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Quantifying the state of cell differentiation based on the gene
networks entropy

GUAN Tianhao, GAO Jie

School of Sciences, Jiangnan University, Wuxi 214122, Jiangsu, China

Abstract: Studies of cellular dynamic processes have shown that cells undergo state changes during
dynamic processes, controlled mainly by the expression of genes within the cell. With the development
of high-throughput sequencing technologies, the availability of large amounts of gene expression data
enables the acquisition of true gene expression information of cells at the single-cell level. However,
most existing research methods require the use of information beyond gene expression, thus introducing
additional complexity and uncertainty. In addition, the prevalence of dropout events hampers the study
of cellular dynamics. To this end, we propose an approach named gene interaction network entropy
(GINE) to quantify the state of cell differentiation as a means of studying cellular dynamics.
Specifically, by constructing a cell-specific network based on the association between genes through the
stability of the network, and defining the GINE, the unstable gene expression data is converted into a
relatively stable GINE. This method has no additional complexity or uncertainty, and at the same time
circumvents the effects of dropout events to a certain extent, allowing for a more reliable
characterization of biological processes such as cell fate. This method was applied to study two
single-cell RNA-seq datasets, head and neck squamous cell carcinoma and chronic myeloid leukaemia.
The GINE method not only effectively distinguishes malignant cells from benign cells and differentiates
between different periods of differentiation, but also effectively reflects the disease efficacy process,
demonstrating the potential of using GINE to study cellular dynamics. The method aims to explore the
dynamic information at the level of single cell disorganization and thus to study the dynamics of
biological system processes. The results of this study may provide scientific recommendations for
research on cell differentiation, tracking cancer development, and the process of disease response to
drugs.

Keywords: single cell RNA-seq data; gene interactions network entropy; cellular dynamic processes;
differentiation state
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Figure 2 Results of differentiation between cancer and non-cancer cells based on gene expression matrix

and GINE matrix for HNSCC data. (A, C, E) Visualization results based on gene expression matrix. (B, D, F)
Visualization results based on GINE matrix.
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Scatter plots of GINE statistics versus Tsne for HNSCC cells. (A) Scatter plot of GINE mean

versus Tsnel for HNSCC cells. (B) Scatter plot of GINE variance versus Tsne2 for HNSCC cells.
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Figure 4 Plot of the effect of Tsne dimensionality reduction for CML data. (A) Dimensionality reduction
visualization plot based on the gene expression matrix. (B) Dimensionality reduction visualization plot based

on the GINE entropy matrix.
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Figure 5 Heterogeneity of CML cells at different stages based on GINE values. (A) Change in mean GINE
value of CML cells. (B) GINE mean change of the top 5% genes in CML cells. (C) GINE mean change of the
top 1% genes in CML cells. (D) Change in mean GINE values across time. Numbers 1-5 on the horizontal
axis represent the 5 periods of CML, representing the period of diagnosis, and the periods of 3, 6, 12 and 18
months after treatment with TKI, respectively.

%1 GINE EFEMNE S KEGG B

Table 1 Partial KEGG pathway analysis of the GINE gene set

Term Database ID Input Background  P-value Corrected P-value
number number

Olfactory transduction KEGG PATHWAY  hsa04740 33 448 0.000 000 002 96 0.000 000 749 00

Neuroactive ligand-receptor KEGG PATHWAY hsa04080 21 338 0.000 024 600 00 0.003 115415 00

interaction

Protein digestion and KEGG PATHWAY  hsa04974 10 90 0.000 045 400 00 0.003 825 140 00

absorption

cAMP signaling pathway =~ KEGG PATHWAY  hsa04024 15 214 0.000 100 190 00 0.006 337 165 00

ECM-receptor interaction =~ KEGG PATHWAY hsa04512 8 86 0.000 772 500 00 0.032 174 924 00

Cytokine-cytokine receptor KEGG PATHWAY hsa04060 16 294 0.000 860 890 00 0.032 174 924 00

interaction

PI3K-Akt signaling pathway KEGG PATHWAY  hsa04151 18 354 0.000 890220 00 0.032 174 924 00

Focal adhesion KEGG PATHWAY  hsa04510 12 199 0.001 643 860 00 0.051 987 024 00

Axon guidance KEGG PATHWAY  hsa04360 11 181 0.002 384920 00 0.067 042 711 00

TGF-beta signaling pathway KEGG PATHWAY  hsa04350 7 94 0.005 172 660 00 0.127 505 302 00

http://journals.im.ac.cn/cjben
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