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PUseqClust: A Clustering Analysis Method for RNA-Seq Data
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Abstract: Clustering analysis is an important technique for gene expression data analysis. It groups the data according to similar gene
expression patterns to explore the unknown gene functions. In recent years, RNA-seq technology has been widely adopted to measure
gene expression. It produces a large number of read data, which provide possibilities for clustering analysis of gene expression. In this
area, read counts are popularly modeled by the negative binomial distribution to reduce the impact of the non-uniform read distribution,
while most existing clustering methods process directly read counts. They donot fully consider the various noise existing in the data, and
the uncertainty of gene expression measurements. Some methods also ignore the variability of clustering centers. This study proposes
PUseqClust (propagating uncertainty into RNA-Seq clustering) framework for clustering of RNA-seq data. This framework first uses
PGSeq to model the stochastic process of read generation. Laplace method is next used to consider correlation between expressions under
various conditions and replicates to obtain the uncertainty of expression estimation. Finally, the method adopts the student’s t mixture
model to perform gene expression clustering. Results show that the proposed methods obtained more biologically relevant clustering
results.

« JEEITH: FR ARREIL 4 (61170152); Hi4 5 4:(20151452021)
Foundation item: National Natural Science Foundation of China (61170152); Aeronautical Science Foundation of China
(20151452021)
WeRE N ) 2017-01-03; 5Bk A): 2017-06-27, 2017-09-17; % I [A): 2017-11-07



2858 Journal of Software #k4+373R Vol.30, No.9, September 2019

Key words: RNA-seq; clustering analysis; negative binomial distribution; Laplace method; mixture student’s t distribution

55 AR PP BR B — AR il & DNA I FPF AR (NGS), 5 3 KL A LG, HAT T i R ARG
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Fig.1 The flowchart of PUseqClust method
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Fig.2 The gene expression patterns of the seven clusters in the simulated data
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