated the early years of CCC research due to its
rich ecosystem, there is a growing shift toward Python, reflecting
broader trends in bioinformatics.

The usability, reproducibility, and adoption of CCC tools heavily
depend on their quality and release practices. Tools with com-
prehensive documentation, test datasets, installation guides, and
compatibility with popular bioinformatics packages significantly
enhance the user experience. Packaging tools as Python libraries
or R packages, rather than standalone scripts, ensures better
modularity and easier integration into existing workflows, driving
progress in CCC studies.

Overall, CCC software is of high quality: most of the reviewed
tools are structured as R or Python packages and typically
include installation instructions, tutorials, and test datasets
(Supplementary Table S7 and Supplementary Data 2).

Applications and case studies

CCC inference has been successfully applied in various research
fields, from disease and infection research to physiological pro-
cesses. As a representative sample, we reviewed the CCC case-
studies described in the 58 CCC tool manuscripts included in this
study (Supplementary Data 2).

Humans and mice are the most studied species. Due to ethical
constraints and limited sample availability in human research,
mouse models serve as essential tools for genetic manipulation
and controlled experiments.

Biological applications demonstrate disparate trends across
species and research fields (Supplementary Fig. S3). In mice, CCC
studies predominantly focus on the brain and nervous system (25
out of 52 case studies), followed by embryogenesis (12 studies),
emphasizing CCC analysis relevance in developmental biology. In
human research, cancer is the most studied field, with 29 of 72
case studies exploring CCC dynamics in tumors. Other key areas
include embryogenesis (6 studies) and viral diseases (9 studies).
As sequencing techniques and computational methods advance,
CCC applications will likely expand, providing deeper biological
insights and novel therapeutic strategies.

Current pitfalls and open issues on cell-cell
communication analysis
Validation: the elephant in the room

The primary open issue in CCC analysis is the absence of a
definitive ground truth for validating methods performance.
As CCC inference is data-driven, accuracy depends on the
computational approach used [23]. To address this, researchers
employnvariousrvalidationwstrategies (Supplementary Table S8
and Supplementary Data 2).

One popular validation method is(literatureiagreement, i.e. cross-
referencing predictions with existing biological literature, but it
fails to capture yet to be discovered interactions. EXperimentaliali*
datiomincludes (i) confirming protein expression with immunohis-
tochemistry and protein staining; (ii) verifying spatial localization
of communicating cells through fluorescence in situ hybridiza-
tion and flow cytometry; (iii) assessing the functional role of CCC
mediators through perturbation experiments (e.g. knockout stud-
ies or Perturb-seq experiments). However, this approach is often
limited to a few LR pairs and few cell types per experiment.{idirect
validation using data generated from other emerging technologies,
such as spatial transcriptomics, proteomics or bulk RNA-seq data,
is also very used. Particularly, spatial colocalization validation
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assumes that spatially adjacent cell types are more likely to
communicate, supporting predicted interactions with indirect
evidence. Methods for experimental and indirect validation have
been thoroughly reviewed by Armingol et al. [80]. However, two
techniques from the field of spatial transcriptomics stand out as
particularly valuable for enhancing and validating CCC tools. The
first one, Visium HD [81], achieves single-cell scale resolution and
improves tissue analysis, identifying distinct cell subpopulations
and cell-to-cell relationships. The second one, multiplexed error-
robust FISH (MERFISH) method [82] extends single molecule FISH
(smFISH) achieving higher throughput and nanometer-scale reso-
lution, making it ideal for exploring gene regulatory networks and
intracellular processes relevant to intercellular communication.
Synthetiendatasetwvalidation uses the ground truth contained in
simulated datasets, particularly used for ST-based CCC tools.
While simulated datasets offer controlled conditions to test CCC
tools, they often fail to replicate the full complexity of CCC or
include realistic spatial details. Finally, robustnessrevaluation of the
tools is essential to minimize the false positives and negatives
and ensure models are resilient to noise or error in the data (e.g.
batch effects, dropout events, errors in cell cluster annotations).

Combining multiple evaluation methods is typically suggested,
as it provides a more comprehensive evaluation of CCC tools.
However, there is an urgent need for a ‘gold standard’ dataset
to better assess tool performance, standardize evaluations, and
improve the accuracy of CCC tools.

Software challenges: computational burden and
data visualization

The growing size of transcriptomics datasets, including cell
atlases with millions of cells, poses major computational
challenges for bioinformatics analyses, including CCC inference.
Despite this, only 24% of reviewed tools assess computational
performance (e.g. runtime, memory usage), and less than half
utilize parallel computation (Supplementary Tables S7-S8 and
Supplementary Data 2).

Modern gene expression matrices often require dozens of giga-
bytes of RAM, and limitations in programming languages (e.g. 32-
bit indexing in R) can prevent their loading, even with powerful
hardware. While compressed or sparse matrix formats reduce
memory usage, they can increase computational overhead.

Additionally, R and Python have limited support for shared-
memory parallelism (e.g. multithreading), restricting the efficient
use of multi-core CPUs in laptops or workstations. Multiprocess-
ing approaches, though effective, often demand data redundancy
across processes, increasing memory requirements.

To handle expanding dataset sizes and computational
demands, future CCC tools must combine efficient memory man-
agement, scalable parallel libraries, and performance-optimized
code (e.g. C++ modules). These strategies are essential for
maintaining scalability and efficiency in modern bioinformatics
workflows.

Interpreting CCC results is a major challenge due to their
multidimensional nature, encompassing signaling molecules,
sender and receiver cell clusters, computed scores, etc. Interactive
inspection and visualization tools have proven invaluable for
navigating this complexity. Interfaces like InterCellar, CClens,
CellLinker, and stLearn facilitate CCC analysis by providing
user-friendly platforms to visualize results from various CCC
tools. As the number of CCC tools grows, the availability
of dashboards and apps capable of integrating outputs and
offering effective and interactive visualizations is increasingly
important. Separating result computation from visualization
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further enhances flexibility, allowing users to mix and match
analytical methods with their preferred visualization strategies.

Trends from available review, comparison and
benchmarking studies

The existence of multiple and very different CCC inference
tools, the lack of an established and ultimate ground truth
to validate CCC tools outputs, and the heterogeneity of CCC
resources/databases available, presents significant challenges for
benchmarking and evaluating existing CCC analysis workflows.
Recently, several initiatives have aimed to address these chal-
lenges in the form of review studies (describing available methods
and resources), comparison studies (measuring the agreement of
different CCC resources or tools predictions) and benchmarking
studies (ranking CCC tools based on some metrics).

Review studies and comparison studies

The growing landscape of CCC bioinformatics analyses has been
explored in nine recent review studies (Supplementary Section
S4). These reviews typically categorize CCC tools based on their
computational approaches. For example, Shao et al. (2020) and
Armingol et al. (2021, 2024) [1, 80, 83] discuss LR interaction-based
strategies, with the latter classifying tools into general-purpose
frameworks, specialized applications, and hybrid models.

While all review studies account for CCC tools, they often
overlook CCC resources, despite the critical role of well-curated
LR pairs in accurate inference. Only a few reviews, such as Ma
et al. (2021), Armingol et al. (2021), and Peng et al. (2022) [1,
84, 85], thoroughly assess LR databases, focusing on annotation
depth, data sources, and completeness. Others, like Jin et al.
(2022) [86], overlook this entirely, underscoring a significant gap in
the literature. This oversight is critical, as CCC analysis depends
heavily on the quality of its databases.

CCC tools’ reviews often focus on specific applications, particu-
larly cancer, where tools are used to study CCC in tumor microen-
vironments, immunosuppressive signaling, and drug resistance
[83-85, 87, 88]. CCC tools have been reviewed in their applica-
tion to skin biology [86] and broader contexts like inflammation
and immune regulation (83, 84]. While real-world applications
offer valuable insights into the practical use of CCC tools, these
reviews fail to recommend the best-performing tools for specific
scenarios.

A recurring challenge highlighted by all these review studies is
the validation of CCC tool performance, due to the lack of stan-
dardized assessment frameworks. Experimental confirmation for
computational predictions is essential, particularly in intricate
biological systems like cancer [1, 85, 87, 88]. Experimental valida-
tion methods, including proteomics and immunohistochemistry,
are outlined in reviews like Peng et al. (2022) and Wang et al. (2023)
[85, 88], alongside functional validation through in vitro/in vivo
studies. Indirect validations (e.g. enrichment analyses, use of spa-
tial colocalization) show promise but are inconsistently applied,
complicating tool comparisons. Literature agreement validation,
while extremely common, depends heavily on the availability and
quality of prior research [85, 88].

Building on these foundational reviews, two comparative stud-
ies further dissect the nuances of tool performance and resource
variability (Supplementary Section S4). The LIANA platform [11]
systematically compared seven CCC methods and sixteen CCC
resources, uncovering a high similarity in included molecules but
significant differences in LR pair interactions. This bias, often

pathway-specific, underscores the role of CCC resource selection
in shaping CCC analyses. LIANA also highlighted the low over-
lap in top-ranked interactions across tools, attributing this to
their diverse scoring strategies. Despite this variability, methods
like CellChat, CellPhoneDB, and SingleCellSignalR showed good
robustness to noisy data and errors in input resources. Similarly,
Wang et al. (2022) [89] compared nine CCC tools for their abil-
ity to infer LR interactions and construct CCC networks. Their
findings reinforced the heterogeneity in CCC predictions, driven
by differences in database reliance, algorithmic filtering, and
prediction strategies. Tools like iTALK and NATMI showed greater
consistency with curated databases, while methods like CellChat
prioritized fewer interactions to reduce noise. Computational per-
formance also varied considerably among tools. These compari-
son studies highlight the trade-offs in computational efficiency
and sensitivity across tools, underscoring the value of employing
multiple methods to achieve reliable CCC predictions.

Benchmarking studies

In the literature, four key benchmarking studies evaluate the
performance of current CCC tools.

e BENCH1: The ESICCC framework, introduced by Luo et al., [90]
provides a systematic approach to evaluate CCC inference
methods, benchmarking 18 LR inference tools and five LR-
target tools. It is the most extensive and comprehensive study
in terms of the number of tools analyzed, tested aspects
(accuracy, robustness and usability), and scenarios consid-
ered.

e BENCH2: Liu et al. [91] study analyzed 15 tools in terms of
predicted CCC concordance and accuracy, using both real and
simulated dataset.

e BENCHS3: Zhang et al. [92] work evaluated 14 tools based on
their robustness to various sources of variability and noise,
such as data variability (e.g. batch effects), transcriptomic
noise (e.g. dropout events), and noise in prior knowledge (e.g.
errors in cell cluster annotations). The authors assess robust-
ness both against individual sources of variability/noise, as
well as providing an overall aggregated robustness metric.

e BENCH4: Xie et al. [93] analyzes eight scoring schemes in
terms of prediction accuracy, using curated scRNA-seq data
from idiopathic pulmonary fibrosis.

Detailed summaries of the four benchmarking studies can be
found in Supplementary Sections S4 and S5.

Although these benchmarking studies use different criteria/-
metrics to assess tools’ performance, and often evaluate different
aspects (e.g. accuracy, robustness, or usability), Fig. 3 attempts
to summarize the results of these studies by highlighting the
top-performing tools, as well as their ranking. Details on the
individual studies and how Fig. 3 was constructed are reported
in Supplementary Section S5.

Tools’ accuracy has been evaluated in BENCH1, BENCH2 and
BENCH4. CellChat is identified as one of the top methods in
BENCH1-BENCH?2, but holds a mid-to-low position in the ranking
of BENCH4. Similarly, SingleCellSignalR ranks well in BENCH1-
BENCH?2, but is second to last in the BENCH4. CellPhoneDBv?2 is
ranked first in BENCH4, among the top performers in BENCH?2,
and slightly above mid-table in BENCH1. iTALK holds a mid-high
position in BENCH4, mid-table in BENCH?, and is among the worst
performers in BENCH1. NATMI is highly ranked in BENCH4, and
around mid-table in BENCH1-BENCH2. scMLnet has a mid-high
position in BENCH4, but ranks lower in BENCH1-BENCH2.
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CCC tools ranking from existing benchmarking studies
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Figure 3. Aggregated analysis of benchmarking studies for CCC tools. This figure presents an aggregated analysis of four benchmarking studies evaluating
CCC tools based on available metrics: Accuracy, robustness, usability, and overall performance. Each study’s results are visualized using circles, where
the circle’s diameter and color encode the ranking of each tool for a given metric. The numbers close to the circles indicate the ranking position. Tools
identified by the study authors as the best-performing are highlighted with red circles, numbers and asterisk (‘+’). Additional details about the data and

methodology used in this figure are provided in Supplementary Section S5.

Among the methods included only in BENCH1-BENCH?2, Cell-
Call, CytoTalk, Connectome, and Domino are ranked in the lower
halfin both benchmarks, while CellPhoneDBv2 holds around mid-
table in both studies. ICELLNET ranks among the top methods in
BENCH?2 and in the top third of the ranking in BENCH1. NicheNet
holds a good position in BENCH2 but ranks lower in BENCH1.

In terms of robustness, the two studies evaluating this aspect
(BENCH1 and BENCH3) assign very different rankings to CellChat
(most robust method in BENCH1, ranked lower in BENCH3) and
CytoTalk (best tool in BENCH3, among the lowest in BENCH1).
Both studies agree in placing NicheNet and scMLnet at the lower
end of the ranking. Conversely, tools like NATMI and iTALK are
consistently ranked as having among the best robustness in
both studies, with NATMI reported as one of the top-performing
tools.

Notably, two tools identified by BENCH1 as the most accurate,
RNAMagnet and scSeqComm, were not evaluated in other studies.
Similarly, BENCH3 highlighted Kumar and Skelly as highly robust,
yet these were absent from the other three benchmarks. This
underscores how top-performing tools may be missing in some
benchmarking studies, and the best practice of prioritizing tools
identified as top-performing in prior studies when evaluating all
available tools is impractical.

This aggregated analysis of the tools, while informative, should
be interpreted with caution (Supplementary Section S5). First,
the ranking reflects relative performance rather than absolute
efficacy. Second, evaluation methods vary across studies, employ-
ing different metrics or analyzing distinct aspects of the tools.
Third, variations in tool versions, input parameters, and (mainly)
LR databases used in different studies significantly influence
performance.

Future di;ect_ions of cell—cell
communication analysis

CCC analysis on time series data

Current CCC approaches, where the time variable is considered,
can be divided in two broad categories: developmental studies
and longitudinal studies. In a seminal work, Schiebing et al. [94]
proposed WaddingtonOT, a tool that explores optimal transport
data in time dependent iPSC cells. By formulating the trans-
port map between samples (individual time observations) in a
Markov Chain fashion, WaddingtonOT can identify cell devel-
opment related CCC events. Within the same category, TraSig
uses a Continuous State Hidden Markov Model to identify cell
development patterns (pseudotime) in scRNA-seq data, that are
used to reveal pseudotime-dependent CCC events. In the context
of longitudinal studies, MultiNicheNet, Tensor-cell2cell and scAC-
CorDioN [95] are prominent tools that can compare sample level
scRNA-seq datasets using CCC programs. Despite the availability
of such tools, the analysis of CCC on time series data is still in its
infancy, both in term of validation of the inferred processes and
method development.

Challenges and advances in modeling
intracellular signaling networks in CCC
Modeling intracellular signaling networks is challenging due to
their complexity and interconnected nature. This review high-
lights the need for improved data curation, incorporating high-
resolution, high-confidence information on regulatory signals,
including species-specific and tissue-specific pathway databases.
CCCinvolves intricate, recursive pathways linking intracellular
processes to extracellular changes. As external factors or cellular
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contexts change, these signaling networks dynamically adapt cell
responses. While simplifications in their modeling and annotation
are often necessary, understanding the dynamic behavior of these
pathways is crucial. For example, existing pathway databases lack
comprehensive annotations of protein roles (e.g. repressor or acti-
vator), yet this information would be highly valuable for improv-
ing computational modeling of intracellular signaling. Improved
pathway annotations should also include ions and metabolites,
which interact with proteins to elicit responses.

An additional layer of complexity in CCC tools is the selection
of signaling start and endpoints. Capturing the initiation of inter-
cellular communication, such as ligand expression regulation,
is crucial for linking upstream signaling events in one cell to
downstream responses in another, as highlighted by CytoTalk.
Moreover, most CCC tools focus on transcriptomic changes as only
intracellular signaling endpoints, ignoring effects on other cell
organelles (e.g. mitochondria, endoplasmic reticulum, lysosomes).
More comprehensive approaches that integrate both upstream
and downstream pathways would significantly enhance current
CCC intracellular analysis.

Multi-omics data integration in CCC

CCC involves interactions between diverse ligands and their spe-
cific receptors, varying in structure and chemical nature, includ-
ing peptides, nucleic acids, lipids, and metabolites. Most CCC tools
are limited to transcriptomics, neglecting non-peptide ligands and
post-transcriptional modifications affecting protein activity. An
exception is NeuronChat [10], which estimates neural commu-
nication based on non-peptide ligands using gene expression of
synthesizing enzymes and vesicular transporters.

With the rapid development of new technologies, multi-omics
data integration is emerging as a valuable approach for CCC anal-
ysis. Multimodal omics techniques simultaneously profile multi-
ple types of molecules within a single cell, such as transcriptomics
with proteomics [96,97] or chromatin accessibility [98], offering
deeper biological insights despite lower cell-throughput than uni-
modal methods [99]. A prime example is given by the measure-
ment of open chromatin accessibility at the single-cell level using
single-cell ATAC sequencing (SCATAC-seq) coupled with scRNA-
seq data [100]. Tools like Cell Oracle [101], SCENIC+ [102], and
scMega [103], infer regulatory networks using both scATAC-seq
and scRNA-seq, enhancing transcription factor activity analysis
and serving as data-driven foundations for many methods (e.g.
decoupleR [104]). These approaches have the potential for advanc-
ing intracellular signaling studies in CCC analyses.

Mass spectrometry (MS)-based techniques have transformed
proteome and metabolome profiling, enabling detailed analysis
of protein composition, abundance, structure, function, and
post-translational modifications [105]. In protein-based CCC,
post-translational modifications like glycosylation affect LR
affinity and binding and, consequently, signaling outcomes
[1]. The integration of glycomic data, along with the use of
dedicated databases of metabolite-protein interactions [106],
represents a promising strategy to refine CCC predictions.
Additionally, MS-based single-cell metabolomics has advanced,
enhancing metabolite detection, sensitivity, annotation reliability,
quantification accuracy, while also enabling spatial mapping of
metabolites within their tissue of origin [99]. While extracellular
MS holds clear value for investigating ligands, low concentrations
of target metabolites and proteins challenge sample preparation.
However, technological advancements and improved enrichment
methods are expected to expand extracellular MS-based omics,
complementing transcriptomics in CCC research.

De novo discovery of new interactions

Most CCC tools rely on current LR databases for inferring ongoing
CCC, however this approach presents multiple challenges. First,
databases may be incomplete, missing newly discovered or
context-specific LR pairs. Additionally, databases are often
built on curated information from limited studies, introducing
biases and failing to account for variations across tissue types,
developmental stages, or species. Ligand-receptor interactions are
highly dynamic and can vary based on environmental factors, and
cellular states, none of which are easily captured and annotated
in current databases. Finally, extensive experimental validation of
predicted interactions remains resource-intensive and complex,
limiting comprehensive assessment of existing databases. These
limitations underscore the need for advanced approaches that
go beyond existing databases and instead infer CCC networks
directly from high-throughput experimental data. Emerging
database-agnostic methods enable the inference of CCC directly
from gene expression data, making interaction discovery possible
across all organisms without relying on predefined LR databases.
Further, recent structure-based CCC approaches have made it
possible to predict potential novel LR pairs using protein structure
data (e.g. CellDialog). These methods offer a promising link to
cutting-edge generative models like ESM3, holding significant
potential for the identification and engineering of novel LR
interactions. Despite progress, major unresolved challenges
remain, including the combinatorial complexity of interactions,
the absence of a centralized data-sharing infrastructure, and
insufficient communication between research groups.

CCGC-catalog

To gather and share comprehensive, up-to-date knowledge on
CCC, we created CCC-Catalog (https://sysbiobig.gitlab.io/ccc-
catalog), an online resource compiling a vast array of available
CCC tools and resources.

CCC-Catalog serves as a centralized hub for CCC analysis uti-
lizing scRNA-seq and ST data, and it invites users to actively con-
tribute by keeping the catalog updated and continually enhancing
its resources.

The CCC resources page includes all major LR databases and
more for Human, with some resources available for other species
(e.g. Mouse, Zebrafish). Using detailed filters, users can search
resources by type and number of annotated interactions (inter-
cellular or intracellular), availability of protein complex data, and
additional attributes.

The CCC tools page features a thorough catalog of CCC meth-
ods, allowing users to refine searches based on input data type
(e.g. scRNA-seq, spot-based ST), preferred programming language
and software format (command-line tool, R package, web app),
types of CCC signaling analyzed (intercellular, intracellular, or
both), visualization options (e.g. circos plots, heatmaps), and
advanced features (e.g. differential CCC analysis, time series
analysis).

The literature page provides summaries of the latest studies
on CCC tools and methodologies, including reviews, comparative
studies, and benchmarking analyses.

Conclusions

The field of CCC analysis has advanced significantly, provid-
ing researchers with a vast array of bioinformatics tools and
resources. A thorough understanding of these tools and resources,
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including their strengths, limitations, and underlying assump-
tions, is essential for conducting reliable and robust bioinformat-
ics analyses. This study aims to provide a comprehensive review
of the current state of the art in CCC analysis from scRNA-seq
and ST data, highlighting the heterogeneity of existing methods
and databases while providing a detailed characterization of their
features.

Furthermore, resources like CCC-Catalog serve as invaluable
platforms for sharing tools, databases, and literature, fostering
accessibility and collaboration within the research community.
By embracing these advancements and addressing current
limitations, the field can develop a deeper, more nuanced
understanding of CCC, and uncover new insights into funda-
mental biological processes and their implications for health and
disease.

Despite considerable progress in CCC analysis, our findings
confirm that many challenges remain. The lack of ground truth
and the difficulty in systematically evaluating CCC inference
tools are the major challenges. Addressing this gap is essential
for advancing the field toward more comprehensive and reliable
analytical frameworks. Additionally, as transcriptomics dataset
continue to grow and experimental design become more complex,
future CCC tools must prioritize computational efficiency
and effective visualizations to handle large-scale data more
seamlessly.

In terms of prior knowledge, improving existing LR databases
and developing computational methods to predict unannotated
LR interactions would significantly advance the field. At the same
time, recent database-agnostic approaches are examples that
open new venues for de novo discovery of CCC interactions. Addi-
tional benchmarks and methods are still required in this regard.
For intracellular analysis, improved data curation in signaling
pathways, incorporating species-specific and tissue-specific path-
way databases, refining protein functions annotation, and inte-
grating upstream and downstream pathways, is necessary for
more robust CCC analysis.

The incorporation of multi-omics data, including transcrip-
tomics, proteomics, glycomics, and metabolomics, presents
another promising avenue for enhancing CCC inference. Tech-
nologies like mass spectrometry and single-cell multi-omics
offer unprecedented opportunities to capture the diverse
molecular layers of cell signaling, improving both accuracy and
comprehensiveness of CCC analyses.

Key Points

e The field of cell-cell communication (CCC) analysis has
advanced significantly, offering researchers a vast array
of bioinformatics tools and resources, while also posing
the challenge of selecting the most suitable tool/re-
source for their specific needs.

e We comprehensively characterize 58 CCC bioinformatics
tools and 26 databases, providing a detailed assessment
of their strengths, limitations, and underlying assump-
tions, all of which are crucial for conducting reliable and
robust bioinformatics analyses.

e We reviewed nine prior reviews, two comparative stud-
ies, and four benchmarking studies, identifying con-
sistent trends across diverse tools and databases.
By aggregating insights from existing literature, we

highlight overarching patterns and emerging directions
in CCC analysis.

e We discuss key challenges affecting state-of-the-art
tools, including validation difficulties, computational
efficiency concerns, and challenges in interpreting and
visualizing results, and explore emerging trends, such
as time-series analyses, multi-omics integration, and
machine learning-based predictions of novel interac-
tions.

e To streamline access to these extensive resources, we
developed CCC-Catalog (https://sysbiobig.gitlab.io/ccc-
catalog), an interactive online platform that enables
researchers to filter and visualize tools and databases
based on their specific needs, simplifying the process
of identifying the most appropriate resources for CCC
analysis.

Acknowledgements

We acknowledge the organizers and speakers of the ‘Spatial Tran-
scriptomics and Cell-Cell Communication Modeling: New Opportunities
to Study the Cellular Dynamics of Biological Systems’ workshop at
ECCB 2022 which inspired this work. G.B.,, G.C,, G.T. and B.D.C.
gratefully acknowledge the support of the CINI InfoLife laboratory.

Supplementary data

Supplementary data are available at Briefings in Bioinformatics
online.

Conflict of interest: The authors have no conflict of interest.

Funding

G.C. was founded by the Department of Information Engineering,
University of Padova, ‘Research Grant type B junior’, and by Fon-
dazione Ing. Aldo Gini.

[.G.C. acknowledges funding from the Bundesministerium fiir
Bildung und Forschung (BMBF e:Med Consortia Fibromap and
CompLS Consortia Graphs4Patients).

E.C. acknowledges funding from the Italian Association for
Cancer Research (AIRC) [MFAG 2019-23522], The MUR-PNRR
NextGenerationEU and MUR, Mission 4 Component C2 part
1.4 - National Center for Gene Therapy and Drugs based on
RNA Technology - [CN00000041 - CUP C93C22002780006], the
Italian Ministry of Education, University, and Research for the
PRIN PNRR 2022 Project [P20223Y5AX] and the PRIN 2022 Project
[20227Z2XRB].

N.G. acknowledges the Department of Biology at the University
of Padova, which, through funding from the Italian Ministry of
University and Research (MUR) under the ‘Dipartimenti di Eccel-
lenza 2023-2027’ program, supported his PhD fellowship.

A.C. acknowledges funding of the European Union - Next
Generation EU in the context of the National Recovery and
Resilience Plan of Italy, Mission 4 ‘Education and Research’,
Component 2 ‘From Research to Business’, Investment 3.1
‘Fund for the realisation of an integrated system of research
and innovation infrastructures’,- Strengthening BBMRLit - CUP
B53C22001820006.

G20z aunr Gz uo isenb Aq /6269 18/082+eda/€/92/3911E/q1q/Wwod"dno"dlWwapede//:sdjy Wwoly papeojumoq


https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://sysbiobig.gitlab.io/ccc-catalog
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf280#supplementary-data

12

| Cesaro et al.

Data availability

The data underlying this article are available in the article and in
its online supplementary material.

References

1.

10.

11.

12.

13.

14.

15.

16.

Armingol E, Officer A, Harismendy O. et al. Deciphering
cell-cell interactions and communication from gene expres-
sion. Nat Rev Genet 2021;22:71-88. https://doi.org/10.1038/
s41576-020-00292-x

. Yuan G-C, CaiL, Elowitz M. et al. Challenges and emerging direc-

tions in single-cell analysis. Genome Biol 2017;18:1-8. https://
doi.org/10.1186/513059-017-1218-y

. RamilowskiJA, Goldberg T, Harshbarger J. et al. A draft network

of ligand-receptor-mediated multicellular signalling in human.
Nat Commun 2015;6:7866. https://doi.org/10.1038/ncomms8866

. Hou R, Denisenko E, Ong HT. et al. Predicting cell-to-cell com-

munication networks using NATMI. Nat Commun 2020;11:5011.
https://doi.org/10.1038/s41467-020-18873-z

. Vento-Tormo R, Efremova M, Botting RA. et al. Single-

cell reconstruction of the early maternal-fetal interface
in humans. Nature 2018;563:347-53. https://doi.org/10.1038/
$41586-018-0698-6

. Shao X, Liao J, Li C. et al. CellTalkDB: A manually curated

database of ligand-receptor interactions in humans and mice.
Brief Bioinform 2021;22:bbaa269. https://doi.org/10.1093/bib/
bbaa269

. Xu C, Ma D, Ding Q. et al. PlantPhoneDB: A manually curated

pan-plant database of ligand-receptor pairs infers cell-cell
communication. Plant Biotechnol J 2022;20:2123-34. https://doi.
0rg/10.1111/pbi. 13893

. Liu Y, Li JSS, Rodiger J. et al. FlyPhoneDB: An integrated

web-based resource for cell-cell communication prediction in
drosophila. Genetics 2022;220:iyab235. https://doi.org/10.1093/
genetics/iyab235

. Qiao W, Wang W, Laurenti E. et al. Intercellular network

structure and regulatory motifs in the human hematopoi-
etic system. Mol Syst Biol 2014;10:741. https://doi.org/10.15252/
msb.20145141

Zhao W, Johnston KG, Ren H. et al. Inferring neuron-
neuron communications from single-cell transcriptomics
through NeuronChat. Nat Commun 2023;14:1128. https://doi.
0rg/10.1038/s41467-023-36800-w

Dimitrov D, Tirei D, Garrido-Rodriguez M. et al. Comparison
of methods and resources for cell-cell communication infer-
ence from single-cell RNA-Seq data. Nat Commun 2022;13:3224.
https://doi.org/10.1038/s41467-022-30755-0

Jin S, Guerrero-Juarez CF, Zhang L. et al. Inference and anal-
ysis of cell-cell communication using CellChat. Nat Commun
2021;12:1088. https://doi.org/10.1038/s41467-021-21246-9
Wang Y, Wang R, Zhang S. et al. iTALK: An R package to charac-
terize and illustrate intercellular communication. BioRxiv 2019.
https://doi.org/10.1101/507871

Cheng ], Zhang J, Wu Z. et al. Inferring microenvironmental
regulation of gene expression from single-cell RNA sequencing
data using scMLnet with an application to COVID-19. Brief Bioin-
form 2021;22:988-1005. https://doi.org/10.1093/bib/bbaa327
Browaeys R, Saelens W, Saeys Y. NicheNet: Modeling intercellu-
lar communication by linking ligands to target genes. Nat Meth-
ods 2020;17:159-62. https://doi.org/10.1038/s41592-019-0667-5
Noél F, Massenet-Regad L, Carmi-Levy I. et al. Dissection of
intercellular communication using the transcriptome-based

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

framework ICELLNET. Nat Commun 2021;12:1089. https://doi.
0rg/10.1038/541467-021-21244-%

Luck K, Kim D-K, Lambourne L. et al. A reference map of
the human binary protein interactome. Nature 2020;580:402-8.
https://doi.org/10.1038/s41586-020-2188-x

Chowdhury S, Sarkar RR. Comparison of human cell signal-
ing pathway databases—Evolution, drawbacks and challenges.
Database 2015;2015:baul126. https://doi.org/10.1093/database/
baul26

Jumper ], Evans R, Pritzel A. et al. Highly accurate protein
structure prediction with AlphaFold. Nature 2021;596:583-9.
https://doi.org/10.1038/s41586-021-03819-2

Baek M, DiMaio F, Anishchenko I. et al. Accurate prediction of
protein structures and interactions using a three-track neu-
ral network. Science 2021;373:871-6. https://doi.org/10.1126/
science.abj8754

Wilk AJ, Shalek AK, Holmes S. et al. Comparative analysis of
cell-cell communication at single-cell resolution. Nat Biotechnol
2024;42:470-83. https://doi.org/10.1038/s41587-023-01782-2
Lummertz da Rocha E, Kubaczka C, Sugden WW. et al. Cell-
Comm infers cellular crosstalk that drives haematopoietic
stem and progenitor cell development. Nat Cell Biol 2022;24:
579-89. https://doi.org/10.1038/s41556-022-00884- 1

Dimitrov D, Schéfer PSL, Farr E. et al. LIANA+: An all-in-one cell-
cell communication framework. Nat Cell Biol 2024;26:1613-22.
https://doi.org/10.1038/s41556-024-01469-w

Kojima Y, Mii S, Hayashi S. et al. Single-cell colocalization
analysis using a deep generative model. Cell Syst 2024;15:180-
192.e7. https://doi.org/10.1016/j.cels.2024.01.007

Cang Z, Nie Q. Inferring spatial and signaling relationships
between cells from single cell transcriptomic data. Nat Commun
2020;11:2084. https://doi.org/10.1038/s41467-020-15968-5
Armingol E, Baghdassarian HM, Martino C. et al. Context-
aware deconvolution of cell-cell communication with tensor-
cell2cell. Nat Commun 2022;13:3665. https://doi.org/10.1038/
$41467-022-31369-2

Armingol E, Ghaddar A, Joshi CJ. et al. Inferring a spatial
code of cell-cell interactions across a whole animal body. PLoS
Comput Biol 2022;18:€1010715. https://doi.org/10.1371/journal.
pcbi. 1010715

Yu A, Li Y, Li I. et al. Reconstructing codependent cellu-
lar cross-talk in lung adenocarcinoma using REMI. Sci Adv
2022;8:eabi4757. https://doi.org/10.1126/sciadv.abi4/57
Moffitt JR, Zhuang X. RNA imaging with multiplexed
error-robust fluorescence In situ hybridization (MERFISH).
Methods Enzymol 2016;572:1-49. https://doi.org/10.1016/bs.
mie.2016.03.020

Cho C-S, Xi J, Si Y. et al. Microscopic examination of spatial
transcriptome using Seg-scope. Cell 2021;184:3559-3572.e22.
https://doi.org/10.1016/j.cell.2021.05.010

Chen A, Liao S, Cheng M. et al. Spatiotemporal transcriptomic
atlas of mouse organogenesis using DNA nanoball-patterned
arrays. Cell 2022;185:1777-1792.e21. https://doi.org/10.1016/j.
cell.2022.04.003

Stdhl PL, Salmén F, Vickovic S. et al. Visualization and analysis
of gene expression in tissue sections by spatial transcriptomics.
Science 2016;353:78-82. https://doi.org/10.1126/science.aaf2403
Rodriques SG, Stickels RR, Goeva A. et al. Slide-seq: A scal-
able technology for measuring genome-wide expression at
high spatial resolution. Science 2019;363:1463-7. https://doi.
org/10.1126/science.aaw1219

Zollinger DR, Lingle SE, Sorg K. et al. GeoMx™ RNA assay:
High multiplex, digital, spatial analysis of RNA in FFPE

G20z aunr Gz uo isenb Aq /6269 18/082+eda/€/92/3911E/q1q/Wwod"dno"dlWwapede//:sdjy Wwoly papeojumoq


https://doi.org/10.1038/s41576-020-00292-x
https://doi.org/10.1038/s41576-020-00292-x
https://doi.org/10.1038/s41576-020-00292-x
https://doi.org/10.1038/s41576-020-00292-x
https://doi.org/10.1038/s41576-020-00292-x
https://doi.org/10.1186/s13059-017-1218-y
https://doi.org/10.1186/s13059-017-1218-y
https://doi.org/10.1186/s13059-017-1218-y
https://doi.org/10.1186/s13059-017-1218-y
https://doi.org/10.1186/s13059-017-1218-y
https://doi.org/10.1038/ncomms8866
https://doi.org/10.1038/ncomms8866
https://doi.org/10.1038/ncomms8866
https://doi.org/10.1038/ncomms8866
https://doi.org/10.1038/s41467-020-18873-z
https://doi.org/10.1038/s41467-020-18873-z
https://doi.org/10.1038/s41467-020-18873-z
https://doi.org/10.1038/s41467-020-18873-z
https://doi.org/10.1038/s41467-020-18873-z
https://doi.org/10.1038/s41586-018-0698-6
https://doi.org/10.1038/s41586-018-0698-6
https://doi.org/10.1038/s41586-018-0698-6
https://doi.org/10.1038/s41586-018-0698-6
https://doi.org/10.1093/bib/bbaa269
https://doi.org/10.1093/bib/bbaa269
https://doi.org/10.1093/bib/bbaa269
https://doi.org/10.1093/bib/bbaa269
https://doi.org/10.1093/bib/bbaa269
https://doi.org/10.1111/pbi.13893
https://doi.org/10.1111/pbi.13893
https://doi.org/10.1111/pbi.13893
https://doi.org/10.1111/pbi.13893
https://doi.org/10.1093/genetics/iyab235
https://doi.org/10.1093/genetics/iyab235
https://doi.org/10.1093/genetics/iyab235
https://doi.org/10.1093/genetics/iyab235
https://doi.org/10.1093/genetics/iyab235
https://doi.org/10.15252/msb.20145141
https://doi.org/10.15252/msb.20145141
https://doi.org/10.15252/msb.20145141
https://doi.org/10.15252/msb.20145141
https://doi.org/10.1038/s41467-023-36800-w
https://doi.org/10.1038/s41467-023-36800-w
https://doi.org/10.1038/s41467-023-36800-w
https://doi.org/10.1038/s41467-023-36800-w
https://doi.org/10.1038/s41467-023-36800-w
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1101/507871
https://doi.org/10.1101/507871
https://doi.org/10.1101/507871
https://doi.org/10.1093/bib/bbaa327
https://doi.org/10.1093/bib/bbaa327
https://doi.org/10.1093/bib/bbaa327
https://doi.org/10.1093/bib/bbaa327
https://doi.org/10.1093/bib/bbaa327
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41467-021-21244-x
https://doi.org/10.1038/s41467-021-21244-x
https://doi.org/10.1038/s41467-021-21244-x
https://doi.org/10.1038/s41467-021-21244-x
https://doi.org/10.1038/s41467-021-21244-x
https://doi.org/10.1038/s41586-020-2188-x
https://doi.org/10.1038/s41586-020-2188-x
https://doi.org/10.1038/s41586-020-2188-x
https://doi.org/10.1038/s41586-020-2188-x
https://doi.org/10.1038/s41586-020-2188-x
https://doi.org/10.1093/database/bau126
https://doi.org/10.1093/database/bau126
https://doi.org/10.1093/database/bau126
https://doi.org/10.1093/database/bau126
https://doi.org/10.1093/database/bau126
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1126/science.abj8754
https://doi.org/10.1126/science.abj8754
https://doi.org/10.1126/science.abj8754
https://doi.org/10.1126/science.abj8754
https://doi.org/10.1126/science.abj8754
https://doi.org/10.1038/s41587-023-01782-z
https://doi.org/10.1038/s41587-023-01782-z
https://doi.org/10.1038/s41587-023-01782-z
https://doi.org/10.1038/s41587-023-01782-z
https://doi.org/10.1038/s41587-023-01782-z
https://doi.org/10.1038/s41556-022-00884-1
https://doi.org/10.1038/s41556-022-00884-1
https://doi.org/10.1038/s41556-022-00884-1
https://doi.org/10.1038/s41556-022-00884-1
https://doi.org/10.1038/s41556-024-01469-w
https://doi.org/10.1038/s41556-024-01469-w
https://doi.org/10.1038/s41556-024-01469-w
https://doi.org/10.1038/s41556-024-01469-w
https://doi.org/10.1038/s41556-024-01469-w
https://doi.org/10.1016/j.cels.2024.01.007
https://doi.org/10.1016/j.cels.2024.01.007
https://doi.org/10.1016/j.cels.2024.01.007
https://doi.org/10.1016/j.cels.2024.01.007
https://doi.org/10.1016/j.cels.2024.01.007
https://doi.org/10.1038/s41467-020-15968-5
https://doi.org/10.1038/s41467-020-15968-5
https://doi.org/10.1038/s41467-020-15968-5
https://doi.org/10.1038/s41467-020-15968-5
https://doi.org/10.1038/s41467-022-31369-2
https://doi.org/10.1038/s41467-022-31369-2
https://doi.org/10.1038/s41467-022-31369-2
https://doi.org/10.1038/s41467-022-31369-2
https://doi.org/10.1371/journal.pcbi.1010715
https://doi.org/10.1371/journal.pcbi.1010715
https://doi.org/10.1371/journal.pcbi.1010715
https://doi.org/10.1371/journal.pcbi.1010715
https://doi.org/10.1371/journal.pcbi.1010715
https://doi.org/10.1126/sciadv.abi4757
https://doi.org/10.1126/sciadv.abi4757
https://doi.org/10.1126/sciadv.abi4757
https://doi.org/10.1126/sciadv.abi4757
https://doi.org/10.1126/sciadv.abi4757
https://doi.org/10.1016/bs.mie.2016.03.020
https://doi.org/10.1016/bs.mie.2016.03.020
https://doi.org/10.1016/bs.mie.2016.03.020
https://doi.org/10.1016/bs.mie.2016.03.020
https://doi.org/10.1016/bs.mie.2016.03.020
https://doi.org/10.1016/j.cell.2021.05.010
https://doi.org/10.1016/j.cell.2021.05.010
https://doi.org/10.1016/j.cell.2021.05.010
https://doi.org/10.1016/j.cell.2021.05.010
https://doi.org/10.1016/j.cell.2021.05.010
https://doi.org/10.1016/j.cell.2022.04.003
https://doi.org/10.1016/j.cell.2022.04.003
https://doi.org/10.1016/j.cell.2022.04.003
https://doi.org/10.1016/j.cell.2022.04.003
https://doi.org/10.1016/j.cell.2022.04.003
https://doi.org/10.1126/science.aaf2403
https://doi.org/10.1126/science.aaf2403
https://doi.org/10.1126/science.aaf2403
https://doi.org/10.1126/science.aaf2403
https://doi.org/10.1126/science.aaf2403
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1126/science.aaw1219

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Advances and challenges in cell-cell communication inference | 13

tissue. Methods Mol Biol 2020;2148:331-45.
org/10.1007/978-1-0716-0623-0_21

Dries R, Zhu Q, Dong R. et al. Giotto: A toolbox for integrative
analysis and visualization of spatial expression data. Genome
Biol 2021;22:78. https://doi.org/10.1186/s13059-021-02286-2
Pham D, Tan X, Balderson B. et al. Robust mapping of spa-
tiotemporal trajectories and cell-cell interactions in healthy
and diseased tissues. Nat Commun 2023;14:7739. https://doi.
0rg/10.1038/s41467-023-43120-6

Palla G, Spitzer H, Klein M. et al. Squidpy: A scalable framework
for spatial omics analysis. Nat Methods 2022;19:171-8. https://
doi.org/10.1038/s41592-021-01358-2

Yan L, Cheng J, Nie Q. et al. Dissecting multilayer cell-cell
communications with signaling feedback loops from spatial
transcriptomics data. Genome Res 2025;35:1400-14. https://doi.
0rg/10.1101/gr.279857.124

Li H, Ma T, Hao M. et al. Decoding functional cell-cell com-
munication events by multi-view graph learning on spatial
transcriptomics. Brief Bioinform 2023;24:bbad359. https://doi.
0rg/10.1093/bib/bbad359

Shao X, Li C, Yang H. et al. Knowledge-graph-based cell-
cell communication inference for spatially resolved transcrip-
tomic data with SpaTalk. Nat Commun 2022;13:4429. https://doi.
0rg/10.1038/s41467-022-32111-8

Cang Z, Zhao Y, Almet AA. et al. Screening cell-cell com-
munication in spatial transcriptomics via collective optimal
transport. Nat Methods 2023;20:218-28. https://doi.org/10.1038/
§41592-022-01728-4

Rao N, PaiR, Mishra A. et al. Charting spatial ligand-target activ-
ity using Renoir. BioRxiv 2023. https://doi.org/10.1101/2023.04.
14.536833

Li Z, Wang T, Liu P. et al. SpatialDM for rapid identification of
spatially co-expressed ligand-receptor and revealing cell-cell
communication patterns. Nat Commun 2023;14:3995. https://
doi.org/10.1038/s41467-023-39608-w

Arnol D, Schapiro D, Bodenmiller B. et al. Modeling cell-cell
interactions from spatial molecular data with spatial variance
component analysis. Cell Rep 2019;29:202-211.e6. https://doi.
0rg/10.1016/j.celrep.2019.08.077

Schrod S, Lick N, Lohmayer R. et al. Spatial cellular networks
from omics data with SpaCeNet. Genome Res 2024;34:1371-83.
https://doi.org/10.1101/gr.279125.124

Tang Z, Zhang T, Yang B. et al. spaCl: Deciphering spatial cellu-
lar communications through adaptive graph model. Brief Bioin-
form 2023;24:bbac563. https://doi.org/10.1093/bib/bbac563
Solovey M, Scialdone A. COMUNET: A tool to explore and
visualize intercellular communication. Bioinformatics 2020;36:
4296-300. https://doi.org/10.1093/bioinformatics/btaa482
Nagai JS, Leimkithler NB, Schaub MT. et al. CrossTalkeR: Anal-
ysis and visualization of ligand-receptorne tworks. Bioinfor-
matics 2021;37:4263-5. https://doi.org/10.1093/bioinformatics/
btab370

Jin Z, Zhang X, Dai X. et al. InterCellDB: A user-defined database
for inferring intercellular networks. Adv Sci 2022;9:2200045.
https://doi.org/10.1002/advs.202200045

Li D, Velazquez JJ, Ding J. et al. TraSig: Inferring cell-cell inter-
actions from pseudotime ordering of scRNA-Seq data. Genome
Biol 2022;23:73. https://doi.org/10.1186/s13059-022-02629-7
Garcia-Alonso L, Lorenzi V, Mazzeo CI. et al. Single-cell
roadmap of human gonadal development. Nature 2022;607:
540-7. https://doi.org/10.1038/s41586-022-04918-4

Wang S, Karikomi M, MacLean AL. et al. Cell lineage
and communication network inference via optimization for

https://doi.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

single-cell transcriptomics. Nucleic Acids Res 2019;47:e66.
https://doi.org/10.1093/nar/gkz204

So E, Hayat S, Nair SK. et al. GraphComm: A graph-
based deep learning method to predict cell-cell communi-
cation in single-cell RNAseq data. BioRxiv 2023. https://doi.
0rg/10.1101/2023.04.26.538432

Raghavan V, Li Y, Ding J. Harnessing agent-based modeling in
CellAgentChat to unravel cell-cell interactions from single-cell
data. BioRxiv 2024. https://doi.org/10.1101/2023.08.23.554489
LiuY, Zhang Y, Chang X. et al. MDIC3: Matrix decomposition to
infer cell-cell communication, 100911. Patterns 2024;5. https://
doi.org/10.1016/j.patter.2023.100911

Cillo AR, Kirten CHL, Tabib T. et al. Immune landscape of
viral- and carcinogen-driven head and neck cancer. Immunity
2020;52:183-199.€9. https://doi.org/10.1016/j.immuni.2019.11.
014

Efremova M, Vento-Tormo M, Teichmann SA. et al. Cell-
PhoneDB: Inferring cell-cell communication from combined
expression of multi-subunit ligand-receptor complexes. Nat
Protoc  2020;15:1484-506. https://doi.org/10.1038/s41596-020-
0292-x

Yang W, Wang P, Luo M. et al. DeepCCI: A deep learning
framework for identifying cell-cell interactions from single-cell
RNA sequencing data. Bioinformatics 2023;39:btad596. https://
doi.org/10.1093/bioinformatics/btad596

Hu Y, Peng T, Gao L. et al. CytoTalk: De novo construction of
signal transduction networks using single-cell transcriptomic
data. Sci Adv 2021;7:eabf1356. https://doi.org/10.1126/sciadv.
abf1356

Wang L, Zheng Y, Sun Y. et al. TimeTalk uses single-cell RNA-
seq datasets to decipher cell-cell communication during early
embryo development. Commun Biol 2023;6:1-16. https://doi.
0rg/10.1038/s42003-023-05283-2

Lu H, Ping J, Zhou G. et al. CommPath: An R package for
inference and analysis of pathway-mediated cell-cell com-
munication chain from single-cell transcriptomics. Comput
Struct Biotechnol ] 2022;20:5978-83. https://doi.org/10.1016/j.
€sbj.2022.10.028

Cabello-Aguilar S, Alame M, Kon-Sun-Tack F. et al. Single-
CellSignalR: Inference of intercellular networks from single-
cell transcriptomics. Nucleic Acids Res 2020;48:e55. https://doi.
org/10.1093/nar/gkaa183

Baruzzo G, Cesaro G, Di Camillo B. Identify, quantify and
characterize cellular communication from single-cell RNA
sequencing data with scSeqComm. Bioinformatics 2022;38:
1920-9. https://doi.org/10.1093/bicinformatics/btac036

Zhang Y, Liu T, Hu X. et al. CellCall: Integrating paired lig-
and-receptor and transcription factor activities for cell-cell
communication. Nucleic Acids Res 2021;49:8520-34. https://doi.
org/10.1093/nar/gkab638

He C, Zhou P, Nie Q. exFINDER: Identify external communica-
tion signals using single-cell transcriptomics data. Nucleic Acids
Res 2023;51:e58. https://doi.org/10.1093/nar/gkad262

Cherry C, Maestas DR, Han J. et al. Computational reconstruc-
tion of the signalling networks surrounding implanted bioma-
terials from single-cell transcriptomics. Nat Biomed Eng 2021;5:
1228-38. https://doi.org/10.1038/s41551-021-00770-5

Rachlin J, Cohen DD, Cantor C. et al. Biological context net-
works: A mosaic view of the interactome. Mol Syst Biol 2006;2:66.
Hwang S, Kim S, Shin H. et al. Context-dependent transcrip-
tional regulations between signal transduction pathways. BMC
Bioinformatics 2011;12:19. https://doi.org/10.1186/1471-2105-
12-19

G20z aunr Gz uo isenb Aq /6269 18/082+eda/€/92/3911E/q1q/Wwod"dno"dlWwapede//:sdjy Wwoly papeojumoq


https://doi.org/10.1007/978-1-0716-0623-0_21
https://doi.org/10.1007/978-1-0716-0623-0_21
https://doi.org/10.1007/978-1-0716-0623-0_21
https://doi.org/10.1186/s13059-021-02286-2
https://doi.org/10.1186/s13059-021-02286-2
https://doi.org/10.1186/s13059-021-02286-2
https://doi.org/10.1186/s13059-021-02286-2
https://doi.org/10.1038/s41467-023-43120-6
https://doi.org/10.1038/s41467-023-43120-6
https://doi.org/10.1038/s41467-023-43120-6
https://doi.org/10.1038/s41467-023-43120-6
https://doi.org/10.1038/s41592-021-01358-2
https://doi.org/10.1038/s41592-021-01358-2
https://doi.org/10.1038/s41592-021-01358-2
https://doi.org/10.1038/s41592-021-01358-2
https://doi.org/10.1101/gr.279857.124
https://doi.org/10.1101/gr.279857.124
https://doi.org/10.1101/gr.279857.124
https://doi.org/10.1101/gr.279857.124
https://doi.org/10.1093/bib/bbad359
https://doi.org/10.1093/bib/bbad359
https://doi.org/10.1093/bib/bbad359
https://doi.org/10.1093/bib/bbad359
https://doi.org/10.1093/bib/bbad359
https://doi.org/10.1038/s41467-022-32111-8
https://doi.org/10.1038/s41467-022-32111-8
https://doi.org/10.1038/s41467-022-32111-8
https://doi.org/10.1038/s41467-022-32111-8
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1101/2023.04.14.536833
https://doi.org/10.1038/s41467-023-39608-w
https://doi.org/10.1038/s41467-023-39608-w
https://doi.org/10.1038/s41467-023-39608-w
https://doi.org/10.1038/s41467-023-39608-w
https://doi.org/10.1038/s41467-023-39608-w
https://doi.org/10.1016/j.celrep.2019.08.077
https://doi.org/10.1016/j.celrep.2019.08.077
https://doi.org/10.1016/j.celrep.2019.08.077
https://doi.org/10.1016/j.celrep.2019.08.077
https://doi.org/10.1016/j.celrep.2019.08.077
https://doi.org/10.1101/gr.279125.124
https://doi.org/10.1101/gr.279125.124
https://doi.org/10.1101/gr.279125.124
https://doi.org/10.1101/gr.279125.124
https://doi.org/10.1093/bib/bbac563
https://doi.org/10.1093/bib/bbac563
https://doi.org/10.1093/bib/bbac563
https://doi.org/10.1093/bib/bbac563
https://doi.org/10.1093/bib/bbac563
https://doi.org/10.1093/bioinformatics/btaa482
https://doi.org/10.1093/bioinformatics/btaa482
https://doi.org/10.1093/bioinformatics/btaa482
https://doi.org/10.1093/bioinformatics/btaa482
https://doi.org/10.1093/bioinformatics/btaa482
https://doi.org/10.1093/bioinformatics/btab370
https://doi.org/10.1093/bioinformatics/btab370
https://doi.org/10.1093/bioinformatics/btab370
https://doi.org/10.1093/bioinformatics/btab370
https://doi.org/10.1093/bioinformatics/btab370
https://doi.org/10.1002/advs.202200045
https://doi.org/10.1002/advs.202200045
https://doi.org/10.1002/advs.202200045
https://doi.org/10.1002/advs.202200045
https://doi.org/10.1186/s13059-022-02629-7
https://doi.org/10.1186/s13059-022-02629-7
https://doi.org/10.1186/s13059-022-02629-7
https://doi.org/10.1186/s13059-022-02629-7
https://doi.org/10.1038/s41586-022-04918-4
https://doi.org/10.1038/s41586-022-04918-4
https://doi.org/10.1038/s41586-022-04918-4
https://doi.org/10.1038/s41586-022-04918-4
https://doi.org/10.1093/nar/gkz204
https://doi.org/10.1093/nar/gkz204
https://doi.org/10.1093/nar/gkz204
https://doi.org/10.1093/nar/gkz204
https://doi.org/10.1093/nar/gkz204
https://doi.org/10.1101/2023.04.26.538432
https://doi.org/10.1101/2023.04.26.538432
https://doi.org/10.1101/2023.04.26.538432
https://doi.org/10.1101/2023.08.23.554489
https://doi.org/10.1101/2023.08.23.554489
https://doi.org/10.1101/2023.08.23.554489
https://doi.org/10.1016/j.patter.2023.100911
https://doi.org/10.1016/j.patter.2023.100911
https://doi.org/10.1016/j.patter.2023.100911
https://doi.org/10.1016/j.patter.2023.100911
https://doi.org/10.1016/j.patter.2023.100911
https://doi.org/10.1016/j.immuni.2019.11.014
https://doi.org/10.1038/s41596-020-0292-x
https://doi.org/10.1093/bioinformatics/btad596
https://doi.org/10.1093/bioinformatics/btad596
https://doi.org/10.1093/bioinformatics/btad596
https://doi.org/10.1093/bioinformatics/btad596
https://doi.org/10.1093/bioinformatics/btad596
https://doi.org/10.1126/sciadv.abf1356
https://doi.org/10.1126/sciadv.abf1356
https://doi.org/10.1126/sciadv.abf1356
https://doi.org/10.1126/sciadv.abf1356
https://doi.org/10.1126/sciadv.abf1356
https://doi.org/10.1038/s42003-023-05283-2
https://doi.org/10.1038/s42003-023-05283-2
https://doi.org/10.1038/s42003-023-05283-2
https://doi.org/10.1038/s42003-023-05283-2
https://doi.org/10.1016/j.csbj.2022.10.028
https://doi.org/10.1016/j.csbj.2022.10.028
https://doi.org/10.1016/j.csbj.2022.10.028
https://doi.org/10.1016/j.csbj.2022.10.028
https://doi.org/10.1016/j.csbj.2022.10.028
https://doi.org/10.1093/nar/gkaa183
https://doi.org/10.1093/nar/gkaa183
https://doi.org/10.1093/nar/gkaa183
https://doi.org/10.1093/nar/gkaa183
https://doi.org/10.1093/nar/gkaa183
https://doi.org/10.1093/bioinformatics/btac036
https://doi.org/10.1093/bioinformatics/btac036
https://doi.org/10.1093/bioinformatics/btac036
https://doi.org/10.1093/bioinformatics/btac036
https://doi.org/10.1093/bioinformatics/btac036
https://doi.org/10.1093/nar/gkab638
https://doi.org/10.1093/nar/gkab638
https://doi.org/10.1093/nar/gkab638
https://doi.org/10.1093/nar/gkab638
https://doi.org/10.1093/nar/gkab638
https://doi.org/10.1093/nar/gkad262
https://doi.org/10.1093/nar/gkad262
https://doi.org/10.1093/nar/gkad262
https://doi.org/10.1093/nar/gkad262
https://doi.org/10.1093/nar/gkad262
https://doi.org/10.1038/s41551-021-00770-5
https://doi.org/10.1038/s41551-021-00770-5
https://doi.org/10.1038/s41551-021-00770-5
https://doi.org/10.1038/s41551-021-00770-5
https://doi.org/10.1186/1471-2105-12-19

14

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

Cesaro et al.

Garcia-Alonso L, Handfield L-F, Roberts K. et al. Mapping the
temporal and spatial dynamics of the human endometrium
in vivo and in vitro. Nat Genet 2021;53:1698-711. https://doi.
0rg/10.1038/541588-021-00972-2

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

Browaeys R, Gilis J, Sang-Aram C. et al. MultiNicheNet: A
flexible framework for differential cell-cell communication
analysis from multi-sample multi-condition single-cell tran-
scriptomics data. BioRxiv 2023. https://doi.org/10.1101/2023.06.
13.544751

Massenet-Regad L, Soumelis V. ICELLNET v2: A versatile
method for cell-cell communication analysis from human
transcriptomic data. Bioinformatics 2024;40:btae089. https://doi.
0rg/10.1093/bioinformatics/btae089

Lagger C, Ursu E, Equey A. et al. scDiffCom: A tool for differ-
ential analysis of cell-cell interactions provides a mouse atlas
of aging changes in intercellular communication. Nat Aging
2023;3:1446-61. https://doi.org/10.1038/s43587-023-00514-x
Liu Q, Hsu C-Y, Li]. et al. Dysregulated ligand-receptor inter-
actions from single-cell transcriptomics. Bioinformatics 2022;38:
3216-21. https://doi.org/10.1093/bioinformatics/btac294

Yang Y, Li G, Zhong Y. et al. scTenifoldXct: A semi-supervised
method for predicting cell-cell interactions and mapping
cellular communication graphs. Cell Syst 2023;14:302-311.e4.
https://doi.org/10.1016/j.cels.2023.01.004

Tsuyuzaki K, Ishii M, Nikaido I. Sctensor detects many-to-
many cell-cell interactions from single cell RNA-sequencing
data. BMC Bioinformatics 2023;24:420. https://doi.org/10.1186/
§12859-023-05490-y

Zhang C, Hu Y, Gao L. Defining and identifying cell sub-
crosstalk pairs for characterizing cell-cell communication
patterns. Sci Rep 2023;13:15746. https://doi.org/10.1038/
$41598-023-42883-8

Baccin C, Al-Sabah ], Velten L. et al. Combined single-cell
and spatial transcriptomics reveal the molecular, cellular and
spatial bone marrow niche organization. Nat Cell Biol 2020;22:
38-48. https://doi.org/10.1038/s41556-019-0439-6

Jakobsson JET, Spjuth O, Lagerstrom MC. scConnect: A method
for exploratory analysis of cell-cell communication based on
single-cell RNA-sequencing data. Bioinformatics 2021;37:3501-8.
https://doi.org/10.1093/bicinformatics/btab245

Armingol E, Baghdassarian HM, Lewis NE. The diversification
of methods for studying cell-cell interactions and communi-
cation. Nat Rev Genet 2024;25:381-400. https://doi.org/10.1038/
$41576-023-00685-8

Oliveira MF, Romero JP, Chung M. et al. Characterization of
immune cell populations in the tumor microenvironment of
colorectal cancer using high definition spatial profiling. BioRxiv
2024. https://doi.org/10.1101/2024.06.04.597233

Chen KH, Boettiger AN, Moffitt JR. et al. Spatially
resolved, highly multiplexed RNA profiling in single cells.
Science  2015;348:2226090.  https://doi.org/10.1126/science.
a2aa6090

Shao X, Lu X, Liao J. et al. New avenues for systemati-
cally inferring cell-cell communication: Through single-cell
transcriptomics data. Protein Cell 2020;11:866-80. https://doi.
0rg/10.1007/513238-020-00727-5

Ma F, Zhang S, Song L. et al. Applications and analytical tools
of cell communication based on ligand-receptor interactions at

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

single cell level. Cell Biosci 2021;11:121. https://doi.org/10.1186/
§13578-021-00635-z

Peng L, Wang F, Wang Z. et al. Cell-cell communication
inference and analysis in the tumour microenvironments
from single-cell transcriptomics: Data resources and compu-
tational strategies. Brief Bioinform 2022;23:bbac234. https://doi.
0rg/10.1093/bib/bbac234

Jin S, Ramos R. Computational exploration of cellular commu-
nication in skin from emerging single-cell and spatial tran-
scriptomic data. Biochem Soc Trans 2022;50:297-308. https://doi.
0rg/10.1042/BST20210863

Bridges K, Miller-Jensen K. Mapping and validation of scRNA-
Seq-derived cell-cell communication networks in the tumor
microenvironment. Front Immunol 2022;13:885267. https://doi.
org/10.3389/fimmu.2022.885267

Wang X, Almet AA, Nie Q. The promising application of cell-
cell interaction analysis in cancer from single-cell and spatial
transcriptomics. Semin Cancer Biol 2023;95:42-51. https://doi.
0rg/10.1016/j.semcancer.2023.07.001

Wang S, Zheng H, Choi JS. et al. A systematic evaluation of the
computational tools for ligand-receptor-based cell-cell inter-
action inference. Brief Funct Genomics 2022;21:339-56. https://
doi.org/10.1093/bfgp/elac019

Luo J, Deng M, Zhang X. et al. ESICCC as a systematic com-
putational framework for evaluation, selection, and integra-
tion of cell-cell communication inference methods. Genome Res
2023;33:1788-805. https://doi.org/10.1101/gr.278001.123

Liu Z, Sun D, Wang C. Evaluation of cell-cell interaction meth-
ods by integrating single-cell RNA sequencing data with spatial
information. Genome Biol 2022;23:218. https://doi.org/10.1186/
$13059-022-02783-y

Zhang C, Gao L, Hu Y. et al. RobustCCC: A robustness eval-
uation tool for cell-cell communication methods. Front Genet
2023;14:1236956. https://doi.org/10.3389/fgene.2023.1236956
Xie Z,Li X, Mora A. A comparison of cell-cell interaction predic-
tion tools based on scRNA-seq data. Biomolecules 2023;13:1211.
https://doi.org/10.1038/s41467-022-30755-0

Schiebinger G, Shu J, Tabaka M. et al. Optimal-transport analy-
sis of single-cell gene expression identifies developmental tra-
jectories in reprogramming. Cell 2019;176:928-943.e22. https://
doi.org/10.1016/j.cell.2019.01.006

Nagai JS, T, Schaub MT. et al. scACCorDiON: A clustering
approach for explainable patient level cell cell communica-
tion graph analysis. Bioinformatics 2025;41:btaf288. https://doi.
org/10.1093/bioinformatics/btaf288

Stoeckius M, Hafemeister C, Stephenson W. et al. Simultaneous
epitope and transcriptome measurement in single cells. Nat
Methods 2017;14:865-8. https://doi.org/10.1038/nmeth.4380
Peterson VM, Zhang KX, Kumar N. et al. Multiplexed quantifi-
cation of proteins and transcripts in single cells. Nat Biotechnol
2017;35:936-9. https://doi.org/10.1038/nbt.3973

Cao J, Cusanovich DA, Ramani V. et al. Joint profiling of chro-
matin accessibility and gene expression in thousands of single
cells. Science 2018;361:1380-5. https://doi.org/10.1126/science.
aau0730

Li Y, Ma L, Wu D. et al. Advances in bulk and single-
cell multi-omics approaches for systems biology and pre-
cision medicine. Brief Bioinform 2021;22:bbab024. https://doi.
0rg/10.1093/bib/bbab024

Buenrostro JD, Wu B, Litzenburger UM. et al. Single-cell chro-
matin accessibility reveals principles of regulatory variation.
Nature 2015;523:486-90. https://doi.org/10.1038/nature14590

G20z aunr Gz uo isenb Aq /6269 18/082+eda/€/92/3911E/q1q/Wwod"dno"dlWwapede//:sdjy Wwoly papeojumoq


https://doi.org/10.1038/s41588-021-00972-2
https://doi.org/10.1038/s41588-021-00972-2
https://doi.org/10.1038/s41588-021-00972-2
https://doi.org/10.1038/s41588-021-00972-2
https://doi.org/10.1038/s41596-024-01045-4
https://doi.org/10.1038/s41596-024-01045-4
https://doi.org/10.1038/s41596-024-01045-4
https://doi.org/10.1038/s41596-024-01045-4
https://doi.org/10.1101/2023.06.13.544751
https://doi.org/10.1093/bioinformatics/btae089
https://doi.org/10.1093/bioinformatics/btae089
https://doi.org/10.1093/bioinformatics/btae089
https://doi.org/10.1093/bioinformatics/btae089
https://doi.org/10.1093/bioinformatics/btae089
https://doi.org/10.1038/s43587-023-00514-x
https://doi.org/10.1038/s43587-023-00514-x
https://doi.org/10.1038/s43587-023-00514-x
https://doi.org/10.1038/s43587-023-00514-x
https://doi.org/10.1038/s43587-023-00514-x
https://doi.org/10.1093/bioinformatics/btac294
https://doi.org/10.1093/bioinformatics/btac294
https://doi.org/10.1093/bioinformatics/btac294
https://doi.org/10.1093/bioinformatics/btac294
https://doi.org/10.1093/bioinformatics/btac294
https://doi.org/10.1016/j.cels.2023.01.004
https://doi.org/10.1016/j.cels.2023.01.004
https://doi.org/10.1016/j.cels.2023.01.004
https://doi.org/10.1016/j.cels.2023.01.004
https://doi.org/10.1016/j.cels.2023.01.004
https://doi.org/10.1186/s12859-023-05490-y
https://doi.org/10.1186/s12859-023-05490-y
https://doi.org/10.1186/s12859-023-05490-y
https://doi.org/10.1186/s12859-023-05490-y
https://doi.org/10.1186/s12859-023-05490-y
https://doi.org/10.1038/s41598-023-42883-8
https://doi.org/10.1038/s41598-023-42883-8
https://doi.org/10.1038/s41598-023-42883-8
https://doi.org/10.1038/s41598-023-42883-8
https://doi.org/10.1038/s41556-019-0439-6
https://doi.org/10.1038/s41556-019-0439-6
https://doi.org/10.1038/s41556-019-0439-6
https://doi.org/10.1038/s41556-019-0439-6
https://doi.org/10.1093/bioinformatics/btab245
https://doi.org/10.1093/bioinformatics/btab245
https://doi.org/10.1093/bioinformatics/btab245
https://doi.org/10.1093/bioinformatics/btab245
https://doi.org/10.1093/bioinformatics/btab245
https://doi.org/10.1038/s41576-023-00685-8
https://doi.org/10.1038/s41576-023-00685-8
https://doi.org/10.1038/s41576-023-00685-8
https://doi.org/10.1038/s41576-023-00685-8
https://doi.org/10.1101/2024.06.04.597233
https://doi.org/10.1101/2024.06.04.597233
https://doi.org/10.1101/2024.06.04.597233
https://doi.org/10.1126/science.aaa6090
https://doi.org/10.1007/s13238-020-00727-5
https://doi.org/10.1007/s13238-020-00727-5
https://doi.org/10.1007/s13238-020-00727-5
https://doi.org/10.1007/s13238-020-00727-5
https://doi.org/10.1186/s13578-021-00635-z
https://doi.org/10.1186/s13578-021-00635-z
https://doi.org/10.1186/s13578-021-00635-z
https://doi.org/10.1186/s13578-021-00635-z
https://doi.org/10.1186/s13578-021-00635-z
https://doi.org/10.1093/bib/bbac234
https://doi.org/10.1093/bib/bbac234
https://doi.org/10.1093/bib/bbac234
https://doi.org/10.1093/bib/bbac234
https://doi.org/10.1093/bib/bbac234
https://doi.org/10.1042/BST20210863
https://doi.org/10.1042/BST20210863
https://doi.org/10.1042/BST20210863
https://doi.org/10.1042/BST20210863
https://doi.org/10.3389/fimmu.2022.885267
https://doi.org/10.3389/fimmu.2022.885267
https://doi.org/10.3389/fimmu.2022.885267
https://doi.org/10.3389/fimmu.2022.885267
https://doi.org/10.1016/j.semcancer.2023.07.001
https://doi.org/10.1016/j.semcancer.2023.07.001
https://doi.org/10.1016/j.semcancer.2023.07.001
https://doi.org/10.1016/j.semcancer.2023.07.001
https://doi.org/10.1016/j.semcancer.2023.07.001
https://doi.org/10.1093/bfgp/elac019
https://doi.org/10.1093/bfgp/elac019
https://doi.org/10.1093/bfgp/elac019
https://doi.org/10.1093/bfgp/elac019
https://doi.org/10.1093/bfgp/elac019
https://doi.org/10.1101/gr.278001.123
https://doi.org/10.1101/gr.278001.123
https://doi.org/10.1101/gr.278001.123
https://doi.org/10.1101/gr.278001.123
https://doi.org/10.1186/s13059-022-02783-y
https://doi.org/10.1186/s13059-022-02783-y
https://doi.org/10.1186/s13059-022-02783-y
https://doi.org/10.1186/s13059-022-02783-y
https://doi.org/10.1186/s13059-022-02783-y
https://doi.org/10.3389/fgene.2023.1236956
https://doi.org/10.3389/fgene.2023.1236956
https://doi.org/10.3389/fgene.2023.1236956
https://doi.org/10.3389/fgene.2023.1236956
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1016/j.cell.2019.01.006
https://doi.org/10.1016/j.cell.2019.01.006
https://doi.org/10.1016/j.cell.2019.01.006
https://doi.org/10.1016/j.cell.2019.01.006
https://doi.org/10.1016/j.cell.2019.01.006
https://doi.org/10.1093/bioinformatics/btaf288
https://doi.org/10.1093/bioinformatics/btaf288
https://doi.org/10.1093/bioinformatics/btaf288
https://doi.org/10.1093/bioinformatics/btaf288
https://doi.org/10.1093/bioinformatics/btaf288
https://doi.org/10.1038/nmeth.4380
https://doi.org/10.1038/nmeth.4380
https://doi.org/10.1038/nmeth.4380
https://doi.org/10.1038/nmeth.4380
https://doi.org/10.1038/nbt.3973
https://doi.org/10.1038/nbt.3973
https://doi.org/10.1038/nbt.3973
https://doi.org/10.1038/nbt.3973
https://doi.org/10.1126/science.aau0730
https://doi.org/10.1126/science.aau0730
https://doi.org/10.1126/science.aau0730
https://doi.org/10.1126/science.aau0730
https://doi.org/10.1126/science.aau0730
https://doi.org/10.1093/bib/bbab024
https://doi.org/10.1093/bib/bbab024
https://doi.org/10.1093/bib/bbab024
https://doi.org/10.1093/bib/bbab024
https://doi.org/10.1093/bib/bbab024
https://doi.org/10.1038/nature14590
https://doi.org/10.1038/nature14590
https://doi.org/10.1038/nature14590
https://doi.org/10.1038/nature14590

101.

102.

103.

Advances and challenges in cell-cell communication inference | 15

Kamimoto K, Stringa B, Hoffmann CM. et al. Dissecting
cell identity via network inference and in silico gene
perturbation. Nature 2023;614:742-51. https://doi.org/10.1038/
$41586-022-05688-9

Bravo Gonzéalez-Blas C, De Winter S, Hulselmans G. et al
SCENIC+: Single-cell multiomic inference of enhancers and
gene regulatory networks. Nat Methods 2023;20:1355-67.
https://doi.org/10.1038/s41592-023-01938-4

Li Z, Nagai JS, Kuppe C. et al. sScMEGA: Single-cell multi-omic
enhancer-based gene regulatory network inference. Bioinforma
Adv 2023;3:vbad003. https://doi.org/10.1093/bioadv/vbad003

104.

105.

106.

Badia-i-Mompel P, Vélez Santiago J, Braunger J. et al. decoupleR:
Ensemble of computational methods to infer biological activ-
ities from omics data. Bioinforma Adv 2022;2:vbac016. https://
doi.org/10.1093/bioadv/vbac016

Aebersold R, Mann M. Mass-spectrometric exploration of pro-
teome structure and function. Nature 2016;537:347-55. https://
doi.org/10.1038/nature19949

Farr E, Dimitrov D, Schmidt C. et al. MetalinksDB: A flexible
and contextualizable resource of metabolite-protein interac-
tions. Brief Bioinform 2024;25:bbae347. https://doi.org/10.1093/
bib/bbae347

© The Author(s) 2025, Published by Oxford University Press. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and

reproduction in any

Briefin
https: 7
Review

medium, provided the original work is properly cited
s in Bioinformatics, 2025, 26(3), bbaf280
/doi.org/10.1093/bib/bbaf280

G20z aunr Gz uo isenb Aq /6269 18/082+eda/€/92/3911E/q1q/Wwod"dno"dlWwapede//:sdjy Wwoly papeojumoq


https://doi.org/10.1038/s41586-022-05688-9
https://doi.org/10.1038/s41586-022-05688-9
https://doi.org/10.1038/s41586-022-05688-9
https://doi.org/10.1038/s41586-022-05688-9
https://doi.org/10.1038/s41592-023-01938-4
https://doi.org/10.1038/s41592-023-01938-4
https://doi.org/10.1038/s41592-023-01938-4
https://doi.org/10.1038/s41592-023-01938-4
https://doi.org/10.1093/bioadv/vbad003
https://doi.org/10.1093/bioadv/vbad003
https://doi.org/10.1093/bioadv/vbad003
https://doi.org/10.1093/bioadv/vbad003
https://doi.org/10.1093/bioadv/vbad003
https://doi.org/10.1093/bioadv/vbac016
https://doi.org/10.1093/bioadv/vbac016
https://doi.org/10.1093/bioadv/vbac016
https://doi.org/10.1093/bioadv/vbac016
https://doi.org/10.1093/bioadv/vbac016
https://doi.org/10.1038/nature19949
https://doi.org/10.1038/nature19949
https://doi.org/10.1038/nature19949
https://doi.org/10.1038/nature19949
https://doi.org/10.1093/bib/bbae347
https://doi.org/10.1093/bib/bbae347
https://doi.org/10.1093/bib/bbae347
https://doi.org/10.1093/bib/bbae347
https://doi.org/10.1093/bib/bbae347
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/bib/bbaf280

	 Advances and challenges in cell--cell communication inference: a comprehensive review of tools, resources, and future directions
	Introduction
	Ligand-receptor databases and CCC resources
	C&#x200C;CC methods
	Current pitfalls and open issues on cell--cell communication analysis
	Future directions of cell--cell communication analysis
	C&#x200C;CC-catalog
	Conclusions
	Key Points
	Acknowledgements
	Supplementary data
	Funding
	Data availability


