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A Spatial Transcriptome Clustering Method Based on
Multi-Scale Map Contrast Learning

YANG Long, PENG Lihong, ZHOU Liqgian
( School of Computer, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of the flaw of discontinuous or intersecting spatial domains identified by graph neural networks
in the clustering process of spatial transcriptome data, a spatial transcriptome clustering method memlIST, which is based
on multi-scale graph contrastive learning, has thus been proposed. Firstly, the spatial transcriptome data is preprocessed
by using SCANPY and principal component analysis, followed by an enhancement of the ST data to form a new view.
Next, based on graph autoencoders and auxiliary autoencoders, a dual encoding structure is designed to learn the
embedded features of spatial transcriptome data. Finally, the k&-means algorithm is used for an identification of spatial
domains in spatial transcriptome data on the basis of embedded features. On three classic spatial transcriptome datasets
(right dorso lateral prefrontal cortex, human breast cancer Block A Section 1 and STARmap), the proposed method
calculates higher ARI and NMI compared with the three baseline methods conST, CCST, and DeepST, indicating a
superior spatial transcriptome clustering performance.
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Fig. 1 McmlST algorithm flowchart
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Table 1 ARI clustering results computed by memlST, conST,

CCST and DeepST
Bl L :
conST CCST DeepST Ak
DLPFC 151507 0338 0460 0513 0.593
DLPFC 151508 0.238 0405  0.39% 0.501
DLPFC 151509 0305 0435 0417 0.518
DLPFC 151510 0.250 0349  0.483 0.502
DLPFC 151669 0374 0326 0342 0.382
DLPFC 151670 0.327 0319 0315 0.321
DLPFC §j 6 MR FHE 0305 0382 0411 0.470
- O}C\i%eﬂifn ) 0382 0570  0.618 0.656
STARmap 0.064 0516  0.550 0.657

%2 mcemlST. conST., CCST 5 DeepST &Y
BENMIER
Table 2 Cluster NMI results computed by memIST, conST,

CCST and DeepST
Kge L -
conST CCST DeepST AL
DLPFC 151507 0.500  0.589  0.668 0.678
DLPFC 151508 0350 0.525  0.583 0.619
DLPFC 151509 0.484 0.612  0.622 0.636
DLPFC 151510 0389 0570  0.654 0.648
DLPFC 151669 0.546 0511 0.561 0.564
DLPFC 151670 0.527 0.498  0.537 0.501
DLPFC HT 6 MMl 0466  0.551  0.604 0.608
- ojgi%fifn | 0.563  0.644  0.691 0.711
STARmap 0.084 0574  0.620 0.699

& 2 B R T 5 7E DLPFC 4lE4E 151507
YK F, memIST 5H Al 3 LR iy zsfal sk 2 5]
ZER DL N T T RE .,
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