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Abstract: The dynamic and meticulously regulated networks established the foun-
dation for embryonic development, where the intercellular interactions and signal
transduction assumed a pivotal role. In recent years, high-throughput technologies
such as single-cell RNA sequencing (scRNA-seq) and spatial transcriptomics (ST) have
advanced dramatically, empowering the systematic dissection of cell-to-cell regulatory
networks. The emergence of comprehensive databases and analytical frameworks
has further provided unprecedented insights into embryonic development and cell–
cell interactions (CCIs). This paper reviewed the exponential increased CCIs works
related to developmental biology from 2008 to 2023, comprehensively collected and
categorized 93 analytical tools and 39 databases, and demonstrated its practical utility
through illustrative case studies. In parallel, the article critically scrutinized the per-
sistent challenges within this field, such as the intricacies of spatial localization and
transmembrane state validation at single-cell resolution, and underscored the interpre-
tative limitations inherent in current analytical frameworks. The development of CCIs’
analysis tools with harmonizing multi-omics data and the construction of cross-species
dynamically updated CCIs databases will be the main direction of future research.
Future investigations into CCIs are poised to expeditiously drive the application and
clinical translation within developmental biology, unlocking novel dimensions for
exploration and progress.

Keywords: cell–cell interactions; embryo; mother-to-fetus binding interface

1. Introduction
Cell–cell interactions (CCIs) is an intricate progress by which a ligand secreted by a cell

(including proteins, metabolites, and small molecule compounds) binds to its own, adjacent,
or distant cell surface receptors, which will activate a series of biochemical processes in
the target cell, causing it to exhibit a specific biological trait or response [1–3]. CCIs
assumed a pivotal role during embryonic development by constructing the transmission
of signal flows through diverse mechanisms. In accordance with the origin and range
of signaling molecules, four recognized CCIs modes have been proposed: endocrine
(hormones and other signaling molecules are transported to distant target cells via the
circulatory system), paracrine (signaling molecules diffuse to nearby target cells), synaptic
transmission (neurotransmitters are released into the synaptic cleft to act on subsequent
neurons or effectors), and autocrine (secreted signaling molecules act on the cells that
secrete them or cells of the same type). Moreover, these CCIs modes can be further
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delineated into chemical signal transduction, cell membrane surface contact, and CCIs
gap junctions, which correspond to direct and indirect signal transduction pathways,
respectively (Figure 1A). During the embryonic development of multicellular organisms,
these four modes orchestrate the flow of signals through intricate and dynamic networks,
constituting a defining feature of multicellular life forms [4].
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ing cellular functions. Earl Wilbur Sutherland Jr. identified cyclic adenosine monophos-
phate (cAMP) as a second messenger, elucidating a fundamental mechanism of CCIs sig-
nal transduction [8]. Osamu Shimomura’s discovery of green fluorescent protein (GFP) 
revolutionized molecular biology by enabling real-time visualization of CCIs’ dynamics 

Figure 1. CCIs types and statistics of recent studies. (A) Schematic of the main modes and
mechanisms of CCIs. (B) Historic events in CCIs research. A retrospective summary of key events in
the development of CCIs up to the present day. This review provides information on historical events.
(C) Distribution of published papers in different field categories of CCIs in developmental research,
2001–2025 (the data are percentages). (D) Statistics on the number of annual published papers in the
field of developmental research in CCIs, 2001–2025. Colors are only used to distinguish bars to assist
in chart analysis and have no other meanings.

Although modern biology has extensively elucidated the diverse modalities of CCIs
and their pivotal roles in multicellular organisms, these insights were not achieved
overnight. Over nearly two centuries of rigorous scientific inquiry, researchers have continu-
ously refined our understanding of CCIs through a series of groundbreaking discoveries. In
the 19th century, Matthias Jakob Schleiden and Theodor Schwann’s cell theory established
the fundamental principle that cells constitute the basic structural and functional units of
life [5]. Shortly thereafter, Rudolf L.K. Virchow advanced the field with cellular pathology,
emphasizing that diseases originate from pathological alterations at the cellular level [6].
Paul Ehrlich’s side-chain theory further unveiled the molecular mechanisms by which
cells recognize external signals, laying the conceptual foundation for developmental and
molecular biology [7]. With the advent of the 20th century, the rapid evolution of biochem-
istry and molecular biology facilitated the discovery of key molecules governing cellular
functions. Earl Wilbur Sutherland Jr. identified cyclic adenosine monophosphate (cAMP) as
a second messenger, elucidating a fundamental mechanism of CCIs signal transduction [8].
Osamu Shimomura’s discovery of green fluorescent protein (GFP) revolutionized molecular
biology by enabling real-time visualization of CCIs’ dynamics [9]. Simultaneously, Edwin
G. Krebs and Edmond H. Fischer characterized protein kinases, revealing the central role
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of phosphorylation in CCIs’ signaling networks [10]. This was further expanded by Martin
Rodbell and Alfred G. Gilman, who uncovered the G protein-mediated signaling pathway,
significantly advancing our comprehension of cellular communication mechanisms [11].
Entering the 1990s, a new wave of discoveries further refined the landscape of CCIs’ re-
search. James E. Darnell, George Stark, and Ian Kerr delineated the JAK-STAT signaling
pathway, demonstrating how cytokine-mediated signal transduction directly regulates gene
expression [12]. Concurrently, the Human Genome Project (HGP) provided an unprece-
dented genomic perspective on CCIs, paving the way for advances in systems biology and
precision medicine [13]. In the 21st century, technological breakthroughs have propelled
CCI research into new dimensions of precision and complexity. Andrew Fire and Craig
Mello introduced RNA interference (RNAi), a transformative mechanism for gene silencing
and regulation, which opened novel avenues for genetic and therapeutic research [14].
Mark Krasnow and Stephen Quake pioneered single-cell transcriptomics, enabling high-
resolution analysis of gene expression at the individual cell level [15]. In parallel, Patrik
Ståhl and Joakim Lundeberg spearheaded the development of spatial transcriptomics,
which integrates spatial context into transcriptomic profiling, offering unprecedented
insights into tissue architecture and cellular microenvironments [16] (Figure 1B).

Collectively, these landmark discoveries have not only shaped our current under-
standing of CCIs but also provided a robust foundation for advancements in biomedicine,
immunology, neuroscience, and developmental biology. As research continues to push
the boundaries of CCIs, these foundational discoveries serve as cornerstones for future
scientific innovation.

In the past 25 years, these studies cover the fields of cell biology, molecular biology,
biochemistry, genetics, and developmental biology, highlighting the broad interdisciplinary
potential of CCIs (Figure 1C). CCIs’ research in the context of developmental biology has
attracted more attention, and the number of relevant publications has increased year by
year, especially in the past ten years (Figure 1D). Collectively, investigation and research
show that CCIs provide core insights into developmental biological regulatory mechanisms
driven by data and drives future research in this field.

This paper systematically collates 39 databases and 93 analysis tools related to CCIs
between 2019 and 2025, trying to interpret the development process and future research
direction of CCIs in the field of developmental biology in recent years. We list the major
data types and algorithmic frameworks used in CCI studies, including methods based
on bulk RNA sequencing (bulk RNA-seq), single-cell RNA sequencing (scRNA-seq), and
spatial transcriptome (ST) sequencing data. The key steps of these algorithms (such as data
processing, interaction network definition, modeling, and validation) are comprehensively
compared below. Finally, this article meticulously explores the complex applications and
enduring challenges of CCIs within the realm of developmental biology and presented
a forward-thinking outlook on the evolution of data analysis methodologies, along with
the development of next-generation databases and analytical tools. Future investigations
into CCIs are poised to expeditiously drive the application and clinical translation within
developmental biology, unlocking novel dimensions for exploration and progress.

2. Research Status of CCIs
2.1. Application of High-Throughput Sequencing Technology

CCIs are essential in developmental biology, key for cell differentiation, prolifera-
tion, organogenesis, and functional maturation. From 2008, bulk RNA-seq dominated for
quantifying tissue or cell-population RNA expression. However, its failure to distinguish
individual cell-type transcriptional profiles limited CCIs research. ScRNA-seq has trans-
formed the field. By providing single-cell resolution gene expression data, it reveals cellular
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heterogeneity and interaction complexity, offering new insights into how CCIs impacts
developmental biology [17,18].

By way of illustration, Vento-Tormo et al. [19] utilized scRNA-seq to analyze 70,000 placen-
tal and maternal cells during early pregnancy, uncovering cellular characteristics and immune
interaction networks at the placental–decidual interface, providing important insights into
how CCIs during embryonic development maintains pregnancy. Similarly, Li et al. [20] em-
ployed scRNA-seq to investigate the communication networks between distinct germ layers
during embryogenesis, elucidating how specific cytokine–receptor interactions guide cell fate
determination and organ differentiation in the early stages of development. Building on prior
research, another study demonstrated how signal transduction between diverse cell types
during Drosophila wing development regulates cell proliferation and differentiation via the
JAK/STAT and Notch pathways, ultimately resulting in the formation of functionally special-
ized wing structures [21]. In plant development research, Shahan et al. [22] applied scRNA-seq
to analyze CCIs in Arabidopsis root tip meristematic tissues and discovered how cell type
specific communication patterns regulate root growth and differentiation processes at different
developmental stages.

Researchers can use scRNA-seq data to identify embryonic tissue’s cellular compo-
sition and interactions, revealing cell type roles in development [20,23]. Also, the same
cell type shows different gene expression profiles across tissues, highlighting the tissue
microenvironment’s impact on cellular states [24]. However, scRNA-seq lacks spatial
info, making it hard to track cell origins and interpret CCIs. To address this, ST emerged,
allowing accurate cell positioning. Yuan et al. used ST on mouse somatosensory and
visual cortices, finding complex interactions between cell types crucial for signal regulation,
emphasizing CCI’s role in tissue function [25].

Spatially resolved transcriptomics is groundbreaking for studying biological processes
like mammalian embryogenesis. But current ST limitations in resolution, gene capture, and
field of view restrict its use on large, three-dimensional late pregnancy embryos [26]. To
overcome this, researchers developed Stereo-seq, combining DNA nanosphere arrays with
in situ RNA capture for enhanced spatial omics resolution. Stereo-seq created the mouse
organogenesis spatiotemporal transcriptome atlas (MOSTA), offering single cell resolution
and high sensitivity for mapping mouse organogenesis transcriptional changes. This
comprehensive atlas can greatly advance our understanding of normal and pathological
mammalian development affected by CCIs [27].

2.2. Databases and Tools Related to CCIs
2.2.1. Database Related to CCIs

With the continuous refinement of databases encompassing protein–protein and
ligand–receptor interactions, a robust foundation of prior knowledge has been established
for advancing CCIs analysis. These databases primarily include data on both simple and
complex ligand–receptor interactions, receptor–transcription factor relationships, and other
relevant interactions across human and mouse species. Additionally, specialized reposito-
ries, such as MACC [28], curate metabolic information pertinent to CCIs. The advent of
these prior knowledge databases significantly enhances the accuracy and interpretability
of CCIs analyses. Tools such as CellTalkDB [29], CellChatDB [30], and CellPhoneDB [31]
exemplify how these resources facilitate the systematic investigation of CCIs. By integrat-
ing prior knowledge with multidimensional data—such as bulk RNA-seq, scRNA-seq,
and ST—researchers can unravel intricate CCIs’ networks, uncovering pivotal regulatory
mechanisms that govern embryonic development. The review provides a comprehensive
conclusion of commonly utilized databases for CCIs analysis (Table 1), offering a valuable
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resource for methodological guidance. Supplementary Table S1 further expands on this by
presenting an extensive array of resources to support future study in related fields.

Table 1. CCIs database.

Data Type Database Name Note

Ligand–receptor pair database

celltalkDB [29], cellphoneDB [31], KEGG [32],
cellchatDB [30], Cellinker [33], NicheNet [34],

Gene Ontology [35], ICELLNET [36],
singlecellsignalR [37], Omnipath [38],

DLRP [39], CCIDB [40], Cell-Cell Interaction
Database [41], Reactome [42],

connectomeDB [43], IUPHAR-DB [44],
CITEdb [45], Cellcall [46], CellCommuNet [47],
IUPHAR/BPS Guide to Pharmacology [48], A

draft network of ligand–receptor-mediated
multicellular signalling in human [49],
PlantPhoneDB [50], FlyPhoneDB [51],

InterCellDB [52]

We will provide detailed key features and
innovative points, as well as website

information, for each database in
Supplementary Table S1, respectively.

Protein–protein interaction database

HPRD [53], HPMR [54], PICKLE [55],
APID [56], IntAct [57], Pathway

Commons [58], The Human Protein
Atlas(HPA) [59], UniProt [60], STRING [61],

BioGRID [62], Mapping the human membrane
proteome [63], GPS-prot [64], Wiki-pi [65],

iHOP [66]
Metabolite database MACC [28]

2.2.2. CCIs’ Tools and Analysis Process

The exponential proliferation of high-throughput sequencing data, coupled with the
cumulative experimental accretion of prior knowledge regarding ligand–receptor interac-
tions, has propelled the in-depth decipherment of CCI mechanisms in a remarkable fashion.
However, a decisive challenge remains: how to effectively integrate sequencing data with
ligand–receptor interactions’ information to systematically elucidate CCIs’ networks and
dynamic regulatory mechanisms in developmental biology. This paper meticulously col-
lates and comprehensively summarizes the extant CCI analysis tools (Table 2), proffering
invaluable technical guidance and a robust methodological framework for surmounting
the aforementioned challenges. For detailed information, refer to Supplementary Table S2.
The classic process of identifying CCIs’ patterns is as follows (Figure 2):

1. Data collection and preprocessing: Collect sequencing data such as 10× Genomics,
CEL seq, Smart seq, and MARS seq from databases such as NCBI, SpatialDB, and National
Genomics Data Center.

2. Data preprocessing: Apply tools such as Seurat [67], Scanpy [68], and
Cell2location [69] to preprocess the downloaded sequencing data (such as quality
control analysis, batch removal analysis, etc.) [17,40].

3. Annotate cell types: (1) Operate tools such as scCATCH [70], ScMap [71], and
SinglR [72] to annotate cell clusters. (2) Identify cell types by combining databases such as
CellMarker2 [73], Human Cell Atlas [74], and annotation of cell types [75]. (3) Manually
annotate and recognize cell types. (4) Annotate cell types using existing tools or platforms,
and then manually adjust cell identity [70,71,76,77].

4. Construction and prediction of CCIs’ network: Currently, the vast majority of tools
for constructing communication networks rely on pre-built prior knowledge databases,
and their analysis methods include co-expression analysis, network analysis, expression
permutation detection, and tensor algorithms. For instance, CellPhoneDB [31] calculates
the cell state specificity of ligand–receptor interactions through displacement testing, while
iTALK [78] identifies highly expressed LRIs through a ranking gene list. In addition,
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CellCall [46] integrates ligand–receptor interactions and transcription factor (TF) activity to
infer CCIs pathways, further improving the analytical methods for CCIs signaling.
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Figure 2. CCI analysis process. (A) Download the required scRNA-seq or ST data from public
databases. (B) Preprocess the downloaded data that have been completed. (C) Apply tools,
databases, or custom methods to annotate cell types on the obtained data expression matrix.
Afterwards, existing or self-built prior knowledge bases can be utilized to construct CCIs’
networks. At the same time, some tools do not require prior knowledge base and use deep
learning methods to infer CCIs’ networks. (D) Calculate CCI strength and select the CCIs
with the highest strength. (E) Significant CCIs for LRI selecting. (F) Result verification and
tool performance comparison, divided into experimental verification, artificial intelligence
verification, and comparison of tools and methods.

Regarding the methods for predicting CCIs, existing research mainly focuses on the
following three directions: (1) constructing an interaction network between CCIs signaling
molecules and receptors, and using graph theory algorithms (such as PageRank) to predict
CCIs relationships (patterns); (2) train machine learning models using Euclidean distance
or Jaccard metric, combined with ST data, to predict the potential physical dependence
between cells; (3) by combining ST data and tracking the dynamic changes in cells during
development, time series models of cells (such as Markov models and ordinary differential
equations (ODE)) are constructed to analyze the temporal and spatial interactions between
cells [79–81].

5. CCIs intensity and differential analysis: After constructing a CCIs network, it is
necessary to further identify the communication intensity between cells or cell autocrine.
At present, the existing scoring methods include binary and continuous scoring. Binary
scoring is based on expression thresholds to identify “active” or “inactive” ligand–receptor
interactions. In contrast, continuous scoring calculates the product of the interacting
proteins’ expression levels, offering a more nuanced measurement. However, it may be
affected by the sparsity of expression data [82–86].
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When there are multiple experimental conditions in the study, over-representation
analysis (ORA) or z-score-based methods can be used to evaluate the significant differences
in CCIs under different conditions, such as scDiffCom [87] and SpatialDM [88] tools can
calculate CCIs differences in scRNA-seq and ST data.

6. Screening for significant LRIs: Applying existing tools to calculate communication
intensity and analyze communication differences under different conditions, scoring inten-
sity thresholds or statistical significance (such as p-value or adjusted p-value) can be set
to screen for important ligand–receptor interactions, receptor–transcription factors, and
metabolites, such as CellChat [89] and scFBA [90].

7. Validation of results and performance assessment of analytical tools: To corroborate
decisive findings related to cell–cell interactions, communication networks, and ligand–
receptor interactions dynamics, researchers can employ experimental techniques such
as fluorescence in situ hybridization (FISH) and immunohistochemistry. Alternatively,
machine learning models can be utilized to validate the analysis results and assess the
contribution of ligand–receptor interactions to CCIs [17]. Furthermore, the performance of
analytical tools can be evaluated by applying multiple tools to the same dataset. For in-
stance, tools like LIANA [91], ESICCC [92], and LIANA+ [93] can be utilized to benchmark
their efficacy and compare the biological significance of the results.

Table 2. CCIs analysis tools.

Tool Type Tool Name Note

Ligand–receptor co-expression and
differential analysis

Cellphonedb [31], CellChat [89], iTALK [78], NATMI [94],
CSOmap [95], NeuronChat [96], scLR [97], scConnect [98],

SingleCellSignalR [37], ICELLNET [36], TraSig [99],
TimiGP [100], NICHES [101], CCInx [102], Scriabin [103],

ScSeqComm [104], Celltalker [105], dsCellNet [106],
ScDiffCom [87], LRLoop [107], SPRUCE [108]

We will provide detailed key features and
innovative points, as well as website

information, for each tool in
Supplementary Table S2, respectively.

Network analysis

NicheNet [34], Connectome [109], MDIC3 [110],
CLARIFY [111], Giotto [26], CellAgentChat [112],

cytotalk [113], exFINDER [114], SoptSC [115], SCENIC [116],
ProximID [117], FlowSIg [118]

Spatial distance and
proximity analysis

SpatialCorr [119], SpaOTsc [120], BATCOM [121],
COMMOT [122], SpaTalk [123], STcomm [124], SpaCET [125],

CCPLS [126], CINS [127], RNA-Magnet [128], spaCI [129],
SpatialDM [88], stLearn [130], MESSI [81], ScHOT [131],

Squidpy [132], CellNeighborEX [133]

Traditional machine learning and
deep learning

DeepCCI [134], CytoCommunity [135], LR Hunting [136],
NetPhosPan [137], GCNG [138], Neighbor-seq [139],

HiVAE [140], DeepTalk [141], scMultiSim [142],
RobustCCC [143], HoloNet [144], GraphComm [145],

DeepLinc [146], CellEnBoost [147], ScTenifoldXct [148],
SVCA [149], DIISCO [150], ISCHIA [151]

Metabolic models and
energy balance

scFBA [90], scFEA [152], COMPASS [153], MEBOCOST [154],
MISTy [155]

Tensor decomposition and
matrix decomposition

ScTensor [156], Tensor-cell2cell [157], scITD [158],
NCEM [159], DiSiR [160]

TF and signaling pathway analysis

CellCall [46], CellComNet [161], CCCExplorer [83],
Cell2cell [162], Commpath [163], ScMLnet [164],

FunRes [165], TimeTalk [166], Domino [167], CellComm [168],
DcjComm [169]

Multiple combination methods COMUNET [170], BulkSignalR [171], PyMINEr [172],
CrossTalkeR [173], stMLnet [174]

Comparative evaluation of cell
communication tools ESICCC/CCCbank [92], LIANA [91], LIANA+ [93]

Analysis platform InterCellar [175], TALKIEN [176]
Analyze cell communication under

various conditions MOFAcell [177], DIALOGUE [178]



Int. J. Mol. Sci. 2025, 26, 3997 8 of 21

3. Effects of CCIs on Embryonic Development
The CCIs network serves as the fundamental regulatory architecture in the embryonic

development of complex multicellular organisms, coordinating key events in the early
stages of embryogenesis and fine-tuning cellular functions at the spatial and temporal
resolution at the molecular level. Multiple models of CCIs networks synergistically sus-
tains the order and homeostasis indispensable for normal embryonic development. The
highly dynamic and spatiotemporally specific regulation within the CCIs network is of
paramount importance for unraveling the intricate mechanisms underlying embryonic
development (Figure 3). Therefore, studying the mechanisms and regulation of CCIs is
essential for understanding the fundamental processes of embryonic development and
disease progression, as well as for advancing clinical research and therapeutic applications.
In the following sections of this chapter, we will introduce the role of CCIs in different
stages of early embryonic development and maternal fetal interaction interface.
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Figure 3. Effects of CCIs on early embryonic development. Early embryonic development begins
with fertilization, where the sperm and egg unite to form a zygote. Through successive divisions, the
embryo enters the zygotic genome activation (ZGA) stage, progresses to the blastocyst stage, and
ultimately implants into the uterus. During this process, the inner cell mass retains pluripotency,
under the influence of CCIs, it can differentiate into other tissues or organs. CCIs occur frequently
during early embryonic development, playing a crucial role in signaling pathways by regulating
small molecules and profoundly influencing developmental processes.

3.1. Fertilization and Zygotic Genome Activation (ZGA)

The fusion of sperm and egg represents the first pivotal event orchestrated by CCIs
during early embryonic development. Studies have demonstrated that, during the process
of sperm–egg binding, the proteins Izumo1, Space6, and Tmem81 on the sperm surface
assemble into a trimeric complex. This complex interacts specifically with Juno and CD9
proteins on the egg surface, forming a highly selective protein–protein interaction. This
interaction constitutes a critical step in facilitating successful gamete fusion, ensuring the
fidelity and efficiency of fertilization [179].

Following successful fertilization, CCIs continue to play a pivotal role in shaping sub-
sequent stages of early embryonic development, particularly during the critical transition
from the fertilized egg to the ZGA stage. ZGA represents a fundamental turning point
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in embryogenesis, signifying the comprehensive activation of the zygotic genome and
the onset of autonomous regulation of gene expression by the embryo [180]. During the
ZGA stage, the degradation of maternal mRNA and the transcription of zygotic genes are
orchestrated by a series of intricately regulated signaling pathways. Studies have revealed
that both autocrine and paracrine signals significantly influence zygotic genome activation
by modulating the expression of key proteins (e.g., TGF-β family members, Dppa2/4) and
transcription factors (e.g., SOX family, Oct4). These signaling molecules engage specific
cell surface receptors to activate CCIs pathways such as BMP, MAPK, and Wnt, thereby
initiating genomic transcription [181]. Concurrently, maternal RNA-binding proteins and
small regulatory RNAs ensure that the activation of the embryonic genome occurs with
precise temporal coordination. This tightly regulated interplay underscores the complexity
of signaling networks required to drive embryonic development [182].

3.2. Blastocyst Formation and Pluripotency Maintenance

As the embryo progresses to the blastocyst stage, CCIs continue to play a pivotal role
in blastocyst formation and successful implantation, marking yet another critical juncture
in embryonic development. During blastocyst stage, the embryo undergoes differentiation
into two distinct cell populations: the inner cell mass (ICM) and the trophectoderm (TE).
Research has demonstrated that CCIs within the embryo is intricately coordinated through
key signaling pathways, including Wnt, Hippo, and MAPK, which regulate blastocyst
morphogenesis and establish cellular polarity. Notably, the Wnt signaling pathway is
instrumental in regulating trophoblast cell differentiation, ensuring their recognition and
adhesion to the endometrium, a crucial process for successful implantation [183]. Simul-
taneously, the Hippo signaling pathway influences the development of the ICM through
paracrine signaling, driving endoderm formation and initiating the early stages of em-
bryonic differentiation [184]. During blastocyst formation, the ICM acquires pluripotency,
enabling it to differentiate into various somatic cell types. CCIs are pivotal in both the
establishment of the ICM and its acquisition of pluripotency. Through direct cell contact
and the secretion of signaling molecules, the ICM modulates the expression of key growth
factors and cytokines, with signaling pathways such as Wnt, BMP, and VEGF collabora-
tively orchestrating cell differentiation and the preservation of pluripotency. Moreover,
transcription factors such as Oct4, Sox2, and Nanog play indispensable roles in the differ-
entiation process of the ICM, ensuring both its self-renewal potential and its capacity for
differentiation [185,186].

3.3. CCIs Between Implantation and Fetus

Throughout early embryonic development, a tightly regulated network of signal
transmission and dynamic CCIs operates between the maternal and fetal systems. When
cells fail to interact correctly or misinterpret molecular signals, this disruption can lead to
various disorders, negatively impacting both maternal health and embryonic development.

The communication between nourishing ectodermal cells and endometrial cells during
implantation is regarded as a pivotal determinant for the successful embedding of the
embryo [187]. Ligands secreted by nourishing ectodermal cells, including members of
the FGF and EGF families, engage with receptors on the surface of endometrial cells
(such as EGFR, FGFR, and VEGFR), orchestrating critical CCIs signaling and adhesion
processes that facilitate embryo implantation [188,189]. Furthermore, emerging studies
have demonstrated that signaling molecules, notably VEGF and IGF, regulate endometrial
angiogenesis through both autocrine and paracrine mechanisms, thereby ensuring an
adequate supply of nutrients and oxygen to the developing embryo. The cascade of
molecular events is essential for embryo survival and plays a crucial role in initiating
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early placental development, supporting continued growth post-implantation [190,191]
(Figure 4A,B). The coordinated action of these signaling molecules is essential for embryonic
survival and plays a fundamental role in early placental development.
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Figure 4. Effects of CCIs at the mother-to-fetus binding interface. (A) The placenta interacts with the
endometrium by secreting small molecules, including cytokines, growth factors, hormones, and VEGF,
to facilitate implantation. (B) At the mother-to-fetus binding interface, key CCIs involve interactions
between luteal cells, immune cells, and trophoblast cells through VEGF secretion, facilitating the
crosstalk between the immune system and trophoblast cells. (C) Trophoblast cells interact with
immune cells through the secretion of small molecules. (D) Immune cells secrete ligands that bind to
receptors on the surface of trophoblast cells, facilitating CCIs. Alternatively, they may first interact
with other immune cells before engaging with trophoblast cells. (E) Anomalies in trophoblast-immune
CCIs may lead to immune cell apoptosis.

In addition to angiogenesis, immune communication between the embryo and the
maternal system represents another critical event during implantation. To prevent immune
rejection, the maternal immune system must adapt to recognize and tolerate the semi-
allogeneic embryo. Nourishing ectodermal cells engage with maternal immune cells by
secreting a diverse array of regulatory factors, including cytokines from the IL family, TGF-
β, and immune modulators such as the HLA, CCL, and CXCL families. These factors work
synergistically to suppress excessive immune responses while maintaining the necessary
immune tolerance required for successful implantation [192,193] (Figure 4C,D). What’s
more, under specific conditions, nourishing ectodermal cells can actively modulate the
maternal immune environment by inducing apoptosis in maternal immune cells, thereby
mitigating potential immune attacks on the developing embryo [194] (Figure 4E). The
results showed the pivotal role of trophoblastic ectodermal cells in establishing immune
balance at the maternal–fetal interface, which is indispensable for placental formation and
the subsequent normal progression of embryonic development.

4. Challenges and Future Directions
(1) Challenges in spatial localization and transmembrane state verification at single-cell

resolution: Accurately determining the spatial localization of cells at single-cell resolution
remains a significant challenge due to the absence of a standardized method. Reliance solely
on sequencing data often lacks the precision required for comprehensive spatial mapping.
Consequently, biological experiments are essential to validate computational predictions
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and enhance the reliability of findings. Addressing these limitations is particularly critical
for elucidating CCIs within complex tissues. The development of robust methodologies
that integrate single-cell resolution spatial localization with functional interaction analysis
remains an urgent and unmet need in the field.

(2) Challenges in integrating multi-omics data: Research on CCIs patterns during embry-
onic development have traditionally relied on the independent analysis of scRNA-seq or ST
data. While some tools, such as CCCExplorer [83], have begun incorporating bulk RNA-seq
data to study CCIs within specific contexts, these approaches remain limited in scope. The
emergence of multi-omics integration methodologies, however, is rapidly gaining traction as
a transformative trend in the field. For instance, Sheikh BN et al. [195] utilized EMBRACE
technology to isolate embryonic brain cells and combined bulk RNA-seq and scRNA-seq data
to construct a comprehensive CCIs atlas during mouse embryonic brain development. This
innovative approach underscored the critical role of CCIs signaling in shaping embryonic
brain development. Additionally, advanced tools such as Deeptalk [141] have demonstrated
the capability to integrate scRNA-seq and ST data, enabling the identification of CCIs at
single-cell resolution and the tracing of cell origins within their native spatial context.

These integrative tools provide profound insights into embryonic development, cell
differentiation, and disease-related immune responses, marking a significant advancement
in the study of complex biological systems. Despite significant advancements, research
tools capable of simultaneously integrating scRNA-seq and ST data remain scarce. In
addition, existing analytical methods are often tailored to specific application scenarios,
limiting their generalizability and broader applicability. Addressing these limitations, the
future development of versatile and adaptive analytical tools that seamlessly integrate
multi-omics data will be crucial. Such advancements will deepen the analysis of CCI
networks while also improving the reliability and reproducibility of results. Ultimately,
these innovations will provide a more holistic framework for understanding the complex
mechanisms underlying embryonic development.

(3) Insufficient diversity modules and cross species data in databases: Currently,
multiple databases related to CCIs established, but there are still significant limitations,
including the following: 1. The absence of functional classification modules for autocrine
and paracrine signaling pathways. 2. An insufficient representation of complex ligand–
receptor interactions data. 3. A lack of visualization tools tailored to analyzing intricate
communication networks. 4. Inadequate capabilities for tracking continuous cellular state
transitions. 5. Limited data coverage for non-model species such as cattle, sheep, and
pigs. 6. An extensive collection of CCIs data with limited precise modules dedicated to
developmental biology research.

Moreover, technological constraints and gaps in prior knowledge have left many
ligand–receptor interactions incompletely characterized or entirely unknown. The result
underscores that building a comprehensive, dynamic, and cross species signaling molecule
database is an important and challenging task, and the updating of the database is still like
the hands of a clock that cannot be stopped.

(4) Insufficient interpretability of analysis results: Existing CCIs tools are mostly
developed using R language >=4.1.0 or Python >= 3.7.0, and common analysis methods
include the following: 1. Gene co-expression analysis based on ligand–receptor interactions
and signaling molecules (such as active factors), relying on high-quality ligand–receptor
interactions logarithmic databases (Table 1). The accuracy and interpretability of this
method depend on the completeness and quality of the data. 2. Calculate the physical
(spatial) proximity between cells using optimal transmission methods and convolutional
neural network models. These methods are applicable to multiple data types and can be
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optimized based on data characteristics, but their disadvantages are high computational
resources and time consumption, and interpretability needs to be improved.

Moving forward, the development of more efficient and interpretable analytical
methodologies will provide researchers with sophisticated tools to deepen our under-
standing of CCIs networks [196]. Concurrently, enhancing the visualization capabilities
of these tools will allow for more intuitive interpretation of analytical outcomes, thereby
increasing their usability and practical application in diverse research contexts.

5. Discussion and Conclusions
In the wake of the precipitous accretion of high-throughput sequencing technologies,

researchers are now enabled to scrutinize the elaborate processes of embryonic devel-
opment from a more all-encompassing and multidimensional vantage point. Among
these processes, CCIs stand as the pivotal mechanism governing embryonic development.
Nonetheless, any aberrations in the communication mechanisms can potentially culminate
in embryonic developmental defects and afflictions, such as congenital malformations or
pregnancy-associated disorders (for instance, placental dysfunction). Consequently, the
integration of multiple sequencing datasets to achieve a more profound comprehension
of CCIs mechanisms has emerged as a contemporary research epicenter, particularly with
respect to deciphering the mechanisms underlying cell coordination and regulation during
embryonic development. This pursuit is primary to uncovering the mysteries of normal
embryonic development and has profound implications for understanding the causes of
developmental disorders and developing novel therapeutic strategies.

Data integration analysis has improved CCIs analysis tools change from core-gene-
expression-based methods to integrate multicell features and spatial location informa-
tion [105,197,198]. Combining various sequencing data allows for macroscopic study of
cell composition in embryonic tissues and reveals single-cell level CCIs dynamics. This
offers a new angle to understand how cells coordinate and precisely regulate functions
during embryonic development.

The innovation in experimental methods has also spearheaded developmental biology
research. Current techniques can analyze not just single-cell CCIs, but also pathways be-
tween multiple cell types, yielding more biologically significant insights into development.
Multi-level data integration enables an understanding of developmental processes from
single-cell to tissue levels. The combined use of computational and experimental methods
has greatly enhanced potential in biomedical and personalized medicine fields.

Numerous studies have demonstrated that the development of datasets applicable
across diverse developmental stages, along with efficient and highly interpretable analysis
tools, is pivotal for conducting in-depth research into CCIs, as well as their functions in
development. Simultaneously, integrating state of the art experimental techniques with
tools for analyzing CCIs can further elucidate the communication mechanisms operative
during development. This expands the body of knowledge in research while providing
deeper and more comprehensive insights for clinical applications, effectively bridging the
gap between basic research and translational medicine.
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