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Abstract— Spatial transcriptomics analysis methods of-
fer an opportunity to investigate highly diverse biological
tissues. Cell-cell communication is fundamental for main-
taining physiological homeostasis in organisms and coor-
dinating complex biological processes. Identifying cell-cell
interactions is critical for understanding cellular activities.
The interaction of a cell with other cells depends on several
factors, and most of the existing methods that consider
only gene expression information of neighbouring cells and
spatial location information are somewhat limited. In this
paper, we propose a hetwork architecture based on graph
convolution network and long short-term memory attention
module-GCNLA, which contains graph convolution layer,
long short-term memory network, attention module, and
residual connections. GCNLA not only learns the spatial
structure of cells but also captures interaction information
between distal cells, the attention module further extracting
and enhancing features related to cell-cell interactions.
Finally, the inner product decoding calculates the cosine
similarity, which is used to infer cell-cell interactions. In
addition, GCNLA is capable of reconstructing the complete
cell-cell interaction network. The experimental results on
seqFISH and MERFISH demonstrate that the GCNLA net-
work structure has better robustness and noise immunity.
The potential features learned by GCNLA enable other
downstream analyses, including single-cell resolution cell
clustering based on spatial information resolving cell het-
erogeneity.

Index Terms— Cell-cell interactions, Long short-term
memory, Graph convolution network, Attention.
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[. INTRODUCTION

N biological systems, cells communicate information with

each other by secreting signaling molecules directly or
indirectly [1], [2]. The physical connection and exchange
of information between cells by direct or indirect means is
called cell-cell interactions (CCls) [3]. CCIs can be short-range
contact-dependent interactions or can be achieved by secreting
signaling molecules. CCIs co-ordinate the development, home-
ostasis and single-cell functions of organisms [4]. Moreover,
CClIs also influence physiological functions among cellular tis-
sues to some extent [4]. The regulation of CCIs is essential for
maintaining the normal function of tissues and organs, while
their dysregulation may lead to a variety of diseases, including
cancers, autoimmune diseases, and infections [5]-[9]. The in-
tracellular information of individual cells is inextricably linked
to interactions with the multicellular environment [10]—[12].
Therefore, understanding the function of individual cells in
preserving tissue homeostasis and reacting to the surroundings
requires the identification and inference of these connections
[13]. However, due to the complexity and heterogeneity of
CClIs, comprehensively resolving these interactions remains a
challenge.

There have been a number of studies exploring CCls.
For example, Browaeys et al. [14] developed NicheNet, a
method for predicting CCIs mediated by ligand-target linkages
by combining expression data from interacting cells with a
priori knowledge of signal transduction and gene regulatory
networks. Cheng et al. [15] proposed scMLnet, which models
functional intercellular communication and intracellular gene
regulatory networks, to explore the microenvironmental reg-
ulation of SARS-CoV-2 receptor ACE2 expression. Wang et
al. [16] proposed SoptSC, an optimization method based on
similarity matrices, to infer cell-cell communication through
structured inter-cell similarity matrices. Sun et al. [17] discov-
ered the involvement of macrophages and LAMP3+ DCs in
the regulation of T cell activity and interactions with TASCs
based on single-cell RNA sequencing (scRNA-seq). Jin et al.
[18] developed CellChat, which is able to infer and analyses
CCIs networks from scRNA-seq and perform comparative
analyses of CCIs under different conditions. Ma et al. [19]
proposed CellCommuNet, which can provide information on
the strength of CClIs and related signaling pathways, thereby

Authorized licensed use limited to: INDIAN INSTITUTE OF TECHNOLOGY GUWAHATI. Downloaded on October 13,2025 at 14:36:17 UTC from IEEE Xplore. Restrictions apply.

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2025.3572383

IEEE TRANSACTIONS AND JOURNALS TEMPLATE

enabling the exploration of differences in CCIs between nor-
mal and pathological conditions. These methods described
above are basically based on scRNA-seq. Although scRNA-seq
can analyze differences in gene expression at the single-cell
level, revealing cell type heterogeneity [20]-[23]. However,the
spatial location of cells in tissues and the analysis of the
spatial dependency of CClIs cannot be obtained using standard
scRNA-seq [24].

In order to solve the above problems, Spatial Transcrip-
tomics (ST) technology has emerged, which is able to perform
gene expression analysis while maintaining spatial informa-
tion, thereby providing a more effective means to explore
CClIs [25]-[30]. Unfortunately, traditional ST data have a low
resolution of gene expression [31]. Currently, many studies
integrate single-cell transcriptomics with spatial information,
as single-cell transcriptomics provides high-resolution gene
expression profiles, while ST provides information on the
spatial distribution of gene expression, making the two ap-
proaches complementary [32]-[34]. Cang et al. [35] pro-
posed SpaOTsc, a structure-optimized transmission-dependent
method that uses spatial measurements of fewer genes to
recover the spatial properties of scRNA-seq, which in turn
captures intercellular communication in Drosophila embryos.
Dries et al. [36] presented Giotto, which explores CCIs by
combining RNA-seq and ST. Recent advances in spatially
resolved transcriptomics have made it feasible to quantify gene
expression profiles at single-cell or subcellular precision, while
maintaining information about the spatial location of cells
[37]-[40].

CCIs networks often have complex topologies, which con-
tain multiple types of cells and their interaction relationships.
Graph Convolutional Networks (GCNs) are well-suited for
graph-structured data, capturing complex relationships be-
tween nodes and edges [41], [42]. In CClIs tasks, GCNs can
reveal connectivity among cells by leveraging their topological
and feature-based associations [41], [42]. Meanwhile, GCNs
are able to aggregate node features at different scales, includ-
ing local neighborhood features and global graph structure in-
formation, which is crucial for studying CCIs [42]. Currently,
there have been many studies using GCNs to handle CCIs
tasks. Yuan et al. [43] developed GCNG, which encodes spatial
information into graphs and combines it with expression data
to infer interactions between genes via convolutional networks.
Li et al. [44] developed DeepLinc, a graph neural network-
based reconstruction of cellular interaction networks from
single-cell spatial transcriptomics. Bafna et al. [11] proposed
CLARIFY, a multilevel graph autoencoder that uses single-
cell spatial transcriptome data to refine intracellular and ex-
tracellular interactions. Yang et al. [45] proposed DeepTalk,
which resolves spot-based ST data and infer CCIs with graph-
attention network. The studies presented above all used graph-
related networks to construct interaction models, but it is
extremely important to learn the dependencies between cells
and other cells in CCIs in order to reconstruct a more complete
graph of cellular communication [1].

Based on these considerations, we propose a graph au-
toencoder and Long Short-Term Memory (LSTM) attention
framework-GCNLA, which combines GCNs and LSTM net-

works for inferring CCIs. CCIs are constructed as graph
structures, where nodes represent cells and edges represent
interactions. GCNs can effectively capture the spatial depen-
dencies in the graph structure, LSTM modeling of potential
dependency chains associated with CCIs messaging to further
capture relevant features of cellular communication [46]. The
combination of GCNs and LSTM enhances the prediction
of CCIs and improves noise immunity and robustness of
the overall model. At the same time, LSTM introduces the
attention module, which can make the model focus more on ef-
fective information and effectively enhance the computational
efficiency. Therefore, GCNLA is developed to refine CCIs
by analyzing spatial transcriptome data to generate cell-level
representations of potential features, which combine spatial lo-
cation information and single-cell gene expression. To evaluate
the performance, we compare GCNLA with existing methods
in two datasets, and the results show that GCNLA is able
to enhance the robustness and noise immunity of the model
while improving the prediction of CCIs. The contribution of
this paper is as follows:

1. We introduce a LSTM attentional unit that is capable
of extracting distal dependencies of CClIs, and the attention
module further enhances features associated with CCIs. The
combination of GCNs handles the spatial topological relation-
ships of cells efficiently, which makes the potential features
more context-dependent and learns more complex cellular
communication.

2. GCNLA is able to refine the reconstructed CClIs profile
and explore distal CCIs. The reconstructed CCIs network
shows high physiological relevance.

3. We compare GCNLA with other methods aimed at recon-
structing CClIs profiles in seqFISH and MERFISH, confirming
the advantages of GCNLA in inferring CCIs. GCNLA shows
high robustness and noise immunity in inferring CCls.

The structure of this work is organized as follows. Section
IT describes the research methodology, including the GCNLA
architecture, and experimental details. Section III shows the
experimental setup and results. Section IV discusses the im-
plications of the results and the limitations. Finally, Section V
summarizes the study.

Il. MATERIALS AND METHODS

We describe a framework based on graph autoencoders
and LSTM attention networks. The method first constructs
the graph structure, gets the potential feature representation
by GCNs and long short-term attention networks, and finally
trains the model according to the task requirements. The
overall GCNLA network framework is shown in Fig. 1.

A. Cell Graph Construction

In this work, we hypothesized that neighbouring cells in
biological tissues are more likely to interact in certain ways
than distant, randomly chosen non-neighbouring cells. It is
difficult to represent the full range of CCIs by relying only
on distance relationships. We further hypothesize that the
gene expression profile of each single cell contains features
associated with CClIs.
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architecture.

In order to exploit the spatial component of the data, we
determined CClIs based on spatial proximity. Therefore, we
constructed graph structures at cellular level. We consider each
cell to be a vertex of the graph structure, and construct edges of
the graph structure based on a network of spatial connections,
edges connecting cell vertices, i.e., CCIs. We represent the
adjacency matrix used to describe cells and edges as A €

R™e*"e where m. represents the number of cells. If there
is an interaction between cell 7 and cell j, then A;; = 1.
Conversely, if there is no interaction between cell 7 and cell
j, then Ai,j =0.

In order to understand the ability of these genes within a
cell to interact with genes in adjacent cells, we identified genes
that build cell graph using standard ligand-receptor database
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[47]. We used the matrix X to represent the node features of
the graph, which is the gene expression features of each cell
in the graph (i.e., the vertex of the graph). Essentially, matrix
X € R™*fe is essentially gene expression matrix, where 7,
represents the number of cells and f. represents the number
of genes per cell.

Ultimately, the adjacency matrix A and the feature matrix
X together construct the original cellular neighbourhood graph
G, which was used as input data to train our graph network.

B. GCNLA Framework

The adjacency matrix A and the feature matrix X are
fed to GCNLA. GCNLA is a method that combines GCNs
and LSTM attention networks. The first stage of GCNLA is
composed of linear layer, LSTM attention module, and GCNs.
To avoid missing data and retain information from the original
input data, we used skip connection after the graph convolu-
tional network in the first stage. The second stage of training
consists mainly of LSTM attention modules and GCNs. The
feature matrix X are trained through two stages to obtain
the latent representation. GCNs capture features of individual
cells themselves and their neighbours, while LSTM capture
features of cells’ implicit interrelationships with other cells.
In addition, Attention Modules help identify and emphasize
key features, thereby improving the relevance and accuracy
of feature representations. Hence, the latent representation
integrates spatial information and intercellular dependencies.
Subsequently, the decoder performs inner product on the latent
representation to generate a reconstructed CCIs. The model is
optimized according to the reconstruction capability of the cell
adjacency matrix.

On the other hand, the latent representation acquired through
training can represent potential information of cell interaction
landscapes and gene expression profiles, making it useful for
single-cell visualization and clustering tasks.

1) Long Short-Term Memory Attention Module: The LSTM
Attention Module is composed of the LSTM Network and the
Attention Mechanism.

LSTM is a particular kind of recurrent neural network
(RNN) structure [46]. LSTM is improved on traditional RNNs.
LSTM can effectively capture long and short-term dependen-
cies and overcome the limitations of traditional RNNs, such
as the gradient vanishing problem. We feed the linear layer-
processed feature matrix into a two-layer bidirectional LSTM
network to capture the distal dependencies between cells. Each
LSTM layer is composed of multiple LSTM cells, each LSTM
cells is composed of Cell State cs;, Hidden State hs;, and
Gates. The cs; is the memory part of the LSTM network that
is able to maintain dependencies over long periods of time.
The Hidden State hs; is the output of LSTM at each time
step. There are three key gates in the Gates, which are the
Input Gate ig;, the Output Gate og;, and the Forget Gate fg;.
We assume that the input features at time t is x;, which is
computed as follows:

fg9e =0 (Wipxy +big + Wyshs,_1 + bpy) . (1)
igr = 0 (Wigzy + bii + Whihs—1) + bni) - (2)

cgy = tanh (Wigxt +big + Whghsi—1) + bhi) . 3

oGt =0 (Wioxt + bio + Whohs(t—l) + bho) . (4)
csy = fgi © esg—1 +igs © cgy. )
hsy = og; © tanh(csy). (6)

Where cg, represents the Cell Gate, ® is the Hadamard
product, o(-) is the sigmoid activation function, and W
represents the weight. Here, we employ a bidirectional LSTM.

To acquire the hidden state hs, at time ¢, the forward LSTM
— —

hidden state hs; and the backward LSTM hidden state hs; are
horizontally concatenated. The formula is as follows:

— —
hs; = {hshhst} . 7

The hidden states of all the cells are concatenated to obtain
the output features of the LSTM. The LSTM processed fea-
tures are fed into the attention module following the Rectified
Linear Unit (ReLU) activation function. The softmax function
is applied to the feature tensor to generate attention weights,
and these weights are used to multiply the input features
element by element to finally obtain the weighted features. The
features of the ReLU activation function are skip-connected
to the weighted features to obtain the output features of the
LSTM attention module. The formula to calculate the attention
module is as follows:

X1 Attention = ReLU(Xpstm)+

ReLU(Xrstm) X (softmax (ReLU(XLSTM)T))T
®)

Where X1 g7 represents the output features of the LSTM,
X1 Attention represents the output features of the attention
module.

2) GCNs layer: GCNs are a neural network model for
graph-structured data that can learn representations of nodes,
edges, and entire graphs. Therefore, we use GCNs in the
encoding layers of GCNLA.

GCNs are capable of a range of message passing and
integration. The whole can be viewed as a function Z =
f(X, A) with respect to the node features and the adjacency
matrix. GCNs use edges to transfer information between
neighboring vertices after obtaining the vertex features and
adjacency matrix of the graph, which in turn embeds the vertex
features into a more efficient representation Z. It is worth
noting that GCNs can be stacked similarly to convolutional
neural networks. In our model, the message-passing rule for
GCNs is as follows [42]:

Xl =0 (D_UQAﬁ_l/ZXLAnentionW) . (9)

Where X1 Attention represents the final output features
of LSTM Attention Module, o(-) represents an activation
function. Notably, A = A+ I, indicates that a self-looping
adjacency matrix has been inserted, D is the degree matrix of
fl, and W is a trainable weight matrix.
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3) Decoder: We use inner product decoders for the graph
reconstruction task. The inner product decoder is defined as
follows:

A =o(HHT). (10)

Where Z represents the embedding matrix of the node
of the encoder, o(-) represents an activation function. The
inner product decoder calculates the cosine similarity score
for each pair of embedding features. The cosine similarity
score represents the likelihood that an edge exists between two
candidate vertices. Next, a sigmoid function is used to convert
the cosine similarity matrix into a probability representing the
likelihood of the existence of an edge. The adjacency matrix
is reconstructed by capturing the relationships between nodes
in the graph.

C. Training Strategy

In GCNLA, we employ binary cross entropy (BCE) to
construct the loss function. BCE computes the loss between
the predicted and target values, which is a measure of the
difference between the predicted probability distribution and
the true distribution. The BCE loss formula is defined as
follows:

1 n
L(A,A) = —— ZZ A og(AL )]
=1 j=1
+ZZ (1= A ) log(1 = A7, )]
Where A(; ;) represents the ground truth label of the
neighboring edges between cell ¢ and j, A’(i j) Tepresents the
predicted probability score of GCNLA for the edge between
cell 7 and j.

(1)

D. Method'’s Validation

GCNLA infers the interaction probability scores of all cell
pairs and reconstructs CCIs network from pairs with high
probability scores. The cell-adjacency graph is reconstructed
with strong reliability depending on the optimal threshold
determined during training.

We used the initially defined cell adjacency graph as a
positive sample of the CCIs network, and randomly selected an
equal number of non-adjacent cell pairs as a negative sample.
We chose genes labeled as ligand or receptor as feature genes
for used in GCNLA. The positive and negative samples were
randomly divided into 7:3 as training and test sets.

In the primal cell-adjacency graph, edges of different pro-
portions were randomly selected and discarded. The processed
edges were used to train the GCNLA to evaluate the effective-
ness of edge in the reconstructed CCIs network. Meanwhile,
randomly generated different numbers of fake edges added to
the primal adjacency graph were fed into the GCNLA. The
tolerance of GCNLA to noise was evaluated by using the real
existing edges as positive samples and the mixed fake edges
as negative samples.

Previous methods have been used to evaluate the enrichment
or depletion of interactions between or within cell type [44],
[48]. Given the above strategy, we first used reconstructed
CClIs networks to generate distance distributions and determine
thresholds to categorize distal interactions. Subsequently, we
randomly shuffled the reconstructed network 2,000 times to
produce a null distribution of distal interaction profiles based
on the number of different types of CCIs in 2,000 networks.
We calculated P-values by comparing the observed number
of interactions with the null distribution to indicate the fre-
quency with which random values are higher or lower than
the observed values, i.e., specific cell types are enriched or
depleted.

We performed cell clustering using K-Means [49] and
Leiden [50], [51] algorithms. The optimal clustering number
was identified with the Silhouette Score and the Calinski-
Harabasz Score. Furthermore, Uniform Manifold Approxi-
mation and Projection (UMAP) and t-Distributed Stochastic
Neighbor Embedding (t-SNE) were employed for visualization
and dimension reduction.

In this study, we employed accuracy (ACC), precision,
recall, specificity, Matthews correlation coefficient (MCC), and
F1-score as evaluation metrics to evaluate the performance of
GCNLA in inferring CClIs [53], which are defined as follows:

TP+ TN

ACC = . 12
TP+ FP+FN+TN (12)
.. TP
Precision = TP FP (13)
TP
Recall = ———. 14
T TPYFN (14)
i TN
SpeCIﬁCIty = m (15)
MCC — TP xTN —FPxFN
V(TP +FP)(TP + FN)
) (16)
X .
\/(TN + FP)(TN + FN)
Fl-score — 2 x Recall x Precision 17

Recall + Precision

Where T'P stands for true positive, T'N for true negative,
F'P for false positive, and F'N for false negative. The exis-
tence of a cell-cell edge is positive, whereas the absence of
one is negative.

In addition, we used Average Precision (AP) and Area
Under the Receiver Operating Characteristic Curve (AUROC)
to further evaluate the model performance. The AP measures
the performance of the model under all possible thresholds,
the precision-recall curve is a weighted average of the pre-
cision achieved under each threshold, and the AP is the area
under the precision-recall curve. AUROC evaluates the overall
performance of the classification model, which is assessed by
calculating the area under the ROC curve. The horizontal axis
of the ROC curve is 1-specificity, whereas the vertical axis is
recall.

Authorized licensed use limited to: INDIAN INSTITUTE OF TECHNOLOGY GUWAHATI. Downloaded on October 13,2025 at 14:36:17 UTC from IEEE Xplore. Restrictions apply.

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2025.3572383

IEEE TRANSACTIONS AND JOURNALS TEMPLATE

[1l. RESULT

GCNLA combines GCNs, LSTM networks and attention
mechanisms. Briefly, GCNLA learns from single-cell spatial
transcriptomics to generate potential feature representation,
which in turn capture the inherent relationship between gene
expression and CCls.

A. Datasets

The datasets used in our study were two published datasets.
One was the mouse visual cortex using the seqFISH technol-
ogy [54], and the other was from the mouse hypothalamic
preoptic area using the MERFISH technology [55]. Both
datasets are ST data at the resolution of a single cell. The
specifics of each dataset are shown in Table 1.

The seqFISH dataset used in our study was derived from
Zhu et al.’s analysis of scRNA-seq data from the mouse visual
cortex, providing high-precision quantification of 125 genes
in 1,597 cells [40], [54], [56]. The MERFISH dataset of
the mouse hypothalamic preoptic area was selected from the
section at Bregma+0.11 mm of animal No.18, which contained
the highest number of single cells. After removing the fuzzy
cells, the dataset contained 160 genes in 4975 cells [44], [55].

B. Experimental setup

Graph data typically consists of numerous nodes and edges
with a complex structure. GPUs have significant advantages in
handling parallel computations, significantly accelerating the
computational process and improving efficiency. Therefore,
our proposed GCNLA was implemented on the PyTorch
framework on the NVIDIA GeForce RTX 4050 Laptop GPU.
The network employs the Adam optimizer with a learning rate
of 0.001 and an epoch set to 1500.

C. Performance of the GCNLA on the test set

Although there has been some work focused on studying
CClIs such as DeepLinc [44] and CLARIFY [11], which we
have briefly described in the INTRODUCTION section. Both
works also used graph structures. DeepLinc was a variational
graph autoencoder for CCIs reconstruction [44]. CLARIFY
employed a graph autoencoder to enable the reconstruction
and refinement of CClIs [11]. Therefore, our work focuses on
comparisons with DeepLinc and CLARIFY.

We defined the neighborhood graph of cells by based on
adjacent cells at spatial locations. Specifically, each cell with
its five adjacent nearest neighbor cells served as neighboring
cell pairs with potential direct interactions, defined as direct
contacts. In general, it is biologically reasonable to assume
that most cells can be in direct communication with multiple
other cells in real biological tissues [44]. This follows the
same assumptions as in DeepLinc and CLARIFY. Meanwhile,
the Cell Graph for our work was constructed following the
same process as DeepLinc and CLARIFY. We also used spatial
coordinates to calculate the Euclidean distance between cells
to find the K nearest cells based on the Euclidean matrix.
Therefore, we constructed adjacency matrices using the K
nearest neighbour algorithm, which constitutes the adjacency

matrix. We utilized neighboring cells with direct contact as
positive samples to discover transcriptome features associated
with CCls.

We used the edges of cells with interactions as positive
samples. and negative samples were randomly sampled in
a 1:1 ratio to the positive samples to enable learning of
transcriptomic features associated with CCIs. In the process
of training the model, we selected 70% of the edges to
train GCNLA, while the remaining 30% were used as a test
set to assess GCNLA. To evaluate the performance of the
reconstruction, we used AP and AUROC to assess the ability to
reconstruct the edges of the test set during the training period.
The results on seqFISH and MERFISH datasets are shown in
Table II, while the performance was compared with that of
DeepLinc and CLARIFY.

We evaluated the robustness of GCNLA with different edge
partitions by varying the number of test edges. We evaluated
our model using AP and AUROC on seqFISH and MERFISH
datasets. The test edges were divided into 10%, 30%, 50%,
70%, and 90%, and each group repeated the experiment five
times to generate box plots. The results are shown in Fig. 2.
GCNLA outperforms DeepLinc and CLARIFY in all division
test set ratios on the seqFISH and MERFISH datasets. Our
model GCNLA is more robust than DeepLinc and CLARIFY,
according to the results in Fig. 2. Our model is more stable
with different test set division ratios and maintains stable
performance even when trained on less data.

D. Performance of GCNLA in cell-cell interactions and
noise experiments

We introduced false-positive edges and false-negative edges
to the input training graph, in order to evaluate the tolerance
of GCNLA to noise. False positive edges are false edges that
we add at a rate of 0.1 to 0.9 times the input training graph
with known CCIs edges. Meanwhile, false negative edges are
real edges that we remove from the input training graph at a
rate of 0.1 to 0.9 times the known CCIs edges. We trained
GCNLA using these noisy inputs and evaluated the overall
performance on the edge test set in each case. The results are
shown in Fig. 3.

E. Ablation experiments

We performed ablation experiments on the seqFISH and the
MERFISH datasets to verify the efficacy of each module in
GCNLA.

The LSTM network was selected to better handle the
complex high-dimensional data by capturing and learning the
dependencies between cells. To be able to make the LSTM
network more focused on task-relevant features, we introduced
an attention module in LSTM. To evaluate the contribution of
the LSTM and the attention module, we compared the GCNLA
network with a degraded version without the LSTM and the
attention module. In addition, spatial location information is
crucial in CCIs studies, and we used GCNs to construct
graph structures related to cellular spatial neighborhoods, and
extracted inter-cell local and global structural features by
iteratively aggregating neighbor node information. To evaluate
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TABLE |
STATISTICS OF THE DATASETS USED FOR GCNLA.
Method Cell Number | Gene Number | Tissue Reference
seqFISH 1597 125 Mouse visual cortex Zhu, et al., Nature Biotechnology, 2018
MERFISH 4975 160 Mouse hypothalamic preoptic region | Moffitt, et al., Science, 2018
A. Ground truth cell interaction graph  B. Avg. Precision over test edge splits C. AUROC over test edge splits
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Fig. 2. Experimental performance of GCNLA in reconstructing cell-cell interactions. A The spatial transcriptomics dataset with realistic cellular
interaction edges. B Comparison of the AP performance of GCNLA with DeepLinc and CLARIFY on different training/test splits. C Comparison
of the AUROC performance of GCNLA with DeepLinc and CLARIFY on different training/test splits. The horizontal axis represents the test edge

percentage.
TABLE Il F. Reconstructing cell-cell interaction graphs
AP, AUROC, AND AUPRC ARE COMPUTED IN THE TEST SET. THE

BEST PERFORMANCES IN EACH DATASET ARE SHOWN IN BOLD. We compared the reconstructed CCIs network with the
DataSet Model Test Set original CClIs network graph. The CClIs graph reconstructed
AP | AUROC by GCNLA consists of a large difference from the original
DeepLinc [44] | 0.8293 | 0.8028 cell-neighboring network consisting of proximal cells in direct
seqFISH Clarify [11] 0.9130 | 0.9106 contact. GCNLA provides a more comprehensive reconstruc-
GCNLA 0.9557 | 0.9724 tion of the cellular interaction graph through learning a cellular
DeepLinc [44] | 0.8981 | 0.8763 neighborhood graph simply defined by the spatial location in-
MERFISH | Sty (111 | 0.9063 | 0.9064 formation of cells, estimating missing interactions and filtering

GCNLA 2k 0.9256 | 0.9405 potential misconnections.

GCNLA 0.9681 0.9720

We visualized reconstructed CCIs network graphs for lo-
calized regions of different tissues, as shown in Fig. 4A. It
can be noticed from the figure that GCNLA removed a small
the contribution of the GCNs network, we compared the number of initially defined direct CCIs and introduced new
GCNLA network with a degraded version without GCNs. CClIs relationships. Meanwhile, we revealed the capability of

The contribution and importance of each sub-module in GCNLA to reconstruct distal interactions. As shown in Fig.
GCNLA were evaluated with the training and test sets divided 4B and Supplementary file: Fig. S1, the distal interactions

in 7:3 ratio. Table III presents the findings from the ablation ~between neurons in mouse visual cortex seqFISH are demon-
experiments. strated. The enrichment or depletion of certain cell type inter-

actions was assessed by comparison with randomly generated
networks. The reconstructed distal CCIs network has different
cell type patterns. In the mouse visual cortex seqFISH and
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A. Evaluation metrics under different true edge missing ratios
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B. Evaluation metrics under different false egde ratios
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Fig. 3. Experimental performance of GCNLA in the presence of perturbed edge training sets. A Evaluation metrics under different proportions of
missing true edges in the training data. B Evaluation metrics under different proportions of false edges added to the training data.

TABLE Il
EVALUATION RESULTS OF NETWORK STRUCTURE ABLATION EXPERIMENTS ON TWO DATASETS. THE BEST PERFORMANCES IN EACH DATASET ARE
SHOWN IN BOLD.

Dataset Module Test Set
LSTM | Attention | GCNs AP AUROC ACC MCC | Precision | Recall | Specificity | Fl-score
v 0.8583 0.8874 | 0.8524 | 0.7100 0.8143 0.9130 0.7918 0.8608
seqFISH v v 0.9165 0.9271 0.8784 | 0.7600 0.8468 0.9241 0.8328 0.8837
v 0.9498 | 0.9508 | 0.7965 | 0.6386 0.9715 0.6109 0.9821 0.7501
v v v 0.9557 | 0.9724 | 0.9373 | 0.8747 0.9449 0.9292 0.9454 0.9368
v 0.8606 | 0.8624 | 0.8244 | 0.6515 0.7971 0.8704 0.7784 0.8321
MERFISH v v 0.8791 0.9040 | 0.8538 | 0.7094 0.8298 0.8901 0.8174 0.8589
v 09232 | 0.9153 0.7688 | 0.5878 0.9515 0.5664 0.9711 0.7101
v v v 0.9681 0.9720 | 0.9281 | 0.8571 0.9480 0.9056 0.9506 0.9264

mouse hypothalamic preoptic area MERFISH datasets, dis-
tal interactions between neurons were significantly enhanced
(Supplementary file: Fig. S3). In contrast, endothelial cells
showed a reduction in distal connections. This supports the
view that endothelial cells form the endothelial layer in blood
vessels, which in effect influences endothelial interactions
between cells to some extent. In the mouse hypothalamic
preoptic area MERFISH, distal interactions of pericytes re-
constituted by GCNLA were depleted (Supplementary file:
Fig. 3).

G. GCNLA potential cell embedding representation
space refinement

In this section, we evaluated the ability of GCNLA to
the embed input normalized count cell features into potential
feature representations. The cell potential feature represen-
tations obtained from GCNLA were able to better capture
the spatial distribution of cells, which confirming that the
cell potential feature representations from GCNLA were more
spatially relevant.

First, we visualized the pairwise Euclidean distances be-
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Fig. 4. GCNLA reconstructed cell-cell interaction graphs. A Representative tissue sections in the seqFISH and MERFISH datasets of the original
CCls network and the reconstructed CCls network. The red box indicates the interaction of a microglia with other cells. B Example of neuronal

distal interactions in the seqFISH dataset.

tween cells. The heatmap of Euclidean distances is shown in
5A, which represents an n. X n, matrix with the values in row
¢ and column j representing the Euclidean distance between
cell ¢ and cell j. This Euclidean distance was calculated based
on the coordinates of the ST data. As shown in Figs. 5B
and 5C, we generated cell-cell similarity matrices utilizing
latent features from GCNLA and initial normalized count cell
features. In the two situations mentioned above, the matrix
heatmaps are displayeds in Figs. 5B and 5C. The values in

row ¢ and column j in Fig. 5B represent the Euclidean distance
between the initial feature vectors of cell 4 and cell j, while in
Fig. 5C the values represent the Euclidean distances between
the potential feature representations of cell 7 and cell j obtained
from GCNLA. In contrast, the distribution of initial features
is closer to a uniform distribution, while the latent feature
representation obtained from GCNLA reveals an underlying
structure that does not identical to the spatial distribution.

To quantify the results of the spatial refinement further, we
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calculated the Spearman correlation between the cell location
and the initial feature heatmap, as well as the Spearman
correlation between the cell location and the heatmap of the
cell potential features obtained from GCNLA. The results are
presented in Table IV.

TABLE IV
THE SPEARMAN CORRELATION BETWEEN THE INITIAL FEATURE MATRIX,
CELL EMBEDDING AND SPATIAL POSITION. THE BEST PERFORMANCES
IN EACH DATASET ARE SHOWN IN BOLD.

Dataset Region Initial GCNLA
Cell features | Cell embedding

seqFISH | Entire matrix 0.1053 0.2388

Block diagonal 0.2522 0.4474

MERFISH | Entire matrix 0.0348 0.1664

Block diagonal 0.1971 0.2658

H. GCNLA identifies spatial domains

For both seqFISH and MERFISH datasets, we used K-
Means [49] and Leiden [50], [51] algorithms to cluster the
potential feature representations obtained from GCNLA. Each
cluster was defined as a spatial domain, mapped to each single
cell. The results are visualized in Fig. 6A. In addition, UMAP
and t-SNE were employed to minimize dimensionality and
visualize potential features of single cells [52]. The dimension
reduction and visualization results of UMAP and t-SNE in
initial features and potential features of GCNLA are shown in
Figs. 6B, 6C, 6D.

The findings demonstrate the ability of GCNLA to spatially
refine single-cell features by demonstrating the spatial corre-
lation of GCNLA potential feature representations.

IV. DISCUSSION

ST analysis techniques offer unprecedented opportunities to
study highly heterogeneous cellular tissue. Recent develop-
ments in ST have made it possible to explore CClIs utilizing
gene expression data. However, it has always been difficult to
infer CCIs from ST data with comprehensiveness at single-
cell resolution. Currently, ST data is subject to a number
of technical limitations, including low gene coverage, data
sparsity, etc. Thus, there is a need to develop data mining
techniques that are extremely resilient to these technological
constraints.

We introduce GCNLA, a network framework that integrates
graph autoencoder with LSTM attention network. GCNLA is
capable of identify CCIs from ST data at single-cell resolution.
Meanwhile, further downstream analysis could be performed
for features extracted by GCNLA.

In particular, we used the GCNLA model that encodes
intrinsic features of ST data and decodes them according to the
CClIs task. We used two different modes of data integrated with
the cellular neighbor-adjacency matrix of the graph structure
and high-throughput transcriptomic data to construct the cellu-
lar graph structure. First, processing gene expression matrices
through LSTM attention networks can capture intercellular
dependencies while reinforcing key gene expression features.
Next, the enhanced gene expression information, together with
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Fig. 6. Cell re-clustering based on GCNLA potential features defines the spatial domain. A Leiden and K-Means re-clustering using cells with
GCNLA potential features. B The UMAP graph using cells with initial features. C The UMAP graph using cells with GCNLA potential features. D

The t-SNE graph using cells with GCNLA potential features.

the neighbor matrix, is fed into the graph coding layer to
capture the global cell interaction graph structural features and
learn the spatial location information of the cells. Through
extensive testing in real data, GCNLA has shown high effi-
ciency and better performance in inferring CCIs. Thereby, the
effectiveness and reliability of LSTM networks and GCNs in
CClIs tasks were demonstrated.

We evaluated the reconstruction capability of CClIs using
GCNLA by testing the model across different proportions of
the test set. The experimental results with different proportions
of edges in the test set (Fig. 2) show the stabilization of
the model performance by GCNLA even with more edges
in the test set. The anti-noise experiment findings (Fig. 3)
demonstrate that our model GCNLA is more stable with the
addition of false edges than with the loss of true edges. This
further proves that GCNLA is more tolerant to noisy data in
the presence of false edges.

In the local reconstructed CCIs network graphs from se-
gFISH in mouse visual cortex and MERFISH in mouse

hypothalamus preoptic area, microglia acted as a hub cell
demonstrating dense connections with other cells (Fig. 4A).
This finding recapitulates the well-recognized interactions of
microglia with other cell types in the Central Nervous System
[44], [57]. The analysis of distal interactions in the MERFISH
dataset of the mouse hypothalamus preoptic area indicated
a depletion of endothelial cell connections (Supplementary
file: Fig. S3). This supports the view that endothelial cells
form the endothelial layer in blood vessels, which in effect
influences endothelial interactions between cells to a certain
degree. In addition distal interactions of pericytes are depleted,
considering that pericytes embedded in the capillaries base-
ment membranes interact directly with endothelial cells [58].
This affirms with the findings of Li et al. [44] and laterally
further confirms the potential of GCNLA in reconstructing
CClIs profiles.

In the Euclidean heatmap of potential feature representa-
tions versus location distributions obtained through GCNLA
(Fig. 5), we observe that the initial feature distribution is
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essentially uniformly distributed (Fig. 5B). However, the po-
tential feature representation obtained through the GCNLA
model reveals an underlying structure (Fig. 5C), but is does
not identical to the spatial distribution. The reason is that the
location information is not the only information of the poten-
tial feature representation, which integrates gene expression,
CClIs information, etc. To further analyze the potential features
obtained from the coding part of our model, we clustered
the potential feature representations of the cells using the
K-Means and Leiden algorithm, which define each cluster
as a spatial domain, with the results mapped back to each
single cell mapping. The clustering results (Fig. 5A) pro-
vide additional visual confirmation that the potential features
of the GCNLA are clearly spatially clustered into distinct
domains. The dimension reduction and visualization results
of UMAP and t-SNE demonstrate that the potential feature
representations learned by GCNLA have a clearer feature
space structure than the initial features (Figs. 6B, 6C, 6D).
This further demonstrates that the potential features encoded
by GCNLA have stronger intrinsic structure, with promising
applications to other downstream tasks. All of the experimental
results above effectively demonstrate that GCNLA effectively
integrates spatial information with single-cell gene expression,
showing robust capability in reconstructing CCls.

Unfortunately, GCNLA is unable to infer the direction
as well as the strength of CCIs due to the ST data lacks
more specific information. Similar to most models based on
GCNs, GCNLA struggle to effectively interpret the encoded
significant features. The continuous development of ST tech-
nology and breakthroughs in the interpretability of GCNs will
contribute to further improvements of GCNLA in the future.
If more information can be provided in the future, GCNLA
can be further developed by incorporating features including
cell morphology and metabolic profile.

V. CONCLUSION

In this study, we present GCNLA, a graph autoencoder
and LSTM attention network approach, which is a deep data
mining tool designed to infer CCIs from ST data. GCNLA
combines GCNs and LSTM networks to infer CCIs. Our
developed GCNLA model does not rely on prior knowledge
of cell or gene functions. The experimental results in seqFISH
and MERFISH datasets show that GCNLA achieves high effi-
ciency in inferring CCls, while also providing high robustness
and high noise immunity. In addition, the representation of
potential features of CCIs learned by GCNLA enables cell
clustering, identification of spatial domains, which in turn
informs the understanding of tissue structure.
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