Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Identification of diagnostic biomarkers and immune
infiltration analysis in prostate cancer bone
metastasis based on EMT-NM- related genes

Ke Chen

Department of orthopedics, Huangshan N0.96601 Hospital
Jiayang Yue

The First Clinical Medical College of Nanjing University of Chinese Medicine
Zhaogui Ding

Department of orthopedics, Huangshan No.96601 Hospital

Min Cheng
Department of orthopedics, Huangshan No.96601 Hospital

Ning Yao
School of Basic Medical ScienceskXinjiang Medical University

Tiansheng Ye
Department of orthopedics, Huangshan No.96601 Hospital

Jia Sha
Department of orthopedics,Nanjing Jinling Hospital,Affiliated Hospital of Medical School,Nanjing

University
Zhangiang Hua
hzqol75@163, com

Department of orthopedics, Huangshan No.96601 Hospital

Research Article

Keywords: prostate cancer1, bone metastatic2, differentially expressed genes3, diagnostic value4,
immune infiltration5

Posted Date: October 6th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10915534/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License


https://doi.org/10.21203/rs.3.rs-10915534/v1
https://doi.org/10.21203/rs.3.rs-10915534/v1
https://doi.org/10.21203/rs.3.rs-10915534/v1
https://creativecommons.org/licenses/by/4.0/

Additional Declarations: No competing interests reported.



o0

10

11

12

13

14

15
16

17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

Identification of diagnostic biomarkers and immune infiltration analysis
in prostate cancer bone metastasis based on EMT-NM-related genes

Ke Chen'#, Jiayang Yue*#, Zhaogui Ding'#, Min Cheng', Ning Yao?, Tiansheng Ye' ", Jia Sha*
*, Zhanqiang Hua'"

! Department of orthopedics, Huangshan No.96601 Hospital, Anhui, China.
2 The First Clinical Medical College of Nanjing University of Chinese Medicine, Nanjing, China.
3 School of Basic Medical Sciences, Xinjiang Medical University, Xinjiang, China.

4 Department of orthopedics,Nanjing Jinling Hospital, Affiliated Hospital of Medical School,Nanjing
University,Nanjing,China.

# These authors contributed equally to this work and should be considered as co-first authors.
* Correspondence:

Zhanqiang Hua, E-mail: hzq5175@163.com

Jia Sha, E-mail:sjfmmu@163.com

Tiansheng Ye, E-mail: 2981869267(@qq.com

Keywords: prostate canceri, bone metastaticz, differentially expressed geness, diagnostic values,
immune infiltrations.

Abstract: Prostate cancer (PCa) is one of the most common malignancies in men and frequently
develops bone metastasis, which is associated with high morbidity and mortality. Biomarkers are
essential for the early diagnosis, treatment guidance, and prognostic evaluation of bone metastatic
prostate cancer (BMPCa). Therefore, this study aimed to identify epithelial -~ mesenchymal transition
(EMT)- and nucleotide metabolism (NM)-related genes with diagnostic potential in BMPCa and to
characterize their associated immune microenvironment features. Transcriptomic profiles of primary
PCa and BMPCa samples from GEO datasets were analyzed. Differentially expressed genes (DEGs)
associated with EMT and nucleotide metabolism were screened, and multiple machine learning
algorithms, including LASSO regression, Boruta, and random forest, were applied to identify
diagnostic biomarkers. Subsequently, a biomarker-based nomogram was constructed, and immune
infiltration analysis was performed to investigate the tumor immune microenvironment. Among seven
candidate genes enriched in nucleotide metabolism, S70048 and PLODZ2 were identified as robust
diagnostic biomarkers for BMPCa, with AUC values of 0.82 and 0.83 in the training cohort,
respectively. The constructed nomogram exhibited excellent diagnostic performance, achieving an
AUC of 0.89, and demonstrated potential clinical utility. Furthermore, S10048 expression showed a
strong positive correlation with myeloid-derived suppressor cell (MDSC) infiltration (r = 0.803).
Collectively, S10048 and PLOD?2 represent promising biomarkers for evaluating the risk of bone
metastasis in PCa. The association between S7100A48 expression and MDSC infiltration provides new
insights into the immune microenvironment of BMPCa and highlights potential targets for early
detection and precision therapeutic intervention.



37

38
39
40
41
42
43
44
45
46
47
48
49
50
51
52

53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

78
79
80
81
82

1 Introduction

Prostate cancer (PCa) is one of the most common malignancies of the male genitourinary system
worldwide [1; 2]. Although patients with early-stage prostate cancer can achieve favorable outcomes
through surgery and endocrine therapy, advanced PCa is prone to distant metastasis, with bone being
the most common metastatic site[3]. The 5-year survival rate for patients with localized prostate cancer
approaches 99%, whereas it declines dramatically to approximately 25% in patients with bone
metastatic prostate cancer[4]. Epidemiological data indicate that 81% of newly diagnosed PCa cases
in the United States are localized disease, whereas this proportion is only 33% in China[5]. Among
patients with advanced PCa, approximately 80%—90% will eventually develop bone metastases[6]. The
development of bone metastases in patients with PCa is associated with a significantly reduced life
expectancy. Moreover, skeletal-related events caused by bone metastases, such as bone pain and
pathological fractures, can severely impair patients' quality of life. Currently, there is still a lack of
highly sensitive and specific molecular biomarkers for the early diagnosis of bone metastatic prostate
cancer (BMPCa) in clinical practice, resulting in many patients missing the optimal window for
intervention. Therefore, the early identification of potential biomarkers is of great significance for the
development of novel therapeutic agents and the improvement of patient prognosis.

Epithelial-mesenchymal transition (EMT) is a key process by which malignant tumors acquire
migratory and invasive capabilities. EMT is a central biological mechanism by which cancer cells
acquire migratory and invasive properties. EMT is typically characterized by the downregulation of
epithelial markers, such as E-cadherin, and the upregulation of mesenchymal markers, including N-
cadherin and Vimentin. These molecular alterations lead to the loss of cell polarity, weakened
intercellular adhesion, and enhanced motility, ultimately promoting the formation of distant metastatic
lesions!”> . Previous study has demonstrated aberrant expression of EMT-related marker proteins,
including E-cadherin and Vimentin, in recurrent or metastatic thyroid carcinoma tissues, suggesting
that thyroid cancer metastasis is closely associated with EMT!). Notably, EMT-related markers are
also widely expressed in prostate cancer tissues. During prostate cancer progression, tumor cells can
undergo EMT, characterized by a morphological transition from a cuboidal epithelial phenotype to a
spindle-shaped mesenchymal phenotype!!”). The molecular regulatory network governing EMT plays
a central role in prostate cancer metastasis. Zhou et al. demonstrated that KIF1A promotes the EMT
process in prostate cancer by interacting with OGT to regulate protein expression!'!l. Ge et al.
demonstrated that ASPN enhances the stemness and EMT of prostate cancer cells by activating the
Wnt/B-catenin signaling pathway, increasing P-catenin expression and promoting its nuclear
accumulation, thereby facilitating prostate cancer metastasis!'?. During tumor progression, EMT
endows cancer cells with the ability to breach the basement membrane, enter the circulation, and
colonize distant organs. Study has shown that EMT plays an indispensable driving role in the migration
and invasion of prostate cancer cells toward the bone microenvironment!'*!. Meanwhile, metabolic
reprogramming, a hallmark of cancer, provides the material basis for the rapid proliferation and
metastasis of cancer cells. Aberrantly activated nucleotide metabolism (NM) not only supports the
extensive synthesis of DNA and RNA required for tumor cell proliferation[14], but also regulates the
tumor micro-environment through nucleotide-mediated signaling[15]. However, although both EMT
and NM play critical roles in tumor metastasis, studies integrating these two processes remain limited.

Immune cell infiltration, a key driving force in the remodeling of the tumor immune
microenvironment (TIME), plays a decisive role in the progression and distant metastasis of malignant
tumors[16]. The establishment of prostate cancer bone metastases is a highly complex process that
depends not only on the intrinsic invasive and proliferative capacities of tumor cells but also on the
dynamic interactions between cancer cells and various immune cell populations within the host bone
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marrow microenvironment[17]. Studies have shown that aberrant alterations in immune cell infiltration
within bone metastatic lesions promote tumor immune evasion, thereby creating a microenvironment
conducive to cancer cell colonization and metastatic establishment[18; 19]. Therefore, it holds
significant clinical importance for elucidating the regulatory mechanisms of the microenvironment and
identifying potential targets for combined immunotherapy.

The present study aimed to identify specific diagnostic biomarkers for BMPCa by integrating the
analysis of EMT and NM-related genes. Prostate cancer and bone metastasis cohorts from the GEO
public database were analyzed in combination with multiple machine learning approaches.
Furthermore, we constructed a clinical predictive nomogram and systematically evaluated the immune
cell infiltration landscape within bone metastatic lesions. We also comprehensively investigated the
phenotypic associations between the identified hub biomarkers and key immune cell populations. Our
findings may provide a novel theoretical basis for the early diagnosis and precision microenvironment-
targeted therapy of bone metastatic prostate cancer.

2 Materials and Methods
2.1 Data sources

The prostate cancer GSE32269 transcriptome dataset was downloaded from the GEO database
(https://www.ncbi.nlm.nih.gov) as the training set (22 PCa and 29 BMPCa samples, microarray
platform GPL96). The GSE77930 dataset was downloaded as the validation set (22 PCa and 20 BMPCa
samples, microarray platform GPL15659). The platform annotation files were used to map probes to
gene symbols. For multiple probes mapping to the same gene, the average expression value was
calculated. A total of 5,596 epithelial-mesenchymal transition (EMT)-related genes and 605 nucleotide
metabolism  (NM)-related genes were retrieved from the GeneCards database
(https://www.genecards.org/). The keywords “epithelial-mesenchymal transition” and “nucleotide
metabolism” were used for searching the GeneCards database to obtain the corresponding gene sets.
The retrieved EMT-related and NM-related genes are provided in Supplementary Table S1 and Table
S2.

2.2 Identification of differentially expressed genes (DEGs)

Differential expression analysis was performed to identify genes exhibiting significant differences
in expression levels between different sample groups. To identify differentially expressed genes
(DEGs) between the PCa and BMPCa groups in the training cohort, differential expression analysis
was performed using the "limma" package (v3.64.0; https://bioinf.wehi.edu.au/limma/). Non-coding
RNAs were excluded from the analysis. Genes with an adjusted P < 0.05 and an absolute log2 fold
change (|log2FC|) > 1.5 were considered as DEGs.

2.3 Candidate gene prediction

The R package "VennDiagram" was used to generate Venn diagrams, and the overlapping genes
among DEGs, EMT-related genes, and NM-related genes were identified. These intersecting genes
were subsequently regarded as candidate genes for further analyses.

2.4 GO and KEGG enrichment analysis of candidate genes

Gene Ontology (GO) consists of three categories that describe gene functions from different
perspectives, including molecular function (MF), cellular component (CC), and biological process
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(BP). Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis was performed using the
KEGG database to annotate the identified genes and determine the major metabolic and signaling
pathways in which these genes are involved. Gene Ontology (GO) and KEGG enrichment analyses of
the candidate genes were performed using the R package "clusterProfiler". A P value < 0.05 was
considered indicative of statistically significant enrichment.

2.5 Machine learning

LASSO regression analysis, Boruta feature selection, and random forest (RF) analysis were
performed on the candidate genes using all samples in the training cohort. LASSO regression was
performed using the candidate genes to construct a machine learning model, with the training cohort
serving as the input dataset.To reduce the dimensionality of the features, the "glmnet" package in R
(version 4.1-8; https://cran.r-project.org/web/packages/glmnet/index.html) was used to perform least
absolute shrinkage and selection operator (LASSO) logistic regression analysis. The parameters were
set as follows: family = "binomial" and nfolds = 5. Strongly associated features were selected, and
coefficient profiles as well as cross-validation error curves were generated to identify candidate feature
genes. In this study, the Boruta algorithm was implemented using the R package "Boruta" (version
8.0.0; https://cran.r-project.org/web/packages/Boruta) to screen candidate feature genes. Random
forest (RF) analysis was performed using the R package '"randomForest"(version4.7-
1.2;https://www.stat.berkeley.edu/breiman/RandomForests/). The optimal model was constructed by
iteratively evaluating different numbers of trees (ntree) and automatically selecting the optimal tree
number. Feature importance was assessed based on the mean decrease in accuracy
(MeanDecreaseAccuracy). The ranked feature importance plot was subsequently generated, and the
top five genes with the highest importance scores were retained. Finally, the candidate feature genes
identified by the three machine learning algorithms were intersected to obtain the final feature genes.

2.6 Expression analysis

Expression data for the feature genes were extracted from the training and validation cohorts. The
Wilcoxon rank-sum test was used to calculate and visualize the expression levels of the feature genes
between the PCa and BMPCa groups. Genes exhibiting significant differential expression (P < 0.05)
with consistent expression trends in both the training and validation cohorts were selected as candidate
biomarkers.

2.7 ROC verification of candidate biomarkers

Receiver operating characteristic (ROC) curves of the candidate biomarkers were generated using
the R package "pROC" (version 1.18.5; https://cran.r-project.org/web/packages/pROC/index.html),
and the area under the curve (AUC) was calculated. Candidate biomarkers with an AUC > 0.7 were
further selected to identify the final biomarkers.

2.8 Construction and validation of the flowchart

A nomogram was constructed in the training cohort based on the identified biomarkers and their
expression levels using the R  package '"rms" (version 8.0-0;  https://cran.r-
project.org/web/packages/rms/index.html). ROC curves were used to evaluate the ability of the model
to discriminate between different outcome categories. ROC curves illustrate the trade-off between the
true positive rate (sensitivity) and the false positive rate (1-specificity) across different decision
thresholds. ROC curve analysis was performed using the R package "pROC" (version 1.18.5;
https://xrobin.github.io/pROC/) to evaluate the discriminatory ability of the model. The area under the
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curve (AUC) and its corresponding 95% confidence interval (CI) were calculated to quantify the
overall discriminative performance of the model. An AUC value closer to 1.0 indicates superior
discriminatory ability.

Calibration curves were used to evaluate the accuracy of the model in predicting the probability
of clinical outcomes at the individual level. The calibration curve reflects the agreement between the
predicted probabilities and the observed outcomes. Calibration analysis was performed using the R
package "regplot" (version 1.1;
https://mirrors.sustech.edu.cn/CRAN/web/packages/regplot/index.html) to assess the predictive
accuracy of the model, and the results of the Hosmer—Lemeshow goodness-of-fit test were visualized.

Decision curve analysis (DCA) was performed to evaluate the clinical utility of the nomogram.
The R package "ggDCA" (version 1.2; https://rpkg.net/package/ggDCA) was used to generate DCA
curves. A positive net benefit across threshold probabilities ranging from 0 to 1 indicated that the
constructed model was clinically useful and effective. The predictive performance of the nomogram
was comprehensively assessed using ROC curve analysis, calibration curves, and DCA.

2.9 GSEA analysis

Based on the Molecular Signatures Database (MSigDB), the C2: Curated gene sets (KEGG
pathways) were obtained using the R package “msigdbr” and used as the reference gene sets for GSEA
analysis. The C2 gene set collection of Homo sapiens was downloaded, and KEGG-related gene sets
were extracted according to gene set names containing “KEGG”. Using all samples in the training
cohort, the R package “psych” was employed to calculate Pearson correlation coefficients between
each biomarker and all other genes. Genes significantly correlated with each biomarker (P <0.05) were
selected to construct biomarker-associated gene sets. Single-gene gene set enrichment analysis (GSEA)
was performed for each biomarker using the R package “clusterProfiler” to investigate the associations
between biomarkers and signaling pathways. Pathways with P < 0.05 were considered statistically
significant.

2.10 Immune infiltration analysis

To explore the immune infiltration patterns in the PCa and BMPCa groups, single-sample gene
set enrichment analysis (ssGSEA) implemented in the gsva function of the R package "GSVA" (version
2.2.0; https://github.com/rcastelo/GSVA) was applied to the training cohort to assess the immune
activity of each sample.The Wilcoxon rank-sum test was used to identify immune cells that differed
significantly between the two groups (P <0.05). Correlation analysis between the identified biomarkers
and differentially infiltrated immune cells was performed using the R package "psych", and the R
package "pheatmap" (version 1.0.12; https://cran.r-project.org/web/packages/pheatmap/index.html)
was used to visualize the correlation results in a heatmap.

3 Results
3.1 Identification of DEGs and candidate genes

Based on the training dataset, differential expression analysis was performed using the “Limma”
package (p < 0.05 and [log2FC| > 1.5), and a total of 201 DEGs were identified, including 106
upregulated and 95 downregulated genes in the BMPCa group. To comprehensively characterize the
distribution of DEGs, a volcano plot was generated using the “ggVolcano” R package to visualize the
differentially expressed genes. In the volcano plot, the top five upregulated and top five downregulated
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genes ranked by [log2FC| were annotated. To further visualize the results, heatmaps were generated
using the “ComplexHeatmap” R package, illustrating the expression patterns of the top five DEGs
ranked by [log2FC| in the BMPCa and PCa groups (Figure 1A-B). Based on 201 DEGs between the
BMPCa and PCa groups, 5,596 EMT-related genes, and 605 NM-related genes, a Venn diagram was
generated using the “Venn Diagram” R package to identify their intersections. A total of seven
intersecting genes were obtained as candidate genes (Figure 1C).
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Figure 1. Analysis of DEGs and candidate genes. (A) Volcano plot of differentially expressed genes;
(B) Heatmap of gene expression levels of DEGs; (C) Venn diagram identifying candidate genes. Note:
(B) The upper panel displays the expression density heatmap of the top 10 genes with the largest fold
change across samples, while the lower panel shows the gene expression heatmap. The colors indicate
the gene expression levels in the samples (red represents high expression, and blue represents low
expression). (C) Different color blocks represent distinct gene categories, and the numbers indicate the
gene counts.

3.2 GO and KEGG enrichment analysis of candidate genes

The seven obtained candidate genes were subjected to Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment analyses using the “clusterProfiler” R
package to investigate their associated biological functions.GO enrichment analysis was performed
with a significance threshold of p < 0.05, yielding 174 biological process (BP) terms, 10 cellular
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component (CC) terms, and 30 molecular function (MF) terms. As shown in the figure, the top five
enriched pathways with the highest number of associated genes in each category are presented (Figure
2A).

Candidate genes in the top 5 pathways of the BP: deoxyribonucleotide biosynthetic process, 2'-
deoxyribonucleotide biosynthetic process, deoxyribose phosphate biosynthetic process, 2'-
deoxyribonucleotide metabolic process, deoxyribonucleotide metabolic process. Candidate genes in
the TOPS pathway of CC: nuclear membrane, collagen-containing extracellular matrix, nuclear
envelope, NLS-dependent protein nuclear import complex, nucleocytoplasmic transport complex.
Candidate genes in the TOPS pathways of MF: carboxylic acid binding, organic acid binding, vitamin
binding, iron ion binding, microtubule binding.

KEGG enrichment analysis was performed with a significance threshold of p < 0.05, identifying
10 enriched pathways in total. The pathways were ranked in descending order based on the number of
enriched genes, and the top five pathways are shown in the figure, namely pyrimidine metabolism,
nucleotide metabolism, antifolate resistance, folate transport and metabolism, and one carbon pool by
folate (Figure 2B).
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Figure 2. Enrichment analysis of the candidate genes. (A) GO enrichment analysis. (B) KEGG
enrichment analysis. Note: (A)In the second ring, the numbers above the blue band indicate the number
of enriched genes. In the third ring, pink and green represent upregulated and downregulated genes,
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the outermost ring, red represents the top 5 pathways with the most enriched genes. In the second ring,
the numbers above the blue band denote the number of enriched genes. In the innermost ring, taller
bars indicate higher enrichment scores.

3.3 Characteristics gene

The seven candidate genes identified above were used to construct a LASSO logistic regression
model based on the training dataset to select strongly correlated features. As a result, two plots were
generated, including a lambda selection curve and a LASSO logistic regression coefficient penalty plot.
As shown in the figure, the optimal lambda value (0.009385354) was selected at the minimum error,
resulting in the identification of six candidate feature genes (Figure 3A—B). In addition, the Boruta
algorithm was applied using the “Boruta” R package to construct the model, which identified seven
candidate feature genes (Figure 3C). The RF model was constructed using the “randomForest” R
package to rank gene feature importance, and the top five genes were identified and visualized (Figure
3D). By intersecting the results obtained from the three machine learning algorithms, five final feature
genes were identified, including S10048, CENPF, PLOD2, TYMS, and KPNA?2 (Figure 3E).
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Figure 3. Selection of feature genes using machine learning. (A) LASSO coefficient profiles. (B)
Tuning parameter (lambda) selection in the LASSO model. (C) Feature importance boxplot generated
by the Boruta algorithm. (D) Top 5 important genes identified by the Random Forest (RF) algorithm.
(E) Venn diagram of the candidate feature genes. Note: (A) Each curve represents the coefficient
trajectory of an independent variable. The y-axis indicates the coefficient value, and the x-axis
represents the number of non-zero coefficients in the model. (B) The red dots represent the mean
squared error (MSE) and its standard error, where a smaller MSE indicates better model performance.
The numbers at the top indicate the number of independent variables remaining in the model. The first
vertical dashed line represents the minimum MSE.

3.4 Expression analysis
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To determine the expression patterns of the feature genes in BMPCa and PCa samples, violin plots
were generated to visualize the results. The results showed that only S/0048 and PLOD2 were
significantly overexpressed in the BMPCa group in both the training and validation datasets (p < 0.05).
Therefore, these two feature genes were selected as candidate biomarkers for subsequent analyses in
this study (Figure 4).
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Figure 4. Violin plots of feature gene expression levels. (A) Training set. (B) Validation set. ns, not
significant; *, P <0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001.

3.5 ROC verification of candidate biomarkers

ROC analysis of the candidate biomarkers was performed using the R package “pROC”, and the
area under the curve (AUC) was calculated. In the training cohort, the AUC values for S/10048 and
PLOD?2 were 0.82 and 0.83, respectively (Figure SA—B). In the validation cohort, the AUC values for
S100A48 and PLOD2 were 0.76 and 0.72, respectively (Figure 5C-D). Candidate biomarkers with an
AUC = 0.7, namely S10048 and PLOD2, were selected as the final biomarkers.
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Figure 5. ROC curves in the training and validation sets. (A) ROC curve for the S70048 gene in the
training set. (B) ROC curve for the PLOD?2 gene in the training set. (C) ROC curve for the S10048
gene in the validation set. (D) ROC curve for the PLOD2 gene in the validation set. Note: AUC
represents the area under the ROC curve.

3.6 Construction and validation of the flowchart

To predict the probability of bone metastasis in prostate cancer, a nomogram model was
constructed using the R package “rms” in the training cohort. The expression levels of the two
biomarkers were integrated, and the occurrence of BMPCa was defined as the outcome event for all
samples in the training set. In the figure, Pr represents the probability of bone metastasis in each sample
(Figure 6A). ROC curves were plotted based on the training cohort, and the predictive performance of
the nomogram model for BMPCa samples was evaluated using the AUC. As shown, the AUC was
0.89, indicating that the nomogram exhibited high diagnostic value (Figure 6B).Furthermore,
calibration curves were generated using the R package “rms” to evaluate the predictive performance
of the nomogram model. The Hosmer—Lemeshow test showed p > 0.05, indicating good agreement
between predicted and observed outcomes. In addition, the mean absolute error (MAE = 0.064 < 0.1)
demonstrated high accuracy of the nomogram in predicting BMPCa (Figure 6C).In this study, Decision
Curve Analysis (DCA) was performed in the training cohort based on the biomarkers. As shown in the
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Figure 6. Construction and validation of the nomogram. (A) The biomarker-based nomogram. (B)
ROC curves. (C) Calibration curves. (D) DCA curves.

3.7 GSEA analysis of biomarkers

To further investigate the signaling pathways and underlying biological mechanisms associated
with each biomarker, Gene Set Enrichment Analysis (GSEA) was performed in the training set. Among
these, the S710048 and PLOD?2 genes were significantly enriched in 65 and 27 pathways, respectively.
PLOD?2 gene top 5 signaling pathways: Ribosome, Ecm Receptor Interaction, Cell Cycle, Dna
Replication, Focal Adhesion (Figure 7A). S100A48 gene top 5 signaling pathways: Ribosome, Oxidative
Phosphorylation, Parkinsons Disease, Natural Killer Cell Mediated Cytotoxicity, Cytokine Cytokine

Receptor Interaction (Figure 7B).
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316  Figure 7. GSEA analysis. (A) GSEA of the PLOD?2 gene; (B) GSEA of the S100A48 gene.
317 3.8 Immune infiltration analysis

318 To perform immune infiltration analysis, we utilized the single-sample Gene Set Enrichment
319  Analysis (ssGSEA) algorithm to calculate the infiltration levels of 28 distinct immune cell types within
320  the training set. A Wilcoxon test was performed to compare immune cell infiltration between the
321 BMPCa and PCa groups in the training cohort, identifying 14 immune cell types with significant
322  differences. The results were subsequently visualized using heatmaps and boxplots generated via the
323 'ggplot2' R package (Figure 8A-B). To further explore the relationships among the differentially
324  infiltrated immune cells, Spearman correlation analysis was conducted (|cor| > 0.3, p < 0.05). A
325  heatmap was then generated using the 'corrplot' R package to visualize the correlations among these
326 14 immune cell types. Additionally, Spearman correlation analysis was performed between the
327  biomarkers and the differentially infiltrated immune cells. The strongest positive correlation was
328  observed between MDSCs and the S10048 gene (r = 0.803), indicating a highly significant association
329  (Figure 8C-D).
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331  Figure 8. Immune cell infiltration analysis. (A) Immune cell infiltration levels between different
332 groups. (B) Differences in immune cell infiltration between the groups. (C) Correlation analysis among
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the differentially infiltrated immune cells. (D) Correlation analysis between the biomarkers and
differentially infiltrated immune cells. Note: (C) This panel displays the correlations among the
differentially infiltrated immune cells. The color scale from red to blue indicates positive to negative
correlations, respectively. The size of the red area in the pie charts represents the strength of the positive
correlation. *, P <0.05; **, P<0.01; ***, P<0.001; ****, P <0.0001.

4. Discussion

Bone metastasis frequently occurs in advanced PCa and is a major contributor to poor prognosis
and high mortality among affected patients[4]. Therefore, identifying highly specific molecular
biomarkers for bone metastasis remains a major challenge for clinical intervention. EMT confers
invasive and metastatic phenotypes on tumor cells, while reprogramming of NM supplies the necessary
energy and biosynthetic substrates for sustained proliferation and metastatic colonization of cancer
cells. Although previous studies have investigated the role of individual mechanisms in PCa
progression, the combined diagnostic value of EMT and NM-related genes in BMPCa, as well as their
associated immune microenvironment characteristics, remains insufficiently elucidated. In this study,
we integrated these two gene sets and applied multiple machine learning algorithms to precisely
identify two differentially expressed core biomarkers (S7/0048 and PLOD?2). We further investigated
their potential roles in clinical prediction, immune infiltration, and epigenetic regulatory networks.

After LASSO, Boruta, and random forest (RF) analyses, S10048 and PLOD?2 were identified as
the most predictive biomarkers and were significantly upregulated in BMPCa samples. S/0048 is an
important calcium-binding protein and pro-inflammatory factor[20; 21]. Previous study has shown that
S10048 can induce EMT in tumor cells by activating inflammatory signaling cascades, thereby
promoting an invasive phenotype[22]. In this study, GSEA analysis revealed that S/0048 was
significantly enriched in the ribosome, oxidative phosphorylation, Parkinson’s disease, natural killer
cell-mediated cytotoxicity, and cytokine—cytokine receptor interaction pathways.These enrichment
results are highly consistent with recent reports on the mechanisms of tumor metastasis. Aberrant
activation of ribosome biogenesis has been confirmed as a key factor driving tumor metastasis,
promoting adaptive translation in cancer cells, and contributing to therapeutic resistance[23].
Meanwhile, oxidative phosphorylation (OXPHOS)-driven metabolic reprogramming provides
essential energy support for tumor cell invasion, including EMT, as well as for colonization within the
bone microenvironment[24; 25]. At the level of the immune microenvironment, effective activity of
natural killer (NK) cells plays a decisive role in controlling prostate cancer metastasis and improving
patient prognosis[26; 27]. SI00AS8 is a key target involved in the formation of the pre-metastatic
niche[28]. These findings strongly suggest that high expression of S7/0048 may promote the
progression of BMPCa through multiple mechanisms, including enhancement of ribosomal translation,
reprogramming of oxidative phosphorylation metabolism in tumor cells, and coordinated regulation of
NK cell-related immune evasion, thereby collectively driving disease progression in a
multidimensional manner.

Procollagen-lysine, 2-oxoglutarate 5-dioxygenase 2 (PLODZ2) is a catalytic enzyme primarily
responsible for hydroxylating lysine residues in the telopeptide regions of procollagen[29]. This
process is essential for stable collagen cross-linking and extracellular matrix (ECM) remodeling. In
recent years, it has emerged as a highly studied target in the regulation of the tumor microenvironment
and in tumor cell invasion and metastasis[30; 31]. GSEA results showed that PLOD2 was primarily
associated with ribosome, ECM—receptor interaction, cell cycle, DNA replication, and focal adhesion
pathways. These pathways are known to exhibit profound synergistic effects in tumor progression. For
example, the ECM-receptor interaction and focal adhesion pathways serve as central hubs for cellular
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sensing and response to mechanical signals from the microenvironment[32]. Focal adhesions act as
cellular mechanosensors, mediating bidirectional mechanical and biochemical signaling between cells
and the ECM through molecules such as integrins[32; 33]. This interaction can activate kinase cascades
such as FAK and Src, thereby regulating cytoskeletal dynamic remodeling as well as ECM degradation
and redeposition[32]. Meanwhile, ECM stiffness—mediated alterations in mechanical signaling can
further activate downstream transcriptional pathways, thereby directly interfering with cell cycle
regulation and DNA replication, and enhancing tumor cell proliferative capacity and invasive
plasticity[34]. Therefore, targeting PLOD?2 and its associated cell adhesion and mechanotransduction
pathways may represent a potential therapeutic strategy for inhibiting tumor invasion and distant
dissemination[33; 35].

In terms of clinical translational value, the nomogram constructed based on S70048 and PLOD?2
demonstrated favorable diagnostic performance. ROC curve analysis in the training cohort showed
high accuracy (AUC = 0.89), while calibration curves (MAE = 0.064) and DCA further confirmed the
model’s strong predictive concordance and significant clinical net benefit. This suggests that the two-
gene-based predictive signature may serve as a valuable complement to conventional pathological
diagnosis, facilitating early screening and intervention for patients at high risk of bone metastasis.

The formation of the bone metastatic microenvironment is accompanied by complex immune cell
remodeling. MDSCs are key immunosuppressive cells within the tumor microenvironment[36].
MDSC-induced PD-1-PD-L1+ B-cell subset in breast tumor microenvironment possesses immuno-
suppressive properties[37]. Research has shown that MDSC facilitate distant metastasis of
malignancies by shielding circulating tumor cells (CTC) from immune surveillance[38]. Combining
TIGIT blockade with MDSC inhibition hinders breast cancer bone metastasis by activating antitumor
immunity[39]. The immune infiltration analysis conducted in this study identified 14 significantly
different immune cell populations between the PCa and BMPCa groups. Among these, the infiltration
level of myeloid-derived suppressor cells (MDSCs) exhibited a strong positive correlation with the
expression of S7100A8 (cor = 0.803).This finding suggests that elevated 710048 expression may act as
a chemotactic signal to recruit large numbers of myeloid-derived suppressor cells (MDSCs) to bone
metastatic lesions, thereby suppressing T-cell function and facilitating immune evasion by tumor cells.

Although this study provides promising combined biomarkers for the early diagnosis of BMPCa,
several limitations remain from the perspective of clinical translation. First, the sample size included
in this study was relatively limited, and potential population heterogeneity may have existed. The
generalizability and diagnostic performance of the nomogram model in real-world clinical cohorts still
require rigorous external validation through multicenter, large-scale prospective studies. Second, due
to the lack of long-term follow-up data, this study was unable to evaluate the independent prognostic
value of S710048 and PLOD? in predicting long-term clinical outcomes, such as progression-free
survival and overall survival.

5. Conclusion

By integrating bioinformatics analyses with multiple machine learning algorithms, this study
identified and validated S7/00A48 and PLOD? as core diagnostic biomarkers for BMPCa.The nomogram
prediction model constructed based on EMT- and NM-related genes demonstrated excellent clinical
diagnostic performance and substantial clinical net benefit. Furthermore, immune infiltration analysis
revealed a strong positive correlation between S7/00A48 expression levels and MDSC infiltration,
suggesting that S/0048 may play a critical role in driving the remodeling of the immune
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microenvironment during bone metastasis. This study provides new insights and reliable targets for the
early screening and precise targeted intervention of BMPCa.
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