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Introduction

Spatial Clustering: A Key Step in Data Analysis Numerous Spatial Clustering Methods Are Available
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How to select the appropriate clustering method for different technologies, organs, and replicates?

Gulati et al. (2025) Nat Rev Mol Cell Biol.
Hu et al. (2021) Nat Methods.
Dries et al. (2021) Genome Res.



a A

comprehensive
benchmarking of 14 spatial
clustering methods using ~600
datasets across ten

technologies and eight organs.

We provided practical
recommendations for method
selection across technologies,
organs, and biological
replicates, involving either cell
type clustering or spatial

domain identification.

We systematically assessed the
influence of data
characteristics and  spatial
patterns on clustering accuracy
and offered the optimal
preprocessing pipeline for

spatial clustering methods.
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Figure 1. Overview
of datasets and methods

for benchmarking.
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¢Evaluation 1: Performance comparison across technologies
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Figure 2. Performance comparison with SRT datasets across technologies.



¢) Evaluation 2: Performance comparison across organs
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Figure 3. Performance comparison with SRT datasets across organs.
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<)) Evaluation 3: Performance comparison across replicates
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Figure 4. Performance comparison with SRT datasets across biological replicates.
(A) Simulation of variable replicates based on DLPFC 10 X Visium datasets. (B) Simulation of variable replicates based on the hypothalamus
MERFISH dataset. (C) Design of simulation for neighborhood-changing replicates by merging adjacent clusters. (D) Design of simulation for
neighborhood-changing replicates by adding new clusters. Box plots show NMI scores on simulated datasets. The box represents the interquartile

range, the horizontal line inside the box indicates the median, and the whiskers extend to 1.5 X interquartile range.



$valuation 4:Performance comparison across spatial patterns
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Figure 5. Performance comparison with SRT datasets across spatial patterns.



Summary

d'We conducted a comprehensive benchmark of 14 spatial clustering methods across
diverse SRT datasets covering multiple technologies, organs, and biological
replicates and provided recommendations for method selection.

dPerformance variability was largely driven by intrinsic dataset characteristics and
methodological design choices, with gene expression sparsity and cluster
distribution emerging as critical determinants.

dPreprocessing strategies also exerted variations in performance, and we identified
the optimal pipeline for each method.

A Github: https://github.com/ZJUFanLab/SRTBenchmark

Renjie Chen, Yue Yao, Jingyang Qian, Xin Peng, Xin Shao, Xiaohui Fan. 2025. A comprehensive benchmarking for
spatially resolved transcriptomics clustering methods across variable technologies, organs, and replicates. iMeta 4: €70084.
https://do1.org/10.1002/imt2.70084.
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