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Abstract

The rapid development of single-cell sequencing technology has provided unprecedented resolution

CEF|F: FFEEPE SCINNO: — b3 VR 22 ST 1 B ZmTD 2 R M 77k []. B 545 1, 2025, 14(5): 818-828.
DOI: 10.12677/mos.2025.145436


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2025.145436
https://doi.org/10.12677/mos.2025.145436
https://www.hanspub.org/

IR B

for resolving cellular heterogeneity, but accurate clustering of noisy data and complex cell subpop-
ulations remains a major challenge. This paper proposes a deep clustering framework that inte-
grates a deep denoising network and a multi-head self-attention mechanism, aiming to improve the
feature representation ability and clustering robustness of single-cell data. Firstly, a deep denoising
network (DN) based on a deep denoising autoencoder was designed, and the feature decoupling
ability was enhanced by introducing the InfoNCE contrast loss function, which effectively sup-
pressed the data noise and extracted low-dimensional clean features. Subsequently, a deep cluster-
ing network (CN) combined with a multi-head self-attention mechanism was proposed, which used
attention weights to capture the global correlation between features and dynamically optimized the
membership matrix U and the clustering center through the fuzzy K-means algorithm. Experiments
on multiple public single-cell datasets show that the proposed method has a better clustering effect
than other clustering algorithms and provides new theoretical support and technical tools for the
efficient analysis of single-cell data.
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Table 1. Details of the sScRNA-seq dataset
%% 1. scRNA-seq BREMIEAES

No. Dataset Cell Source Cells Original Cell Types
1 Kolodziejski Mouse 704 38,653 3
2 Lawlor Human 638 26,616 8
3 Muraro Human 3072 19,059 11
4 Bhattacherjee Mouse 24,822 21,000 8
5 Bmcite Mouse 30,672 17,009 5
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Figure 1. Diagram of the model structure of SCINNO
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Figure 3. Flowchart of CN
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Figure 4. Clustering performance of SCINNO and other clustering methods
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