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Table 1 The number of features of the four—dimensional
data preprocessed using the maximum and minimum

normalization method

Dimension Features
mRNA expression 52421
DNA methylation 9254
miRNA expression 543
Copy number varaition 689
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Fig. 1 Cancer subtype classification process based on

multi-omics data
Preprocess the multi-omics data, screen molecular features and
classification features, then perform integrated clustering and analysis
on the multi-omics data after screening, and finally screen key

classification features and verify modeling.
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Table 2 The parameter setting of molecular feature and
classification feature screening and the number of features

after screening

Dimension i, Molecular C  Classification
features features
mRNA expression 1.1 3279 1.5 611
DNA methylation 0.5 6 740 1 765
miRNA expression 0.1 494 0.1 153
Copy number variation 0.1 689 0.1 120
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Fig. 2 Heat maps for hierarchical clustering of classification feature data in each dimension

The horizontal axis is the sample and the vertical axis is the classification feature.(a) mRNA expression, (b) miRNA expression, (c) DNA methylation,

(d) copy number variation.
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Fig.3 The heat map of the multi-dimensional omics classification feature after screening is integrated and clustered by the

iClusterBayes method

From top to bottom, there are heat maps generated by mRNA expression data, miRNA expression data, DNA methylation data, and copy number

variation data based on the integrated clustering results. Among them, the horizontal axis is the classification feature, and the vertical axis is the

sample. The vertical line in the middle of each sub-picture represents the dividing line of the category.
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Fig. 4 DNA methylation clustering results and Venn
diagram of integrated clustering results
Among them, hcl and hc2 are the results of hierarchical clustering of
DNA methylation, and iCl and iC2 are the results of integrated

clustering of multi-omics data.
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Fig.5 Survival curve

After hierarchical clustering of each omics data, the survival curves of hcl and he2 and the survival curves of iC1 and iC2 obtained by integrating the

omics data for integrated clustering: (a) Copy number variation hierarchical clustering, (b) DNA methylation hierarchical clustering, (c) miRNA

expression hierarchical clustering, (d) Integrated clustering.
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Fig. 6 Key classification features

(a) A heat map of hierarchical clustering using key classification features; (b) Two types of hcl and hc2 obtained after hierarchical clustering of key

classification features; (c) The Venn diagram of hcl and hc2 obtained by hierarchical clustering of key classification features and iC1 and iC2 of the

integrated clustering results.
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Fig.7 Using Bayesian posterior probability to screen out the 8 key classification features in the integrated clustering of the

two groups of iC1 and iC2 DNA methylation level comparison
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Classification of Early Cervical Squamous Cell Carcinoma Based on
Multi—omics Data”

WANG Xiao-Xi, LI Xiao-Qin", CAO A-Cheng, HOU Zhi-Chao, GAO Bin

(Faculty of Environment and Life of Beijing University of Technology, Beijing 100124, China)

Abstract Molecular classification of cancer is the current frontier of cancer omics and tumor precision
medicine. Although great progress has been made in molecular analysis of whole cancer, the molecular
classification of cervical squamous cell carcinoma still needs more exploration. In order to find the potential
subtypes of cervical squamous cell carcinoma, this paper proposed a data processing and analysis process based
on the classification of cancer subtypes based on multi-omics data. Specifically, we analyzed mRNA, and
microRNA (miRNA) expression data, as well as DNA methylation and copy number variation in cervical
squamous cell carcinoma cases, using datasets obtained from The Cancer Genome Atlas (TCGA). Moreover, we
identified molecules in each dimension, as well as integrated and clustered filtered classification features, and
used them to distinguish different subtypes. The resulting key classification features were used to establish a
classification model for cervical squamous cell carcinoma. The resulting key classification features were used to
establish a classification model for cervical squamous cell carcinoma. Our results revealed two cervical squamous
cell carcinoma subtypes, with significant differences across clinical survival levels, as well as 8 key classification
features of cervical squamous cell carcinomas. These findings are expected to provide important references for

early classification of cervical squamous cell carcinoma and identification of classification markers.
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