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Abstract

Spatial transcriptomics has significantly advanced
tissue biology and makes it possible to study the
spatial interactions of cells in the microenviron-
ment of complex tissues. However, accurately in-
ferring intercellular communication from these data
remains challenging due to the need to effectively
integrate spatial topology with high-dimensional
gene expression information. To address this chal-
lenge, we propose DAHGT-CCI, a novel method
for inferring intercellular communication from spa-
tial transcriptomics data. By fusing multimodal
heterogeneous features to construct a unified node
representation and introducing a meta-relation-
aware dynamic attention mechanism, DAHGT-CCI
can adaptively learn the weights of edges in the
graph, thereby achieving superior precision and
fine-grained inference of intercellular interactions.
We evaluated the performance of DAHGT-CCI on
six different spatial transcriptomics datasets. In
these benchmarks, DAHGT-CCI outperformed ex-
isting graph-based learning methods and cell-cell
communication inference models.in terms of ac-
curacy, AUROC, recall, and F1 score. These re-
sults demonstrate that DAHGT-CCI can more accu-
rately reconstruct cell communication networks in
complex tissue microenvironments, offering an in-
dispensable computational tool for studying devel-
opmental processes, disease mechanisms, and po-
tential therapeutic targets from a spatially resolved
perspective.

1 Introduction

Cell-cell communication (CCC) serves as a fundamental
regulatory mechanism underpinning diverse biological pro-
cesses, including immune coordination, organ morphogene-
sis, and the maintenance of stem cell niches through com-
plex molecular signaling networks[Su et al., 2024]. Recent
breakthroughs in spatial transcriptomics(ST) have revolution-
ized our ability to systematically dissect tissue heterogeneity
and decode CCC networks([Li ef al., 2023a]. By integrating
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high-resolution gene expression data with spatial coordinates,
ST offers an exhaustive atlas of tissue architecture, enabling
the identification of different cell types, states, and their in-
teractions within tissue microenvironments[Dimitrov et al.,
2022]. This technological breakthrough not only significantly
improves our understanding of organizational heterogeneity
and cellular spatial organization patterns but also provides un-
precedented research perspectives and methodological sup-
port to uncover the molecular mechanisms regulating CCC in
complex biological systems[Asp ez al., 2020].

In contemporary spatial transcriptomics research, accu-
rately <inferring the cell-cell interaction networks that un-
derpin tissue function, development, and disease progres-
sion continues to present considerable obstacles[Peng et al.,
2022]. To address this issue, researchers have proposed sev-
eral calculation methods from different perspectives. For in-
stance, CellphoneDB v3[Garcia-Alonso et al., 2021] lever-
ages spatial information to infer interactions between dis-
tinct cells located within the same tissue microenvironment.
NCEMI[Fischer et al., 2023] employs a probabilistic frame-
work to model the relationships among spatial context, and
gene expression. PSTS[Pham et al., 2023] utilizes spatial
information and gene expression profiles to identify regions
of diverse cell co-localization within tissues, enabling the
characterization of spatially resolved cellular niches. How-
ever, these studies generally overlook heterogeneity within
cell types, modeling distinct cell types as functionally ho-
mogeneous populations without adequately accounting for
potential functional subgroups and dynamic state variations
therein. Although this homogenization-based modeling as-
sumption substantially reduces computational complexity, it
may lead to the loss of critical cell-state-specific interaction
signals, thereby constraining the systematic elucidation of
multicellular coordinated regulatory mechanisms.

In this work, we propose a novel method for cell-cell in-
teraction inference in ST based on a dynamic heterogeneous
graph transformer(DAHGT-CCI). This method characterizes
intercellular communication relationships using a heteroge-
neous graph structure and employs a multi-layer message-
passing mechanism to capture nonlinear associations between
cells. The main contributions of this work can be summarized
as follows:

1) We present a novel paradigm for inferring cell-cell inter-
action in spatial transcriptomics, based on a dynamic hetero-
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geneous graph transformer. Unlike homogeneous graph mod-
els and static heterogeneous graph methods, our approach
employs a meta-relation-aware attention head dynamic allo-
cation mechanism, greatly augments the ability to capture in-
teraction signals within the tissue microenvironment.

2) We propose a multimodal feature fusion method that
generates unified node representations of gene expression
and spatial features for different cell types through type-
specific transformations. This innovative approach effec-
tively addresses the challenge of co-modeling the heteroge-
neous modalities of gene expression and spatial topology in
spatial transcriptomics.

3) Extensive experimental results demonstrate that our
model outperforms state-of-the-art methods across six bench-
mark datasets, highlighting its superior performance and gen-
eralizability.

2 Related Work

The prevailing approaches for inferring CCC using ST data
can be broadly categorized into two main technical pathways:
probabilistic statistical methods and machine learning-based
methods. SpatialDMI[Li et al., 2023b] employs a bivariate
Moran statistical method for hypothesis testing to detect spa-
tially co-expressed ligand-receptor pairs and specific cell sig-
naling pathways. CCPLS[Tsuchiya et al., 2022] utilizes par-
tial least squares regression modeling to calculate a commu-
nication coefficient, serving as a quantitative measure of in-
tercellular communication. Giotto[Dries et al., 2021] esti-
mates the interactions between two cell types by incorporat-
ing known ligand-receptor information. SpaOTsc[Cang and
Nie, 2020] and Commot[Cang er al., 2023] employ collective
optimal transport theory to address complex molecular inter-
actions and spatial constraints, thereby inferring intercellular
interactions.

Recently, graph neural networks have been widely applied
in the construction of intercellular relationships[Armingol et
al., 2024]. Clarify[Blomberg er al., 2023] employs a hierar-
chical graph neural network to infer gene regulatory mecha-
nisms and intercellular interactions. DeepLinc[Li and Yang,
2022] estimates missing distal and proximal interactions us-
ing a deep generative model based on a variational graph au-
toencoder. GCNLA[Yang et al., 2025] proposes an archi-
tecture that integrates graph convolutional networks with a
long short-term memory-based attention mechanism to cap-
ture the structural relationships of cells in spatial contexts,
thereby enabling the inference of cell-cell interactions. In
contrast, OrgaCCC[Feng et al., 2025] employs a dual-branch
orthogonally coupled variational graph autoencoder that per-
forms feature extraction at both the cellular and gene levels.
By maximizing the similarity between reconstructed features
across these levels, OrgaCCC achieves cross-hierarchical in-
formation fusion, which enhances the accuracy of cell-cell
communication inference. VGAE-CCI[Zhang et al., 2025]
leverages a variational graph autoencoder framework to learn
robust cell embeddings by inferring the distribution of latent
node representations, thereby predicting the presence of in-
teractions between cell pairs.

3 Preliminary

In this section, we provide a detailed introduction to the sym-
bolic description and construction in this work.

As mentioned above, ST data capture information about
cell types, gene expression profiles, and spatial coordinates
within the tissue microenvironment using high-resolution
spatial localization techniques. This fundamentally creates
a multi-source knowledge system that integrates molecular
characteristics, cellular attributes, and spatial topological re-
lationships. Heterogeneous graph transformers is a special
graph neural network structure that represents complex bio-
logical systems by defining various node types and heteroge-
neous edge relationships, thereby facilitating topological rep-
resentation and joint modeling of multimodal data.

We developed a heterogeneous directed graph model fo-
cused on the tissue microenvironment, denoted as ¢ =
(V,€). Tt consists of a node set V and a link set £&. Each
node v € V represents a cellular-entity with a spatial loca-
tion, categorized into different cell types based on annota-
tion results. Each edge e € & represents the interaction be-
tween cells. In this work, we define a single edge type for
all edges, representing potential cell-cell interactions inferred
from either ligand-receptor matching or spatial proximity (as
detailed in the edge construction section). This design treats
all inferred interactions uniformly, allowing the model to fo-
cus on capturing patterns across cell types without introduc-
ing additional edge semantics. Moreover, 7 : V — C is the
node type mapping function that map each node to the cell
type. phi : € — R is the link type mapping function. Cell
populations are typically composed of various heterogeneous
cell types, a characteristic that aligns perfectly with the funda-
mental requirements for constructing heterogeneous graphs,
where |C| + |R| > 2. For each edge e = (s,t), s represents
the source nodes and t represents the target nodes. The meta-
relation is denoted as < 7(s), ¢(e), 7(t) >.

4 The Proposed Model

In this section, we innovatively propose a computational
method DAHGT-CCI based on a heterogeneous graph trans-
former to systematically analyze the intercellular interaction
network within complex tissue microenvironments(Fig. 1).
The framework consists of four main parts: 1) construction
of cell interaction edges. 2) feature extraction and fusion. 3)
node embedding. 4) link prediction.

4.1 Construction of Cell Interaction Edges

In tissue microenvironments, cells typically engage in inter-
actions through direct contact with neighboring cells, with
most cells capable of establishing communication connec-
tions with multiple adjacent counterparts.(DeepLinc [Li and
Yang, 2022] and VGAE-CCI [Zhang et al., 2025]). To con-
struct the initial adjacency matrix required for cell-cell com-
munication analysis, we propose a computational approach
that integrates spatial proximity with ligand-receptor pairing
relationships. We compiled ligand-receptor interaction data
from seven publicly available databases, encompassing 2,734
mouse L-R pairs and 3,446 human L-R pairs. First, cell pairs
with potential ligand-receptor interactions are identified using
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Figure 1: The dynamic heterogeneous graph transformer architecture of DAHGT-CCI. Gene expression data, cell type information, and
spatial topology were integrated to obtain latent space representations through a feature extraction module. These spatial representations,
along with the relationships between intercellular interactions, were used to construct a heterogeneous graph. A heterogeneous graph neural
network model, utilizing a dynamic multi-head graph attention mechanism, was then employed to probabilistically predict cell communication

pathways.

an established L-R database and ranked by spatial distance.
The top k nearest candidates are selected. If fewer than k
pairs satisfy the L-R matching criterion, the nearest neigh-
boring cells are supplemented based solely on spatial prox-
imity. The final set of interacting cells is defined as the union
of these two subsets. We provide a pseudocode procedure
for constructing the cell-cell interaction dataset(Algorithm 1)
. Cell pairs with known interactions were designated as posi-
tive samples, while negative samples were randomly selected
from pairs lacking interactions at a 1:1 ratio to ensure class
balance. The entire dataset was subsequently split into train-
ing, validation, and test sets in a 70%:10%:20% ratio to facil-
itate model training and evaluation.

4.2 Feature Extraction and Fusion

We conducted a quality assessment of the raw gene expres-
sion matrix, identifying highly variable genes while remov-
ing low-quality cells and outlier samples to ensure data relia-
bility. Subsequently, normalization was performed to obtain
the matrix F, € RN:xDin  Fyrthermore, the nodes in the
graph also include spatial location information F,, € RNt*2,
The inherent heterogeneity among the node types requires
different representations of characteristics in cellular popula-
tions. Consequently, we designed specific linear transforma-
tion matrices to map the gene expression features Iy of each
node type into a d-dimensional shared latent feature space
Ty € R, which can be formulated as follows:

A= WO O L0 eee ()

The transformation standardizes the dimensionality of the
gene expression features across distinct cell types. X, repre-
sents the transformed gene expression feature matrix.

Next, we employ a multilayer perceptron (MLP) com-
posed of three fully connected layers to non-linearly trans-
form low-dimensional spatial coordinates into a high-

dimensional latent space which can be formulated as xj(f) =

MLP( fpc))7 Ve € C. Each layer of MLP can be represented
as h(l+1) = o(W; - h;+ b;). W and b; represent the weight
matrix and bias term of the i-th layer respectively. The di-
mensionality of this latent space is aligned with that of the
gene expression features x,, € R%, ensuring compatibility for
downstream multimodal integration and analysis.

Finally, we integrate the processed gene expression fea-
tures and spatial coordinate features through feature concate-
nation, resulting in a unified node representation:

Fused_z'® = [Xéc) & Xlgc)],Vc eC 2)

4.3 Node Embedding

We employ a heterogeneous graph transformer method based
on dynamic head allocation for the node embedding. HGT in-
troduces a heterogeneous attention mechanism that dynami-
cally adjusts feature projections and attention weight distribu-
tions for different types of nodes and edges, thereby enhanc-
ing the capture of multi-level semantic information within
heterogeneous graphs. The attention mechanism is defined
as follows:
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Algorithm 1 Cell Interaction Construction Algorithm

Require: ¢ € C: The set of all cells. g € G: The set of Gene
expression. [ € L: Ligand gene set. » € R: Receptor
gene set. LR: Ligand-receptor relationship set. D: Cell
distance matrix.

Ensure: S;: The set of interacting cells of cell ¢;.

1: for each ¢; € C do
2 SR ={c;|3g€G,NL,3r e LR(g)NGy,i # j}

3: Sz'LR* = topy, (SiLRv Dij)

4 if SER* < k then

5: SNN = {¢c;lj € argmin g ser- j2; Dij, |SNN| =
k— S/}

6: S; = SER*G, U SNN

7. else

8: S; = Sk

9: endif

10:  for each ¢; € S; do

11: cell_map (¢;,¢j) =1

12:  end for

13: end for

Attentionger (s, e, t) =

Softmazx( ||
VseN(t) i€[l,h]

ATT-head' (s, e,t))

ATT-head' (s, e, t) =

% ATT i T HA(7(s),9(e),7(t))
K'(s LL t e —

Ki(s) = K-Lineari(s)(H(l_l)[s])
Q) = Q-Lineari(t)(H(Z_l)[t]) 3)

For the i-th attention head, a linear projection
K-Linear? R? — R#% is employed to map the
features of the source node to the i-th key vector K*(s).

Similarly, the same operation is performed on the target
node using Q—Linear:(t). This allows each type of node to

have a unique linear projection. In HGT, each edge type is
associated with a distinct edge matrix, enabling the model
to accurately capture the diversity of different semantic
relationships. For each target node, the model collects all
relevant attention vectors from its neighboring nodes and
subsequently normalizes them, dynamically adjusting the
contributions of different neighbors.

However, there is a significant disparity in the number of
different cell types and their interactions within the tissue mi-
croenvironment. Fixed-head attention mechanisms struggle
to accommodate this unbalanced interaction pattern, leading
to the neglect of low-frequency critical relationships or the
overfitting of high-frequency redundant relationships. To ad-
dress this, we introduce a dynamic head selection strategy
that adaptively allocates the number of attention heads based
on meta-relations, enabling the dynamic identification of key

relationships. The following parameters are calculated for
each meta-relation r:

Count the occurrences of each meta-relation across the
training subgraph:

freq(r) =

Calculate the average out-degree of all source nodes, the
average in-degree of all target nodes, and the sparsity of edges
under each meta-relation:

Counts(r)
Nedges

“4)

1
fdeg,src(r) = |£T| Z Degout(s) 5
(Svt)6£7‘
1
fdeg,tgt(r) = m Z Degm(t) (6)
(S’t)eE’V‘
(4

fsparsity(r) =1-— !V (7)

X |VT t |

The statistics ff’reqa fdeg,src: fdeg,tgt and fsparsity are
computed exclusively on the training subgraph to avoid leak-
age from validation or test datasets. Each feature was normal-
ized and concatenated, followed by a MLP composed of two
fully connected layers to obtain the statistical feature vector:

gr = MLP(COHCCLt(‘]T'fTem fdeg,srca .]’Fdeg,tgtu .}V'Sparsity))
(®)

We utilize the Gumbel-Softmax function to approximate
the allocation of discrete attention heads:

4 g(3)
cap(‘0mst o)

o =

e ©)
Zle exp(glogmjgrl)

Dynamically adjust the attention head through «,., where
Attention;(s, e, t) represents the output of the i-th attention
head:

H

D Attention(s, e, t) = Z ol?) . Attention;(s,e,t) (10)

i=1

The dynamic message-passing process in heterogeneous
graphs is analogous to the dynamic attention mechanism.
Specifically, for each edge, the model selects the correspond-
ing projection matrix based on the type of meta-relation, map-
ping the features of the source node and target node into the
same semantic space. The output of the message passing
process is also subjected to a weighting procedure. This ap-
proach mitigates the distributional differences among various
types of nodes and edges. The process can be formally ex-
pressed as follows:

| MSG-head'(s,e,t)
1€[1,h]

MSG-head' (s, e,t) = M—Lineari(s) (H=D [s])W%ﬁG

Messagegar(s, e, t) =

H
DMessage(s, e, t) = Z o) . Message;(s, e, t)
i=1

(1)
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The computed attention vectors serve as weighting coeffi-
cients, allowing averaging of corresponding messages from
the source nodes. This process results in an updated vec-
tor H® [t] that aggregates information from all neighboring
nodes, which possess various feature distributions to the tar-
get node:

HY[t) = @ (DAttention(s,e,t)
VseN(t) (12)

- DMessage(s, e, t))

Finally, the vector of the target node is mapped back to
its type distribution using a linear projection A-Linear, ),

incorporating a residual mechanism to update vector HO [t]:

HO[t] = A-Linear, i (o(HO[H])) + HEVE] (13)

4.4 Link Predictor

The role of the link predictor is to forecast the likelihood
of interaction between two nodes based on their features.
Through node representation learning, the edge feature for
edge e = (s,t) is generated based on the representations of
the source and target nodes:

he = Concat(H(s), H(t)) (14)

The h, is fed into a two-layer MLP, which outputs a scalar
representing the probability of edge existence. After incorpo-
rating the dynamic allocation mechanism for attention heads,
the overall loss function includes both the task loss and reg-
ularization terms. The regularization terms comprise both
a sparsity regularization component Lgp,s. and a diversity
regularization component L g;,:

‘Ctotal = Etask + Alﬁsparse + )\2£div (15)

We employed binary cross-entropy as the task loss, which
can be formulated as:

£task: -
1 16
oy Y lueoloi) + (1 y)ionCl o) 1o

Lsparse represents the sparsity regularization component,
which encourages the model to reduce the number of active
attention heads:

Esparse - Z Z (&7 () log + 6)) (17)

reR =1

Lai, represents the diversity regularization component,
which prevents multiple heads from focusing on the same re-
lational entities:

Lain = Z |cos(W,?, W]Q)| (18)
i#g
S Experiment

In this section, we conducted extensive experiments to evalu-
ate the effectiveness of DAHGT-CCI.

5.1 Datasets

We conducted extensive experiments on six benchmark ST
datasets: seqFISH+[Eng et al., 2019], Stereo-seq[Chen et al.,
20221, Seq-scopelCho et al., 2021], MERSCOPE|Colbert et
al., 2023], CosMx[Williams et al., 2023], Xenium[Umek et
al., 2025]. Table 1 presents the statistics of the datasets, in-
cluding the number of nodes, edges, features, and node types.

Datasets Nodes | Features | Node types
seqFISH+ 913 10000 9
Stereo-seq 22817 17944 17
Seq-scope 1647 21738 7
MERSCOPE | 71381 | 550 12

CosMx 464126 | 1000 18

Xenium 162628 | 17943 9

Table 1: Statistics of Datasets.

5.2 Experimental setup details

All experiments were conducted on a Dell PowerEdge
R940xa server equipped with 3 NVIDIA A100 GPUs. Re-
garding model configuration, the neighborhood graph for
cells was constructed using a fixed K value of 5 in the K-
nearest neighbors algorithm. The initial number of dynamic
attention heads was set to 8, with adaptive allocation based
on meta-relation statistical features. The hidden layer dimen-
sion was 128, and regularization coefficients were configured
/\1 = 0.1and )\2 = 0.05.

5.3 Evaluation of the model

To systematically evaluate the model’s comprehensive per-
formance on spatial transcriptomics data, this study employs
four core metrics: accuracy (ACC), recall, F1-score, and area
under the receiver operating characteristic curve (AUROC).
These metrics have become established as standard evalu-
ation frameworks in the field of bioinformatics, enabling a
multifaceted assessment of the model’s predictive capabili-
ties.

5.4 Experimental Results

We systematically evaluated the performance of six
graph neural network models(GCN[Jiang er al., 2019],
GAT[Velic¢kovi¢ et al., 20171, GraphSAGE[Hamilton er al.,
2017], HAN[Wang et al., 2019], HGNILv et al., 2021],
HGTILi et al., 2024]) in predicting cell-cell communication
across six ST datasets, employing accuracy (ACC), area un-
der the receiver operating characteristic curve (AUROC), Re-
call, and F1-score as evaluation metrics(Table 2). Statistical
significance was assessed using independent-samples t-tests,
with a significance threshold of p < 0.01. The experimental
results demonstrate that our proposed DAHGT-CCI method
significantly outperforms existing benchmark models on all
datasets, effectively capturing complex relationships and het-
erogeneity inherent in the data. In the seqFISH+ dataset,
characterized by limited cell numbers and lower sequencing
quality, most baseline models exhibited suboptimal perfor-
mance (GCN achieved ACC, AUROC, recall, and F1-score
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Dataset Metics GCN  GAT _ GraphSAGE HAN HGN HGT DAHGT-CCT
ACC 6427 7183 6546 TA12 7654 7793 8374
wqrisHe  AUROC 6781 7804 68.53 7906 8047 83.84 87.63*
Recall 6314 7062 64.25 73.08 7526 7657 83.16%
Fl-score 6193 69.57 63.04 71.84 7406 7537 79.84%
ACC 7684 8372 7957 8126 8543 87.56 90.14%
Stereoseq  AUROC  80.64 8657 8238 8479 8846 90.67 92.83*
Recall 7546 8247 78.18 7987 84.17 8638 88.64%
Flscore 7428 8126 7697 78.69 8300 8518 87.46*
ACC  68.14 7594 T3.87 7708 78.60 $2.76 86ATF
Seqscope  AUROC 7206 8037 78.94 8258 8837 86.59 90.78%
Recall  66.83 7458 7247 7579 7748 8149  85.07%
Flscore 65.64 7328 71.19 7459 7629 8028 83.69%
ACC 7204 7948 76.18 7839 8159 8379 87.84%
AUROC 7779 83.89 80.49 8250 8579 8829 91.37%
MERSCOPE = pecall 7158 78.19  74.89 7709 8029 82.59 86.18*
Fl-score 7039 7698 73.69 7589 79.09 8139 .85.08%
ACC 7459 8110 7798 7079 8330 8549 88.79%
CosMx AUROC 7928 8519 82.09 83.69 87.09 89.59  93.49*
Recall 7329 79.89 76.69 7849 82.00 840 87.79%
Flscore 7209 78.69 7539 7719 8079 8298 86.39%
ACC 7549 8208 79.09 §1.40 8500 8749 91.09%
i AUROC 8039 8649 83.59 8520 83.69 9139 94.59%
Recall  74.19 8150 78.69 80.09 8379 86.19 89.79%
Flscore 7298 8039 77.39 7889 8250 8493 87.29%

Table 2: Performance comparison of different models on six standard datasets. The note* means our model significantly outperforms the

baselines based on t-test.

of 64.27%, 67.81%, 63.14%, and 61.93%, respectively). In
contrast, DAHGT-CCI, leveraging its dynamic heterogeneous
graph modeling and feature enhancement mechanisms, at-
tained relative performance improvements of 7.4%-30.2% in
ACC, 4.5%-29.2% in AUROC, 8.6%—-31.7% in recall, and
5.9%-28.9% in F1-score (where relative performance is de-
fined as the performance gap divided by the baseline perfor-
mance). Notably, DAHGT-CCI excelled in the remaining five
high-resolution datasets, surpassing 80% in ACC, AUROC
and recall, and 75% in F1-score. These outcomes underscore
the model’s pronounced advantages in integrating spatial fea-
tures and cross-modal information. Further analysis of base-
line performances revealed that heterogeneous graph models
generally surpassed homogeneous counterparts, with HGT
emerging as the second-best baseline in all datasets except
Seq-scope. This finding further validates the critical role of
explicitly modeling cell-type-specific interactions in enhanc-
ing representational capacity for cell-cell communication in-
ference.

We conducted a systematic comparison of DAHGT-
CCI with the current mainstream cell-cell interaction infer-
ence methods, DeepLinc, GCNLA, OrgaCCC and VGAE-
CCI(Fig. 2). All four methods construct cellular neighbor-
hood graphs based solely on spatially adjacent spots, without
incorporating ligand-receptor interaction information. To en-
sure a fair comparison, we adhered to the same underlying
assumptions and likewise employed the K-nearest neighbors
algorithm to build the neighborhood graph. Spatially adjacent
cell pairs were designated as positive samples, while nega-

100+
90+
Q
o
=
80+
< —=— DeepLinc
—o— GCNLA
—4— OrgaCCC
70 —— VGAE-CCI
DAHGT-CCI

sequSH+ Sterel]-seq Seq-;cope MERéCOPE Ca;Mx Xel;ium
Figure 2: Comparison of DAHGT-CCI with DeepLinc, GCNLA,
OrgaCCC, VGAE-CCI and DAHGT-CCI on six datasets.

tive samples were randomly selected at a 1:1 ratio, thereby
generating the dataset for subsequent analyses. All meth-
ods were implemented using their default parameter settings,
and performance was evaluated based on four metrics: ACC,
AUROGQ, recall, and F1-score. Across six large-scale spatial
transcriptomics datasets generated by diverse technologies,
DAHGT-CCI consistently and significantly outperformed all
existing methods in inferring spatial cell-cell interactions. It
achieved an average AUROC of 91.78%, representing relative
improvements ranging from 1.65% to 3%, with particularly
pronounced gains on the Stereo-seq, Seq-scope, and MER-
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Description seqFISH+ Stereo-seq  Seq-scope MERSCOPE  CosMx Xenium

LAH 84.34+0.67 91.37+0.49 87.62+£0.54 89.02+0.61 89.86+0.33  91.73+0.27

SPM 72.124+0.83 84.35£0.65 79.86+£0.72 81.2840.68  83.15£0.79 83.82+0.88

SLM 85.91+0.58 91.68+0.38 88.61+£0.47 90.35+0.42  91.06+£0.29 92.31+0.19

DAHGT-CCI  87.63£0.42 92.83+0.54 90.78+0.38 91.37£0.44  93.49+0.40 94.59+0.37

Table 3: Ablation experiments on six datasets.
SCOPE datasets. These results underscore the effectiveness —s=— seqFISH+
and robustness of DAHGT-CCI in complex cell-cell commu- 1.00 - —e— Stereo-seq
nication inference tasks. —a— Seq-scope
0.98 - —v— MERSCOPE
Ablation Study 0.96 - CosMx
: Xenium
To systematically validate the theoretical contributions of key O 0.941 A
components in the model architecture, this study designed e — _ N
three sets of control experiments to assess functionality across Y 0.92 - —e
the following dimensions: (1) LAH: fixing the activation at- -
tention heads to limit their dynamic adjustment capabilities. <€ 0.90
(2) SPM: enforcing a shared projection matrix for all node 0.88 -
types to eliminate parameter variability specific to heteroge- ) v —
neous graph structures. (3) SLM: reducing the MLP in the 0.86 - //
link prediction module to a single-layer linear mapping. All
comparative experiments maintained consistent hyperparam- 0.84 -—— T T T
3264 128 256 512

eter settings and were evaluated using the AUROC metric.
Ablation experiments indicate that each core component sig-
nificantly impacts model performance(Table 3). Enforcing
a shared projection matrix resulted in the most substantial
performance decline, with an average AUROC decrease of
4.97%. This effect was particularly pronounced in the hetero-
geneous Seq-scope and Xenium datasets, where the AUROC
decreased by 5.47% and 5.62%, respectively, underscoring
the importance of type-specific projections for handling het-
erogeneous graphs. Ablation experiments employing fixed
attention heads resulted in a performance decline of 2.17% to
3.08%, underscoring the critical role of the dynamic attention
mechanism in maintaining accuracy. Simplifying the MLP
classifier resulted in a performance loss of 1.34% to 2.38%,
indicating the necessity of deep nonlinear transformations for
capturing complex cellular communication patterns.

Parameter Analysis

Fig. 3 illustrates the impact of varying the dimensions of the
hidden layer on the performance of the DAHGT-CCI. The ex-
perimental results indicate that as the embedding dimension
of the hidden layers gradually increases from its initial value,
the AUROC metric on the test set initially increases before
subsequently decreasing. At a dimension of 32, the AUROC
for the seqFISH+ and Stereo-seq datasets were 85.17% and
89.83% with the highest values achieved at a dimension of
128. As the dimensionality continues to increase, the AU-
ROC in the test set decrease, which may be attributed to over-
fitting. When the dimensionality is further increased to 512,
the performance were 87.20% and 91.94%, respectively. As
the dimensionality increases from 32 to 512, the AUROC ex-
hibits fluctuations. Similarly, we obtained comparable results
across the other four datasets.

Figure 3: Parameter experiments of different datasets. The x-axis
represents the dimensions of the hidden layers, while the y-axis de-
picts the AUROC values. We assessed the impact of hidden layer
dimensions of 32, 64, 128, 256 and 512 on the model’s discrimina-
tive performance.

6 Conclusion

In this paper, we proposed a dynamic heterogeneous graph
transformer method tailored for inferring CCC networks from
ST data(DAHGT-CCI). By modeling cellular interactions as
heterogeneous graphs with multimodal features, our method
effectively integrates gene expression profiles, spatial coor-
dinates, and cell-type annotations to capture cell-cell inter-
actions. Extensive experiments across six benchmark ST
datasets demonstrated the superiority of DAHGT-CCI over
state-of-the-art methods. By bridging computational innova-
tion with biological discovery, DAHGT-CCI paves the way
for deeper exploration of cellular ecosystems in health and
disease.

While the proposed method has demonstrated the effective-
ness of cell communication inference across various datasets,
the increasing size of large-scale datasets presents significant
memory and processing demands, which may hinder its appli-
cation in resource-limited environments. In future work, we
plan to extend the method to incorporate temporal dynamics
and multi-omics integration, while developing lightweight or
distributed training strategies to improve scalability on mas-
sive datasets.
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