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Abstract

For single-cell transcriptome sequencing data, various powerful analytical models and processing
algorithms have been proposed for cell clustering, cell type recognition, cell pseudo-time trajec-
tory inference, cellular RNA dynamics, gene regulatory network inference, and RNA velocity anal-
ysis. This paper proposes an innovative approach to introducing natural language processing tech-
niques into single-cell transcriptome data analysis. The algorithm first uses TF-IDF to indicate the
degree of influence of transcriptome gene expression intensity on cell function, and further inno-
vatively treats the various gene expression changes formed by the process of cell evolution and
development as various sentence texts in natural language. Then, the natural language text analy-
sis can be applied for the processing of evolutionary development of single-cell transcriptomes.
Various gene sequence texts are generated by random walking process on the gene network,
which generates the embedded word vector representation of genes and the embedded word vec-
tor representation of cells in the gene space, respectively. Finally, the pseudo-time visual analysis
is considered for the single-cell transcriptome data. The final analysis results show that this model
is an effective method for pseudo-time analysis of cell development for single-cell data.
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Figure 1. Workflow of pseudo-time trajectory model based on natural language processing
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Figure 2. Violin plots of human embryonic stem cell transcriptome sequencing data, including the number of gene species in
cells (left), the total amount of gene expression in cells (middle), and the percentage of mitochondrial gene expression in the
total amount of gene expression (right)
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Figure 3. Human embryonic stem cell gene network structure (a) and gene vector representation (b)
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Figure 4. Pseudo-time distribution of human embryonic stem cells based on
UMAP
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Figure 5. Pseudo-time trajectory inference of human embryonic
stem cells based on VIA algorithm
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