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ABSTRACT

Since single cell RNA sequencing provides the expression profiles of individual cells, it provides higher cellular
differential resolution than traditional bulk RNA sequencing. Using these single cell RNA sequencing data, clustering
analysis is generally conducted to find cell types and understand high level biological processes. In order to effectively
process the high-dimensional single cell RNA sequencing data fir the clustering analysis, this paper uses a variational
autoencoder to transform a high dimensional data space into a lower dimensional latent space, expecting to produce a
latent space that can give more accurate clustering results. By clustering the features in the transformed latent space, we
compare the performance of various classical clustering methods for single cell RNA sequencing data. Experimental
results demonstrate that the proposed framework outperforms many state-of-the-art methods under various clustering
performance metrics.
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Table. 1 Performance Comparison of several scRNAseq
clustering methods.

Method CA NMI ARI
PCA-+k-means 56.93 63.58 48.62
SIMLR 62.13 72.29 51.93
MPSSC 76.29 73.59 65.87
DEC 61.62 60.53 52.05
scvis 85.30 75.35 75.05
scDeepCluster 82.58 77.52 72.91
AAE-SC 87.26 81.31 81.32
VAE+Affinity propagation 85.54 80.99 82.12
VAE+Agglomerative 84.21 78.90 79.04
VAE+BIRCH 84.49 79.54 79.57
VAE+GMM 81.54 78.42 77.15
VAE+K-means 86.06 81.46 82.76
VAE+Spectral 85.38 80.97 81.30
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