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Abstract

Spatially resolved transcriptomics was honored as the Method of the Year 2020
by Nature Methods. This approach allows biologists to precisely discern mRNA
expression at the cellular level within structurally preserved tissues. Leveraging
artificial intelligence in spatial transcriptomic analysis enhances the understanding
of cellular-level biological interactions and offers novel insights into intricate tissues,
such as tumor microenvironments. Nevertheless, numerous existing clustering
algorithms employing deep learning exhibit the potential for enhancement. In this
paper, we focus on graph deep learning-based spatial domain identification for
spatial transcriptomics (ST) data from multiple tumors. This identification enables
the recognition of cell subpopulations in distinct spatial coordinates, aiding further
studies on tumor progression, such as cell-cell communication, pseudo-time
trajectory inference, and single-cell deconvolution. Initially, the gene expression
profiles and spatial location information were transformed into a gene feature matrix
and a cell adjacency matrix. A variational graph autoencoder was then applied
to extract features and reduce the dimensions of these two matrices. Following
training in the constructed graph neural networks, the latent embeddings of ST data
were generated and could be leveraged for spatial domain identification. Through
a comparison with established methods, our approach demonstrated superior
clustering accuracy. The utilization of accurately segmented spatial regions enables
downstream analyses of multiple tumors, encompassing the trajectory of tumor
evolution, and facilitating differential gene expression analysis across various cell

types.

Keywords: Spatial transcriptomics; Artificial intelligence; Graph neural network; Spatial
domain identification; Tumor progression
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1. Introduction

Spatiotemporal molecular medicine involves
comprehending medicine across various dimensions,
layers, perspectives, and dynamics through the integration
of spatialization and temporalization of clinical
phonemes with spatiotemporal molecular omics.! This
emerging discipline strives to elucidate the pathogenesis,
epidemiology, historical context, patient symptoms and
signs, clinical measurements, and therapeutic approaches.
Spatially resolved transcriptomics plays a crucial role
in connecting and correlating information between
histological sections and molecular profiles, such as cell-
cell interactions, transcription factor distribution, spatial
positioning, and mRNA expression within the cell through
artificial intelligence, computerized programming, and
visualization techniques.? Spatial transcriptomics (ST)
technologies document transcriptomic expression data and
their respective two-dimensional tissue locations at spatial
resolution.’ In the past decade, various ST technologies
have been introduced to capture mRNA molecules and
their locations, each differing in resolution, sensitivity,
sequencing depth, and scale. Some notable technologies
include seqFISH+,* MERFISH,® omsFISH,® 10x Visium,’
Slide-seqV2,#10x Xenium,’ and Stereo-seq."

Partitioning spatial domains in a tumor’s spatial
transcriptome data can shed light on the composition
of the tumor microenvironment and the localized
development of tumor cells. The primary goal of spatial
clustering is to segment tumor tissues into distinct cell
subpopulations, facilitating downstream analyses of
differential gene expression, biological function grouping,
and cell-cell communication."! Conventional methods
classify cell types based on gene expression profiles using
algorithms such as K-means and Louvain.'” Giotto"
identifies spatial domains through the construction of a
hidden Markov random field model, leveraging both the
feature matrix and spatial coordinates. stLearn'* utilizes a
standard Louvain clustering workflow to handle the cell
adjacency matrix, subsequently using spatial positions to
identify subgroups within broader clusters. BayesSpace'
employs a fully Bayesian statistical model to enhance
resolution and conduct clustering analysis, promoting the
categorization of nearby spots into the same group based
on a predefined spatial prior. Despite the potential of spatial
location information to enhance clustering accuracy, the
aforementioned spatial clustering algorithms have yet to
achieve optimal performance.'®

Graph deep learning (GDL) has emerged as a
promising approach for integrating gene expression
profiles and spatial location information to address spatial
clustering tasks.'” Numerous studies have proposed graph

neural network (GNN) architectures aimed at reducing
the dimensionality of ST data and identifying spatial
regions. Notably, SpaGCN'" presents a comprehensive
framework that partitions data based on the aggregation
of gene expression, histology, and spatial location. In the
cell clustering for ST data technique, a sequence of graph
convolutional networks is embedded within the deep
graph infomax module to derive embeddings for cell
nodes." STAGATE® devises a graph attention autoencoder
framework for spatial domain identification. This
approach constructs a cell-type-aware spatial neighbor
network to characterize the spatial similarity at domain
boundaries. Similarly, GraphST* utilizes a graph self-
supervised contrastive learning mechanism for the unified
analysis of ST data, encompassing spatial clustering,
multisample integration, and cell-type deconvolution.
The contrastive learning framework within the spatial
clustering module enables the acquisition of informative
and discriminative spot representations by minimizing the
embedding distance between spatially adjacent spots. All
the algorithms mentioned above can be improved in terms
of clustering performance.

Motivated by the successful application of diverse
artificial intelligence algorithms in analyzing ST datasets,
this paper introduces a variational graph autoencoder
(VGAE) enriched with multiple layers of GNNs for
identifying spatial domains in tumor tissues (Figure 1).
Initially, gene expression profiles and spatial location
information are transformed into a gene feature matrix and
a cell adjacency matrix, respectively. The VGAE consists of
two primary components: an encoder and a decoder. The
encoder employs GNNs to extract matrix features, reduce
the feature dimensions, and generate latent embeddings. In
contrast, the decoder reconstructs two matrices based on
these latent embeddings. Clustering methods were, then,
applied to latent embeddings to detect spatial domains
within the tumor tissue. Various loss functions are utilized
to enhance the quality and performance of the latent
embeddings by minimizing the overall errors, including
the reconstruction error and Kullback-Leibler (KL)
divergence error. The presented spatial clustering method
is compared with existing approaches to demonstrate
its effectiveness. Additional details are provided in the
“Methods” section. In addition, we employ this clustering
framework on different tumor tissues to investigate their
respective tumor microenvironments.

2. Methods
2.1.VGAE

The VGAE is a machine learning model that is primarily
utilized in the domains of graph representation learning
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Figure 1. The proposed variational graph autoencoder-based spatial clustering framework. (A) Diverse spatial transcriptomics (ST) technologies are
employed to generate distinct ST datasets of tumor tissues; (B) the ST data can be effectively processed using a graph deep learning framework to obtain
latent embeddings that encapsulate meaningful and informative features; (C) these learned latent embeddings find application in various downstream
analysis tasks, including spatial clustering, spatial trajectory analysis, and identification of differential genes.

and generative modeling. It amalgamates principles
from variational autoencoders and GNNs, facilitating
efficient acquisition and generation of representations
for data organized in graph structures. The primary goal
of VGAE lies in acquiring low-dimensional, continuous
latent embeddings for spatial spots within the ST data.
These latent embeddings can encapsulate meaningful and
informative features, preserving both the structural and
functional attributes inherent in spatial transcriptome
datasets. In the encoding process, the initial GNN layer
(Equation I) determines a lower-dimensional feature
matrix, denoted as X, based on the given feature matrix X
and the adjacency matrix A:*

X =GNN(X,A)=ReLU(AXW,)

A=D ?AD ? )

Where A represents the symmetrically normalized
adjacency matrix, signifies the rectified linear activation
function, and W, stands for the weight parameter for
this layer of the GNN. Subsequently, the second layer
(Equation II) produces the mean and variance vectors of
the feature matrix utilizing the weight parameters W :

1 =GNN (X,A)=AXW,

loga® =GNN, (X,A)= AXW, (1)

The mean and variance vectors share the same weight
parameters. Finally, the latent embeddings are determined
by the reparameterization trick*> according to these two
values (Equation III):

Z=pu+o¢ (111)

where € belongs to the standard normal distribution, € €
Norm (0,1). Within the VGAE module, the incoming and
predictive graphs are denoted by probability distributions,
specifically q(Z|X, A) and p(A|Z). Since the decoder
involves an inner product operation, the reconstruction
of the adjacency matrix is formulated as an inner product
(Equation IV):

pA|Z)=0(Z-27) (Iv)

The loss function encompasses two types of errors:
reconstruction loss and a regularization term. The
reconstruction loss encourages the decoded output to
closely resemble the original input, while the regularization
term promotes the learned latent distribution to align with
the prior. The formulation of this loss function is as follows
(Equation V):
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L=E, xlogp(A|2)]-KL(g(Z | X, A) || p(2)) V)

The term KL(.) denotes the Kullback-Leibler divergence
between two probability distributions. Training VGAE
to minimize this objective function enables the model to
learn a probabilistic mapping of spots to a latent space,
facilitating meaningful and informative representations of
the structure and features of the ST data. The downstream
clustering methods partition the latent embeddings
to detect spatial domains. Subsequently, the resulting
clustering labels are compared with the ground-truth to
assess accuracy and performance.

2.2.GNN

In the VGAE model, the encoder utilizes two layers of
GNNs to extract features and reduce dimensions. GNNs
facilitate the processing of ST data by enabling spots to learn
from and communicate with neighboring spots. Each spot
aggregates information from its neighbors, subsequently
updating its own representation based on this aggregated
data. The Pytorch_pyG package® in Python offers multiple
implementations of GNNs. Existing spatial clustering
architectures typically incorporate only a single GNN. In
this study, we opt for the simple graph convolution (SGC)
ConvNet* to construct the encoder.

The SGC ConvNet highlights issues of model complexity
and redundant computations within GDL. To address these
defects, SGC ConvNet aims to minimize collapsing weight
matrices and nonlinearities between successive layers.
This streamlined linear model demonstrated comparable
or even superior performance at both theoretical and
experimental levels. Notably, the convolution kernel in
SGC is redefined as a linear function (Equation VI):

Y = soft max(S...SSXG(D@(Z) .0 ) = soft max(SKX®)
(VD)

where S is the normalized adjacent matrix, X is the
feature matrix, © is the weight matrix, and softmax
indicates the normalized exponential function.

2.3. ST datasets

Various types of ST data from tumors were utilized to
evaluate the proposed spatial clustering architecture. These
datasets were generated using diverse ST technologies,
resulting in variations in resolution, spot counts, and gene
profiles. Specifically, the human dorsolateral prefrontal
cortex (DLPFC) ST data was obtained from the 10x
Visium platform, and the spatialLIBD project conducted

an extensive study utilizing this data, encompassing spot-
level information, layer-level data, and spatial marker
genes.” The project comprises a total of 12 samples, each
dissection covering six neuronal layers plus white matter.
Consequently, eight samples were categorized into seven
clusters, while the remaining four were grouped into five
(ground-truth, cortical layers one to six, white matter).
For validation of the GNN algorithm, sample 151673 was
chosen as a representative due to its specificity. This sample
entails 3,639 spots and 33,538 genes, with provided spot
annotations.

The second ST dataset originates from human breast
cancer tissue and is available through the 10x Visium
dataset repository. This dataset holds significant value
for the analysis of heterogeneous tumor and immune
microenvironments, given its substantial intratumoral
and intertumoral variations. To facilitate clustering
estimation, the sample is divided into 20 regions using
the SEDR* package, relying on pathological features and
gene expression. These annotated regions provide the
foundation for clustering evaluation. In total, this dataset
encompasses 3798 spots and 36,601 genes.

The 10x Xenium technology represents a novel approach
integrating single-cell, spatial, and in situ analysis of FFPE
tissue. Notably, breast cancer tumor datasets associated
with this technology were reprocessed and republished
on December 6, 2022.° Leveraging its non-destructive
workflow, Xenium spatially aligns RNA, protein, and
histological data within a unified image. This feature
empowers us to discern cell types and their corresponding
gene expression profiles at a single-cell resolution. In the
breast cancer tumor dataset, a remarkable seventeen
distinct cell types have been identified, amounting to
164,079 cells and utilizing a 313-plex gene panel. To alleviate
computational load, this manuscript employs a segmented
version of this data for clustering comparison, comprising
15 cell types, 11,996 cells, and the 313 gene panel.

2.4. Data pre-processing and hyperparameters

In this article, data pre-processing and VGAE training
are conducted within a Python virtual environment using
PyTorch_pyG, Squidpy, and Scanpy toolkits. Initially,
gene expression profiles undergo normalization and log
transformation using Scanpy.”” Users also have the option
to select “SCTransform” for gene expression normalization.
Three thousand highly variable genes are selected to
construct the feature matrix. Subsequently, the scikit-learn
toolkit*® employs a nearest-neighbor search technique to
calculate the adjacency matrix. The neighbors for each
spot are determined using either the k-nearest neighbor
or radius-nearest neighbor modes. Specifically, for the 10x
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Visium technology, the radius-nearest neighbor mode is
used to ensure each spot is in proximity to approximately
five neighbors. Conversely, the k-nearest neighbor mode
is employed to guarantee that each spot has precisely five
neighbors for the 10x Xenium method.

On generating the feature and adjacency matrices, we
utilize the VGAE module embedded with SGC ConvNets
to learn latent embeddings through model training. This
step is implemented in Python using PyTorch_pyG. The
relevant hyperparameters are defined as follows: input
channels are 3000 (representing the number of highly
variable genes), hidden channels are 128, and output
channels are 128. Thelearning rate is set to 1e-6, the number
of epochs is 5000, the weight decay factor is le-4, gradient
clipping is set at five, and the random seed is fixed at zero
for all experiments. The model architecture comprises four
hidden layers, and the activation function used outside
each layer is the exponential linear unit function.

After generating the latent representations in the
embedding space, we employ the K-means method as the
downstream clustering approach for identifying spatial
domains. The clustering process is facilitated using the
scikit-learn package. The number of clusters in the K-means
corresponds to the ground truth. The hardware utilized in
this study includes an Intel (R) Core (TM) i9-12900F CPU
at 2.40 GHz, 64 GB of memory, and a GeForce RTX 3090Ti
GPU. To effectively run the GNN-based spatial clustering
algorithms, the maximum number of spots should be
below 20,000. Consequently, for the ST data from the 10x
Xenium technology, we utilize a cropped subset of the
data, ensuring it remains below this threshold. Given that
this subset encompasses all genes and groups, it does not
compromise the spatial clustering experiments.

2.5. Spatial clustering metrics

On acquiring the prediction labels using K-means, we
employ the adjusted Rand index (ARI) to assess the
similarity between these predicted labels and the ground
truth. The ARI is a commonly utilized metric for evaluating
clustering algorithms. It is calculated using the scikit-learn
toolkit by comparing the two vectors. Assuming that
P ={P,P,.. P }and G = {G,G,,... G} represent the
predicted and ground-truth label sets, the ARI is defined

as follows (Equation VII):
n
i j 2
n

TR T

ARI =

Where c is the number of cell types, n, and n denote
the number of spots belonging to P, and G, and n, implies
the number of spots located in P, and G. A higher ARI
indicates a greater similarity between the two groups, with
all ARI values ranging from zero to one.

If the ground truth for the ST data is not available, the
Silhouette Coefhicient (SC) score and Davies-Bouldin (DB)
score® are employed to assess the clustering performance.
The SC score is computed based on the mean intra-
cluster distance and mean nearest-cluster distance for
the predicted labels, ranging from minus one to one. It
signifies the dispersion level between clusters, and a higher
SC score indicates better clustering accuracy. The DB score
represents the average similarity measure of each cluster
with the most similar cluster, ranging from zero to positive
infinity. A lower DB index is preferred. These metrics are
calculated using the scikit-learn package.

3. Results and discussion

3.1. Evaluating the clustering accuracy on human
dorsolateral pre-frontal cortex data

We named our proposed spatial clustering method VGAE_
SGC. To demonstrate its accuracy and effectiveness, we
compared this method with six benchmark approaches:
BayesSpace,"® SpaGCN,'® STAGATE,® SEDR,* Scanpy,”
and DeepST.* The evaluation was performed on the ST
data using sample 151673 from the human DLPFC dataset,
and we calculated and compared the average ARI values
across 12 samples. In the ground truth of sample 151,673,
there were seven marked groups (six cortical layers and
one white matter).

The VGAE_SGC approach exhibited the highest
average ARI of 0.542 (Figure 2A). In addition, STAGATE
and DeepST achieved ARI values exceeding 0.50. The
ground truth of sample 151673 is illustrated in Figure 2B,
with the spatial domain identification results closely
aligned with this ground truth (ARI = 0.5253, Figure 2C).
The spatial clustering results of the six compared methods
are presented in Figure 2D, displaying ARI values lower
than 0.50 for this sample. Through this comparison with
the ground truth, we established the clustering accuracy
of our proposed method. Subsequently, we validated
this method using tumor ST datasets to assess its spatial
clustering capabilities.

3.2. Deciphering multiple regions of human breast
cancer from low-resolution technology

The analysis involved seven distinct clustering methods
applied to the human breast cancer dataset obtained from
10x Visium. This ST dataset, manually annotated using the
SEDR package, comprises 20 regions encompassing four
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Figure 2. The spatial clustering results of seven compared methods on human DLPFC data; (A) the average adjusted Rand index (ARI) values in seven
methods for twelve samples; (B) the ground truth of sample 15,1673 of this spatial transcriptomics (ST) data; (C) the spatial domain identification results
of the proposed method VGAE_SGC; and (D) the spatial clustering results of six benchmarking methods for comparison.

Abbreviation: DLPFC: Dorsolateral pre-frontal cortex.

morphotypes: DCIS/LCIS, IDC, tumor edge, and healthy
areas (Figure 3A). All seven approaches yielded ARI values
exceeding 0.50, with VGAE_SGC achieving the highest
ARI of 0.603 (Figure 3B). Figure 3C illustrates the spatial
clustering outcomes of the top three methods. Notably,
in the case of VGAE_SGC, several clusters (0, 10, 1, 13,
7, and 14) were closely aligned with the ground truth.
These findings underscore the efficacy of VGAE_SGC in
identifying cell subpopulations and effectively detecting
the tumor microenvironment.

We performed a comprehensive downstream analysis
of the spatial clustering results obtained from VGAE_
SGC. Specifically, the IDC_5 region was divided into
two distinct clusters, denoted as clusters 2 and 11, within
VGAE_SGC. We, further, scrutinized the rationale behind
the segmentation of the cell types. The differential gene
expression profiles for clusters 2 and 11 are depicted in
Figure 3D, revealing COX6C for cluster 2, and ADIRF and

HLA-B for cluster 11. This analysis suggests disparate gene
profiles for the two groups, which are indicative of distinct
cell types. To elucidate the biological functions associated
with these clusters, we conducted a gene set enrichment
analysis of these differentially expressed genes. The enriched
pathways for these clusters predominantly pertained to
antigen processing and presentation (Figure 3E).

3.3. Partitioning tumor regions for the single-cell-
resolution human breast cancer data

Finally, we validated our proposed spatial clustering
framework, VGAE_SGC, using an alternative single-cell-
resolution ST dataset. This dataset was produced utilizing
the advanced 10x Xenium technology and pertains to
breast cancer tissue, as shown in Figure 4A. The initial ST
dataset boasts a high resolution, comprising 164,079 spots
and 313 genes. To alleviate the computational demands,
we segmented this primary dataset into a cropped subset,
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Figure 3. The spatial clustering and downstream analysis results on human breast cancer from 10x Visium platform: (A) The ground truth of breast cancer
data labeled by SEDR package; (B) the adjusted Rand index (ARI) values of seven compared methods on this spatial transcriptomics (ST) data; (C) the
spatial domain identification results of DeepST, STAGATE, and VGAE_SGC on the breast cancer data; (D) the differential gene analysis between group 2
or 11 and other clusters; and (E) the gene set enrichment analysis of differential genes in groups 2 and 11.

specifically encompassing 15 cell types with 11,996 cells
and the same set of 313 genes (Figure 4A).

We conducted a comparative analysis of the
clustering accuracy across the seven methods using
the aforementioned cropped ST data. Notably, VGAE_
SGC and STAGATE exhibit proximity in performance,
outperforming the remaining methods, as shown in
Figure 4B. Figure 4C portrays the spatial distribution of
spots in the VGAE_SGC case, revealing that clusters 0,
1, 6, and 9 aligned with the annotated labels, as shown in
Figure 4A. In addition to conducting differential gene and
biological function analyses, we employed VGAE_SGC’s
clustering groups to infer the spatial development trajectory
(Figure 4D). Initially, we present a uniform manifold

approximation and projection (UMAP) plot illustrating
VGAE_SGC’s clustering results. Subsequently, we utilized
the scanpy.tl.paga function within Scanpy to construct the
spatial evolutionary trajectory, highlighting that group 0
represents regular cells and cluster 5 corresponds to tumor
cells in breast cancer.

VGAE_SGC  excelled in  discerning  cellular
compartmentalization and diverse cellular subpopulations
within spatial transcriptomic data. It also demonstrates
proficiency in detecting the tumor microenvironment,
which is crucial for uncovering neo-cells, elucidating
carcinogenesis mechanisms, and advancing cancer
treatments. However, it is essential to acknowledge the
limitations of this approach. Notably, we did not leverage
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Figure 4. The proposed spatial clustering method, VGAE_SGC, undergoes validation using single-cell resolution breast cancer spatial transcriptomics (ST)
data: (A) The primary breast cancer dataset is obtained through the 10x Xenium technology. To enhance computational efficiency, a cropped subset of this
ST data is utilized in this study; (B) the adjusted Rand index (ARI) values for seven compared approaches are computed using the cropped ST data; (C)
the spatial distribution of spots in the VGAE_SGC method yields an ARI value of 0.409; and (D) the reduced-dimension graph illustrates VGAE_SGC’s
spatial clustering outcomes and its associated inferred spatial evolutionary trajectory.

extensive single-cell data, which is a significant factor in
optimizing the performance of our algorithm.

4, Conclusion

This article explores the utilization of artificial
intelligence algorithms for spatial clustering tasks in
spatially resolved transcriptomics. Specifically, we
introduced a VGAE enhanced with SGC ConvNets to
delineate spatial domains in ST data from various tumor
tissues. The clustering accuracy of our architecture is
demonstrated through comparisons with several existing

clustering methodologies. We validated our proposed
method, VGAE_SGC, using breast cancer datasets with
varying resolutions. In addition, we delineated various
downstream analysis tasks predicted for spatial clustering
outcomes, including differential gene expression analysis,
identification of biological functions, and inference
of spatial developmental trajectories. Unsupervised
learning modules face challenges in accurately identifying
spatial regions within an organization. However, future
research can focus on integrating methods to enhance
the clustering results. Approaches such as contrastive and
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semi-supervised methods, generative adversarial neural
networks, and graph-based deep learning have shown
promise for improving the accuracy and effectiveness of
spatial clustering in organizational analysis.
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Xenium: the primary source: https://www.10xgenomics.
com/products/xenium-in-situ/preview-dataset-human-
breast; https://squidpy.readthedocs.io/en/stable/notebooks/
tutorials/tutorial_xenium.html
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