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Abstract

To identify genetic features associated with prostate cancer, the article proposes an integrated ma-
chine learning approach for screening key genes for prostate cancer and analyzing the biological
significance of these target genes in-depth to build an efficient predictive model for disease diagno-
sis. The study collected transcriptome data from 151 prostate cancer tissues and 152 normal tissues
through the UCSC Xena database, and corrected for batch effects using PCA and other methods. A
total of 2586 up- and down-regulated genes were screened by differential expression analysis and
combined with GO and KEGG enrichment analysis to reveal the key pathogenic pathways associated
with prostate cancer. A secondary screening was further integrated with three machine learning
algorithms, namely Random Forest, LASSO regression and Gradient Boosting Machine (GBM), and
12 key genes with significant impact on prostate cancer were finally identified. Based on these
genes, eight prostate cancer diagnosis prediction models were constructed, and the model perfor-
mance was evaluated using confusion matrix and ROC curve. The results showed that the accuracy
and AUC value of the Extreme Gradient Boosting (XGBoost) model reached 93% and 97%, respec-
tively, which verified the potential application of the model in prostate cancer diagnosis.

Keywords

Prostate Cancer, Differential Expression Analysis, Machine Learning, Diagnostic Predictive
Modeling

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0

1. 5|

HiI 51 i (Prostate Cancer)/& — ™ /6 3 5 P ( BE MR [1]. NRATI A8l oRE BT S Rse
P 93 2 A HE R AE A BRYE ] P 359 b T A v 7K T [2] o il 270 M P A 32 22 R R SR IR R D, B B A PR 3R
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Figure 1. Distribution of samples after removal of batch effects
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Figure 2. Random forest flowchart
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Figure 3. Differential gene volcano map
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Figure 4. Heat map of differential genes (top 50)
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Figure 5. Enrichment analysis. (a) BP in GO enrichment analysis; (b) CC in GO enrichment analysis; (¢) MF in GO enrichment
analysis; (d) KEGG enrichment analysis
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Figure 7. LASSO screening biomarkers
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Figure 10. Flowchart of ten-fold cross-validation
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