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Abstract

Recent advances in spatial transcriptomics have enabled the
integration of gene expression profiles with precise spatial
coordinates, which have facilitated the exploration of tumor
occurrence and development mechanisms, as well as the de-
velopment of more effective targeted and immunotherapy ap-
proaches for tumor treatment. Deciphering cell type repre-
sents a critical challenge in spatial transcriptomics research.
Existing methods are limited by the pervasive “dropout”
events in spatial transcriptomics, hindering their ability to
fully capture the relationship between spatial location and
gene expression, thereby compromising the performance of
cell type deconvolution. To address these limitations, we
propose a spatial-aware masked graph transformer-diffusion
model (SAMGTD) for enhanced cell type deconvolution
in spatial transcriptomics. For spatial transcriptomics, the
masked graph transformer model is designed to adaptively
capture complex dependencies between spatial locations and
gene expression. It employs a masking strategy that guides
the model to focus on important local information during
training, while the multi-head attention mechanism captures
global context. More importantly, the spatial diffusion model
is constructed to achieve the dual enhancement of spatial tran-
scriptomics, including denoising and data imputation. It in-
corporates the multi-head attention mechanism and residual
blocks, effectively addressing the “dropout” issue commonly
encountered in spatial transcriptomics. For scRNA-seq, we
construct a variational autoencoder to reduce noise interfer-
ence while preserving key gene expression information. Fi-
nally, we construct a spatial-aware contrastive learning model
to integrate scRNA-seq and spatial transcriptomics for cell
type deconvolution. Experiments conducted on three datasets
demonstrate that SAMGTD outperforms baseline methods.

Introduction

Tumors are a serious and highly prevalent disease, with
malignant tumors in particular carrying an extremely high
risk of mortality. Currently, tumor treatment consists mainly
of chemotherapy, radiation therapy, and surgical resection.
However, these treatment methods have limitations such
as high side effects and unsatisfactory therapeutic results.
Therefore, researchers have been committed to exploring the
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mechanisms of tumor occurrence and development to pro-
vide more effective targeted and immunotherapy approaches
for tumor treatment.

In recent years, spatial transcriptomics has emerged that
can acquire both spatial location and gene expression in-
formation (Asp, Bergenstrahle, and Lundeberg 2020)(Rao
et al. 2021). This innovative technique has been used to an-
alyze the expression patterns, interaction relationships, and
signaling mechanisms of different cells within the tumor mi-
croenvironment. Through this analysis, the researchers aim
to gain a deeper understanding of the characteristics and pat-
terns of tumors.

Cell type deconvolution is a key task in spatial transcrip-
tomics research. By integrating single-cell RNA sequenc-
ing (scRNA-seq) and spatial transcriptomics, the cell type
composition of each spot can be obtained. Sun et al. pro-
posed a spatial deconvolution algorithm (STRIDE) based
on topic modeling, which used latent Dirichlet allocation to
discover topics from scRNA-seq and achieve cell type esti-
mation (Sun et al. 2022). Biancalani et al. proposed a deep
learning framework (Tangram) based on nonconvex opti-
mization for the alignment of sc/snRNA-seq and spatial tran-
scriptomics data (Biancalani et al. 2021). However, spatial
transcriptomics has a significant number of “dropout” events
compared to scRNA-seq. The above methods are limited by
“dropout”, which has affected the performance of cell type
deconvolution.

To overcome the above limitations, we propose a
spatial-aware masked graph transformer-diffusion model
(SAMGTD) for enhanced cell type deconvolution in spatial
transcriptomics. Firstly, we implement a systematic prepro-
cessing pipeline to ensure robust downstream analysis. Sec-
ondly, we construct the masked graph transformer model to
jointly represent spatial location and gene expression infor-
mation, capturing both local and global features through the
masking strategy and multi-head attention. Thirdly, to over-
come the “dropout” issue, the spatial diffusion model is con-
structed to perform denoising and data imputation for spa-
tial transcriptomics. It incorporates residual blocks and the
multi-head attention mechanism to effectively enhance the
data. Fourthly, the variational autoencoder is constructed to
process scRNA-seq, reducing noise and retaining key infor-
mation. Finally, we construct the spatial-aware contrastive
learning model to integrate scRNA-seq and spatial transcrip-



tomics for cell type deconvolution. Experiments conducted
on three datasets prove that SAMGTD outperforms current
baseline methods.

The main contributions of this paper are as follows:

e We propose a spatial-aware masked graph transformer-
diffusion model (SAMGTD) for enhanced cell type de-
convolution in spatial transcriptomics, which enables in-
tegration of scRNA-seq and spatial transcriptomics while
enhancing spatial transcriptomics data.

We propose the masked graph transformer model de-
signed to adaptively model complex spatial-gene depen-
dencies under sparsity. It employs a masking strategy to
focus on critical local features while leveraging multi-
head attention to capture global features. This dual-scale
context modeling is essential for robust representation
learning.

We propose the spatial diffusion model that addresses the
pervasive “dropout” issue in spatial transcriptomics. The
combination of multi-head attention and residual blocks
within the spatial diffusion model allows for effective
handling of incomplete and noisy data, ensuring better
data enhancement.

we propose the spatial-aware contrastive learning model
that integrates scRNA-seq with spatial transcriptomics,
and evaluate the performance of SAMGTD on three
datasets.

Related Work
Graph Neural Networks

Graph neural networks (GNN), as a core methodology for
processing graph-structured data, have garnered significant
attention in recent years. Scarselli et al. proposed the GNN
framework, which aggregates information from neighboring
nodes and updates the node states to learn low-dimensional
embeddings of graph-structured data (Scarselli et al. 2008).
Kipf and Welling proposed the Graph Convolutional Net-
work (GCN), designing localized filters based on spectral
graph theory and directly incorporating graph structures
into the inter-layer propagation process of neural networks,
which enhances both model accuracy and efficiency (Kipf
and Welling 2016). However, in the task of cell type decon-
volution for spatial transcriptomics, graph neural networks
are still in a critical exploratory stage.

Generative Model for Data Imputation

Data imputation serves as a crucial technique for address-
ing missing data issues, particularly in practical applica-
tions where missing data often impacts model performance
and analysis results. Traditional data imputation methods
(such as mean imputation, regression imputation, etc.) per-
form well in simple scenarios, but generative models demon-
strate greater potential when dealing with complex data dis-
tributions. Generative models learn the latent data distribu-
tion to generate new sample data. Common generative mod-
els include Generative Adversarial Networks (GAN) (Yoon,
Jordon, and Schaar 2018), Variational Autoencoders (VAE)
(Nazabal et al. 2020), autoregressive models, and diffusion
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models (Tashiro et al. 2021). In the field of spatial transcrip-
tomics, to address the “dropout” issue, we construct a spatial
diffusion model for processing spatial transcriptomics data.

Cell Type Deconvolution in Spatial Transcriptomes

Cell type deconvolution is a crucial step in spatial tran-
scriptomics data analysis. Kleshchevnikov et al. proposed
a Bayesian model (cell2location) for cell type deconvolu-
tion, which employs negative binomial regression to en-
hance robustness in cross-dataset integration and estimates
cell type references from single-cell data (Kleshchevnikov
et al. 2022). Long et al. proposed a self-supervised learning-
based method (GraphST) that employs graph convolutional
neural networks to model gene expression patterns in spatial
neighborhoods and integrates a contrastive learning frame-
work to optimize cell-spatial mapping relationships (Long
et al. 2023). Elosua-Bayes et al. proposed a cell type de-
convolution method (SPOTlight) that employs seeded non-
negative matrix factorization to integrate spatial transcrip-
tomics and scRNA-seq data for inferring cell types within
tissues (Shi et al. 2021). However, the above methods are
limited by the “dropout” issue commonly encountered in
spatial transcriptomics, which has affected the performance
of cell type deconvolution.

Method
Overview of SAMGTD

Figure 1 provides an overview of the SAMGTD model. It
mainly consists of six parts: data preprocessing, construc-
tion of spatial-gene graph, masked graph transformer mod-
ule, spatial diffusion module, scRNA-seq denoising module,
and spatial-aware contrastive learning module.

Data Preprocessing of Spatial Transcriptomics

To ensure robust downstream analysis, we implement a sys-
tematic preprocessing pipeline. Our pipeline begins with
feature selection using the scanpy (V1.7.1) to identify the
top 4096 highly variable genes. Normalization is subse-
quently performed by setting the total gene expression count
of each spot to 10000. Next, the logarithmic transformation
is applied to stabilize the variance in the dynamic range of
gene expression values. Finally, scale to unit variance to bal-
ance the contributions of each gene during model training.

Construction of Spatial-gene Graph

To systematically model the relationship between spatial po-
sition and gene expression in spatial transcriptomics, we
construct a spatial-gene graph. Specially, let the spatial-gene
graph be formalized as an undirected graph Gspatiai =
(V, E), where V denotes the set of nodes corresponding to
spatially resolved spots; E denotes the set of edges captur-
ing neighborhood spots relationships. In the graph Gspatial,
the gene expression matrix of spots is represented as Sg. =
{31, S2,°+, 8N,, » Where N, denotes the number of spots.

In the construction of the spatial-gene graph, the K-
nearest neighbors (KNN) algorithm is employed to quan-
tify the spatial proximity relationships between spots. These
selected neighbors establish connectivity edges, which are
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Figure 1: The overall framework of SAMGTD.

subsequently encoded into an adjacency matrix Ay, through
binary weight assignment. A, is as shown in Formula (1).

1, If spoti and spot j are close neighbors
A5 = . (1)
0, otherwise
where i, 5 € V.

Masked Graph Transformer Model for Feature
Encoding

To enhance the model’s representation capability for spatial
transcriptomics, we perform probabilistic feature masking
on gene expression Fy.. Specifically, the binary mask matrix
Z ~ B (1 — p) is generated using the Bernoulli distribution
(let p = 0.4), and the gene expression matrix F. is masked
by element-wise product operation:

Sge =TLge © Z 2
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where ® denotes element-wise product.

Next, we construct the graph transformer model to adap-
tively capture the complex relationships between spatial
location and gene expression (Shi et al. 2021). Specifi-
cally, given the masked gene expression matrix Sg. =
{s1,52,- -+, sn,, } of spatial transcriptomics, the attention
between spot ¢ and spot j is calculated as follows:

}(leeivel) _ W}El,;vel)sglevel) + bng;vel) 3)
(level) (level) (level) (level)
Fng  =Whe si by @
ehij = Whe€ij + bpc (5)
<q}(lleivel)7 k}(lle'vel) + eh,ij>
iy = T ©)
»t) level level
Syento (s ke + eniy)



where level denotes the level-th layer, h denotes the h-th
attention head, W denotes the weight matrix, b denotes the
bias vector, N (i) denotes the neighbor set of spot ¢, and

(g, k) = exp ( f) denotes the exponential scaled dot-

product.
Then, perform aggregation using the following formula:
glle;/el) W}Elz/el) ;level + b (level) (7
§§level+1) =11, Z O‘SZV;I) (“g,e;el) + 6h,ij) 3
JEN ()

where || denotes concat operation.

To mitigate the issue of model over-smoothing, a gated
residual connection is employed between network layers.
The formula is as follows:

T(level) _ ngevel)sl(_le'uel) + bglevel) (9)
B(level) Slngld (Wélevel) [§5l6v6l+1); Tz(level);
(10)
§§level+1) - Tz(le'uel)])
SEZCWHI) = ReLU (LayerNorm( (1 - Bi(level))
(1D

§§level+1) +ﬂi(level)r£le'uel)))

In the output layer, mean aggregation is used instead of
the concat operation to fuse the outputs of multi-head atten-
tion (Velickovic et al. 2017), and the formula is as follows:

H
~(level4+1) 1 (level) (level) (level)
Si *EZ Z Qcij ( c,j +€cij )
h=1 | jeN (i)
(12)
Sgle’uel-i-l) _ (1 . 6i(level)> §Elevel+1) + ﬂglevel)rl(leizel)
(13)

The input data is encoded through the graph transformer
to generate the latent feature representation Py, which can
be formalized as E (Sge, Asp) — Psp. Then, Py, is recon-
structed to obtain the reconstructed gene expression Rg.

The loss function is as follows:

Ny

2

R=>_ Ifi—rilF
i=1

where f; and r; denote the original and reconstructed gene
expressions, respectively.

(14)

Spatial Diffusion Model for Data Enhancement

To enhance the quality of spatial transcriptomics data and
overcome the “dropout” issue, we construct the spatial dif-
fusion model (SDM) for spatial transcriptomics. First, the
4096-dimensional gene expression vector of each spot is
embedded into a 64x64 grid in a linear order, transform-
ing it into a pseudo-image that serves as input to SDM.
The core objective of SDM is to learn a model distribu-
tion py (ro) that can approximate the given true data dis-
tribution ¢ (o) as accurately as possible, where ¢ ~ ¢ (rg)
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denotes the original data samples. The SDM is essentially
a latent variable model, and its operation involves two key
stochastic processes: the forward diffusion process and the
reverse generation process(Ho, Jain, and Abbeel 2020)(Cui
et al. 2024). The forward diffusion process gradually adds
Gaussian noise to the original data ry. As time progresses
(with time steps ¢ increasing from 1 to T'), the data gradu-
ally degrades, eventually (when ¢ = T') transforming into
random noise r7 that follows a standard normal distribution
N (0,1).

At each time step t in the forward diffusion process, noise
is added to the previous state r,_; to obtain the current state
r¢. The conditional probability distribution is defined as:

q(re | re—1) =N (Tﬁ v1- 5t7‘t—1,5t1)

where 8; € (0,1) is a variance scheduling parameter that
controls the amount of noise added at each time step, gradu-
ally corrupting the data structure. The forward diffusion pro-
cess is defined as the following Markov chain:

15)

7’1T\7“0 ?”t|7“t 1 (16)

||:jﬂ

The important characteristic of the forward diffusion pro-
cess is that r, can be described in closed form at any time
step t. Define oy = 1 — 8; and ay = Hle «;, and perform
the following formula derivation:

= Vauri—1 + V1 — ey
= Ja (\/at 12+ 1 — 16 2) + V1 —aze g

2 2_
= /o172 + \/\/Oét —apoy—1 +V1I—ap €
= a0 + /1 — ooy 162
= \/(jétTo + 1-— Qi€

where €;_1,€;_2, - ~ N (0,1).

In the framework of SDM, the reverse generation pro-
cess essentially involves gradually removing noise and re-
constructing the original data. If the true conditional distri-
bution ¢ (r,—1 |r; ) at each time step of the reverse genera-
tive process is known exactly, it is possible to start with a
random noise that follows the standard normal distribution
N (0,1) and, through a series of transformations, eventually
generate real samples. However, directly estimating the con-
ditional distribution is challenging. To address this issue, we
need to train a parameterized neural network model to ef-
fectively approximate it. The reverse generation process is
formalized as a Markov chain(Andral et al. 2024), and the
mean fig (1¢,t) and variance ), (r¢,t) of the Gaussian dis-
tribution are predicted by the neural network:

a7

p(rr) Hpo (re—1 | 1) (18)

) 19)

Po (ro.T)

Z (Ttvt)

0

po (ri—1 | 1) =N (rtl; o (re,t),



where p (rr) = N (r1;0,1).

SDM can be viewed as a latent variable model with T’
latent variables. The variational lower bound is obtained
through variational inference, and maximizing it serves as
the optimization objective:

log ps (ro) = log / po (roar) drior
q (7“1:T | 7”0)

= log/ drl:T
Do (TO:T)

>E r.rr) |10
= ) { * gl | 7’0)]
Taking the negative of the variational lower bound, the
transformation is as follows:
=Eq(r . 1ro) | — lO
wrvrlro) { ®q(rur | 7”0)]
q(rir | TO):|
=Eq,r, 11ro) |log ——————
atrazriro) { & po (To.1)

L =—Lvig
The optimization objective is further decomposed to yield
the final result as follows:

L™ = By convton |[l€ = €0 (Vamo + VT = ue )]
(22)
In SDM, U-Net is used as the core neural network for
noise prediction. During the encoder stage, the feature maps
are downsampled to reduce their size and extract higher-
level features. In the decoder stage, the feature maps are up-
sampled to restore the original resolution. More importantly,
U-Net’s skip connections directly link the high-resolution
feature maps from the encoder layers to the corresponding
layers of the decoder, preventing the loss of detailed infor-
mation. The U-Net architecture incorporates residual mod-
ules and the multi-head attention mechanism, where the in-
troduction of multi-head attention enhances global modeling
capability. Through SDM processing, an enhanced spatial
transcriptomics gene expression matrix D, is obtained.

po (ro.7) q (r1.1 | T0)

(20)

Do (TO:T)
2D

VAE for scRNA-seq Denoising

For scRNA-seq, the same data preprocessing pipeline as spa-
tial transcriptomics is adopted to obtain the preprocessed
single-cell gene expression matrix Fy.. To reduce noise
interference in scRNA-seq while preserving key gene ex-
pression information, the variational autoencoder (VAE) is
constructed to process F.. Specifically, the preprocessed
single-cell gene expression matrix Fj. is fed into the VAE.
go (z |z ) is the encoder of VAE, where 6 denotes the en-
coder parameters. p,, (x |z) is the probabilistic decoder of
VAE, where ¢ denotes the decoder parameters. The objec-
tive function of the VAE is defined by Formula (23) (Kingma
and Welling 2014).

Lv = B.gy(zla) [log py (¢ | 2)] — Dxo (g0 (2 | 2) p (2;)

The denoised single-cell gene expression matrix R, is

generated through VAE processing, which is beneficial for
the subsequent cell type deconvolution.
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Spatial-Aware Contrastive Learning for Cell Type
Deconvolution

To achieve cell type deconvolution of spatial transcriptomics
data, spatial-aware contrastive learning is constructed to in-
tegrate scCRNA-seq and spatial transcriptomics. First, define
a learnable deconvolution matrix O € R™sc*Nsr that rep-
resents the mapping relationship between cells and spots.
The denoised single-cell gene expression matrix R,. under-
goes matrix operations using the mapping relationship of the
deconvolution matrix to generate the predicted spatial tran-
scriptomic gene expression matrix Dy ,, with calculations
following Formula (24).

D, =0"" R,

To learn the deconvolution matrix O, a spatial-aware con-
trastive learning strategy is employed for optimization. The
reconstruction loss term is defined as the Mean Squared Er-
ror (MSE) computed between the predicted spatial transcrip-
tome gene expression matrix D;p and the enhanced spa-
tial transcriptomic gene expression matrix D,. Meanwhile,
the contrastive loss term aims to maximize the similarity of
neighboring spots while minimizing that of non-neighboring
ones. The final objective function for learning the deconvo-
lution matrix combines these two loss terms, as delineated
in Formula (25) (Long et al. 2023).

% Z exp (sim (d;, dj) /’7’)

Ldecon = 7)‘1 log . ’

i=1 jeN (i) Zé\;éf exp (sim (d;, dy) /7)
+)‘2‘D/sp _DSP |%7'

(24)

(25)
where N (i) denotes the neighbor set of spot i, A\; and Ao
denotes the weight coefficient, sim (-) denotes the cosine
similarity between two representations, 7 denotes the tem-
perature parameter.

Experiments
Datasets

In order to comprehensively evaluate the performance of
SAMGTD, we conduct experiments on two real datasets
and one simulated dataset (James et al. 2020)(King et al.
2021)(Park et al. 2020)(Maynard et al. 2021)(Nagy et al.
2020)(Li et al. 2022).

The Compared Methods and Evaluation Metric

To evaluate the effectiveness of SAMGTD in cell
type deconvolution, we compare it experimentally with
cell2location and GraphST. The area under the curve (AUC)
is used as the evaluation metric and the visual comparison is
performed.

Computer Platform and Implementation

The experimental environment is established on a Linux-
based platform with four Intel Xeon Gold 6248R CPUs (3
GHz base frequency, 24 cores and 48 threads per CPU),
and two NVIDIA A100 GPUs (80 GB memory per GPU).
We extract top 4096 highly variable genes from the human



lymph node dataset and DLPFC dataset. In addition, top
256 highly variable genes are extracted from the simulation
dataset as the total number of genes in this dataset is 882.
The values of parameters A\; and A\, are 1 and 10 respec-
tively. The model is employ unsupervised training.

Cell Type Deconvolution on Human Lymph Node
Dataset

Figure 2: Ground Truth of the GC region in human lymph
nodes.

SAMGTD

Cell2Location

GraphST

Figure 3: The visualization of human lymph nodes.

For the cell type deconvolution task within the complex
microenvironment of human lymph nodes, we employ vi-
sualization and AUC evaluation metric to systematically
compare the performance differences between SAMGTD
and the baseline models (cell2location and GraphST). Ac-
cording to relevant papers published in top-tier international
journals such as Nature Communications and Nature Meth-
ods (Li et al. 2022)(Li et al. 2023), cell2location, as a piv-
otal tool for spatial transcriptomics data analysis, maintains
leading accuracy in cell type deconvolution. Notably, the re-
cently developed GraphST algorithm by Long et al. (Long
et al. 2023) integrates graph neural networks with a self-
supervised learning framework, demonstrating competitive
advantages over cell2location across multiple benchmark
datasets. As shown in Figure 2, the study by Kleshchevnikov
et al. provides ground truth for the human lymph node
dataset with highlighted regions representing germinal cen-
ters (GC)(Kleshchevnikov et al. 2022). Visualizing the re-
constructed spatial distribution of cell types and compar-
ing the spatial localization of GC-associated cell types with
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standard GC regions can effectively reveal performance dif-
ferences among methods. As shown in Figure 3, we re-
construct the spatial distribution patterns of cycling, light
zone, preplasmablast, and dark zone B cells within the hu-
man lymph node GC microenvironment. The visual compar-
ison demonstrates that SAMGTD achieves significantly bet-
ter spatial consistency with ground truth in cell type local-
ization than both cell2location and GraphST. Additionally,
we evaluate the performance of different methods by calcu-
lating the AUC. As shown in Figure 4, SAMGTD achieves
the highest AUC across all four cell types, demonstrating the
effectiveness of our method.

Cell2location = GraphST = SAMGTD

0.9761

0.9662 0.9644

0.964

0.9578 0.9595

0.9471

0.9347
0.9273

09121

0.9042 0.9018

0.88

B_Cycling B GC LZ B_GC_prePB B_GC_DZ

Figure 4: The AUC of human lymph nodes.

Cell Type Deconvolution on DLPFC

To systematically evaluate the performance of SAMGTD in
cell type deconvolution across different datasets, we conduct
experimental validation on the DLPFC dataset. As shown in
Figure 5, the study by Maynard et al. revealed that DLPFC
exhibits typical hierarchical characteristics (Maynard et al.
2021). We use this as the ground truth of DLPFC to evaluate
the cell type deconvolution method. As shown in Figure 6,
the experimental results of SAMGTD and the comparison
methods are visualized separately for different cell types.
Notably, SAMGTD demonstrates outstanding deconvolu-
tion capability for cortex-related cell types. Its reconstructed
spatial distributions show stronger alignment with the study
of Maynard, forming a clear gradient distribution from su-
perficial to deep layers. While GraphST also captures dis-
tinct hierarchical information, cell2location’s visualization
results exhibit significant spatial discretization, with issues
including blurred boundaries and inter-layer mixing. The ex-
perimental results of the DLPFC dataset demonstrate that
SAMGTD significantly improves the effectiveness of cell
type deconvolution while maintaining the continuity of tis-
sue structure, validating the superiority in parsing complex
human brain tissues.

Cell Type Deconvolution on Simulated Dataset

In addition to validating the cell type deconvolution perfor-
mance on the human lymph node and DLPFC datasets, we



Figure 5: Ground Truth of DLPFC.
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Figure 6: The visualization of DLPFC.

also conduct experimental verification on the mouse visual
cortex dataset. This is a simulated dataset obtained by Li
et al. through “gridding” processing of the original data (Li
et al. 2022). The simulation strategy transforms the origi-
nal data containing 1549 cells into 189 spots, with each spot
composed of 1-18 cells while providing precise cell type in-
formation as ground truth. As shown in Figure 7, The spatial
distribution of excitatory neurons generated by SAMGTD
exhibits a higher degree of overlap with the ground truth
compared to cell2location and GraphST.

Ground Truth SAMGTD Cell2location GraphST
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Figure 7: The visualization of simulated dataset.
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Ablation Study

This ablation study aims to evaluate the contributions of
key modules in the SAMGTD model to the performance of
cell type deconvolution in spatial transcriptomics. Through
systematic comparisons on the human lymph node dataset
(evaluation metric: AUC), we validate the effectiveness of
our model design. Specifically: SAMGTD (the complete
model),w/o-MGT (without the Masked Graph Transformer
module), w/o-SD (without the Spatial Diffusion module),
w/o-VAE (without the VAE module), w/o-SCL (without the
Spatial-aware Contrastive Learning module).

Method  B_Cycling B.GC_LZ B_GC_prePB B_.GC_DZ
w/o-SD 0.9384  0.9346 0.9116 0.9294
w/o-MGT 09269  0.9159 0.9183 0.9121
w/o-VAE  0.9540  0.9519 0.9462 0.9575
w/o-SCL ~ 0.9657  0.9571 0.9528 0.9701
SAMGTD 0.9662  0.9640 0.9595 0.9761

Table 1: Ablation study.

As shown in Table 1, the experimental results demon-
strate that the complete model achieves superior perfor-
mance compared to all ablated versions, with the masked
graph transformer module and the spatial diffusion module
contributing most significantly to cell type deconvolution.

Conclusion

In this study, we propose SAMGTD, a spatial-aware masked
graph transformer-diffusion model, to improve the perfor-
mance of cell type deconvolution in spatial transcriptomics.
One property of SAMGTD is that the masked graph trans-
former model adaptively captures complex dependencies be-
tween spatial locations and gene expression, enhancing fea-
ture representation through a multi-head attention mecha-
nism and a masking strategy. More importantly, the spatial
diffusion model performs dual enhancement of spatial tran-
scriptomics. Additionally, sScRNA-seq denoising and spatial-
aware contrastive learning are designed to achieve cell type
deconvolution. The experimental results demonstrate that
SAMGTD achieves the best performance on three dataset.
SAMGTD provides a tool for tumor microenvironment anal-
ysis, further facilitating the development of more effec-
tive targeted and immunotherapeutic approaches for cancer
treatment.

In the future, we consider constructing a multi-modal
method in combination with tissue images to extract joint
representations between different modalities to further im-
prove the performance of cell type deconvolution.
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