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PRSS22 as a novel prognostic and
Immune regulatory biomarker in
PanCancer multiomics analysis
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Serine proteases are key mediators of tumorigenesis; however, the pan-cancer significance of
PRSS22 remains poorly defined. This study comprehensively analyzes the multi-omics landscape and
clinical relevance of PRSS22 across 33 cancer types using data from TCGA, HPA, and cBioPortal. We
performed systematic analyses, including expression profiling (cancer vs. normal), prognosis (overall
survival), characterization of the immune microenvironment, functional enrichment, and assessment
of genomic alterations. PRS522 expression demonstrated significant cancer-type specificity, with
frequent overexpression observed in 10 cancer types and downregulation in 4 cancer types (p <0.05).
Notably, elevated tumor expression levels of PR$522 were independently associated with worse
overall survival in multiple cancers, specifically KIRC, LIHC, LUAD, and SKCM (p <0.05). Despite
showing downregulation at the mRNA level in KIRC, LIHC, and SKCM cancer cell lines as validated

by qPCR, higher tumor tissue PRSS522 expression in patient cohorts of these cancers remained
strongly associated with poor prognosis—a paradox suggesting potential non-cell-autonomous
roles. Furthermore, PRSS22 levels showed associations with the tumor immune microenvironment.
Functional enrichment analyses indicated that PRSS22 co-expressed/related genes are enriched

in diverse biological processes relevant to cancer. Our pan-cancer analysis establishes PRS522 as a
multifaceted biomarker with prognostic value and links to tumor immunity, highlighting its complex,
context-dependent roles across malignancies. These findings provide a crucial foundation for
elucidating PRSS22’s mechanisms and assessing its potential for diagnostic/prognostic applications.
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Cancer remains a leading cause of global mortality, with tumor heterogeneity and dysregulated molecular
pathways posing significant challenges!. Serine proteases, a class of enzymes involved in extracellular matrix
remodeling, immune modulation, and cellular signaling, have emerged as critical regulators of oncogenesis and
tumor progression’>. The PRSS22 gene, mapping to chromosome 16p13.3, was initially identified as a member
of the serine protease family. It is primarily expressed in airway epithelial cells under physiological conditions
and is involved in extracellular matrix remodeling, immune regulation, and cellular signaling’®. Among
these, PRSS22 has been implicated in tumorigenesis through its potential roles in proteolytic cascades and
microenvironmental interactions®. However, a comprehensive pan-cancer analysis of PRSS22—incorporating
its expression patterns, prognostic significance, and mechanistic connections with immune infiltration—has not
been thoroughly investigated, thus constraining its potential clinical application as a biomarker or therapeutic
target.

Recent advances in multi-omics databases, including The Cancer Genome Atlas (TCGA)” and the Human
Protein Atlas (HPA)?, provide unprecedented opportunities to decode cancer-associated genes across diverse
malignancies. While preliminary studies have linked PRSS22 to specific cancers®’, its pan-cancer expression
profile, mutation landscape, and interactions with tumor-infiltrating immune cells remain poorly characterized.
Furthermore, conflicting reports on the tissue-specific roles underscore the need for systematic investigations

that integrate genomic, proteomic, and clinical datasets.
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This study aims to provide a comprehensive pan-cancer evaluation of PRSS22, integrating multi-omics
data. We systematically analyzed transcriptomes from TCGA/GTEx and protein expression from HPA, then
performed experimental validation using quantitative real-time PCR (qPCR) to characterize PRSS22 expression
patterns and assess its prognostic relevance. Functional enrichment and protein-protein interaction (PPI)
network analyses were employed to identify associated biological pathways. Further investigations into its
relationship with tumor immunity and genomic instability were undertaken using immune deconvolution
methods and mutation burden analysis. Collectively, this work aims to evaluate PRSS22 as a candidate multi-
faceted biomarker for prognostication and immunotherapy stratification, with computational insights guiding
future mechanistic and clinical studies.

Materials and methods

Data acquisition and processing

Transcriptomic and clinicopathological data for 33 cancer types were obtained from public databases, with
detailed acquisition and processing procedures as follows: RNA sequencing (RNAseq) data of 33 cancer projects
processed by the STAR workflow were downloaded and curated from the TCGA Data Portal (https://porta
L.gdc.cancer.gov/), from which transcriptomic data in Transcripts Per Million (TPM) format were extracted.
Additionally, RNAseq data in TPM format—uniformly processed using the Toil workflow!!—were retrieved
from the UCSC XENA platform (https://xenabrowser.net/datapages/), which integrates transcriptomic data
from both TCGA (corresponding to the 33 pan-cancer types mentioned above) and the Genotype-Tissue
Expression (GTEXx) project. Genes significantly co-expressed with PRSS22 (top 100, Pearson correlation p < 0.05)
were identified using Gene Expression Profiling Interactive Analysis 2 (GEPIA2) (http://gepia2.cancer-pku.cn
/)2. The three-dimensional (3D) structure of the PRSS22 protein was predicted using the AlphaFold Protein
Structure Database (https://alphafold.ebi.ac.uk/)!, with per-residue confidence scores (pLDDT) indicating
reliability. This study complied with TCGA data usage guidelines for de-identified public datasets, which waive
additional ethical approval.

Pan-cancer expression profiling

PRSS22 expression was evaluated across: (1) TCGA tumors (n=11,123), (2) combined TCGA tumors and
GTEx normal tissues (n=18,102), (3) TCGA-matched tumor-normal pairs (n=1404). Normalization used
log:(TPM + 1)-transformed counts. Differential expression required |log, fold change|> 1 (FDR-adjusted q <0.05,
Benjamini-Hochberg method). Immunohistochemical (IHC) profiles of PRSS22 in normal and neoplastic
tissues were obtained from the HPA (https://www.proteinatlas.org/) for visual reference.

gPCR validation of PRS522 expression

Normal control and cancer cell lines representing four tumor types were cultured in appropriate media: (1)
Kidney Renal Clear Cell Carcinoma (KIRC): HK2 (control), 786-O, A498, SW839. (2) Liver Hepatocellular
Carcinoma (LIHC): LX-2 (control), Huh-7, JHH-7, HCCLM3. (3) Lung Adenocarcinoma (LUAD): BEAS-2B
(control), A549, H1299, HCC827. (4) Skin Cutaneous Melanoma (SKCM): HaCaT (control), A375, A2058, SK-
MEL-28. Following standard protocols, total RNA was extracted, reverse transcribed into cDNA, and subjected
to gPCR using PRSS22-specific primers: forward: 5'-TGTCTCGGCACCTTCACCT-3/, reverse: 5'-GAATACA
CAGGGTGGGGCTC-3'. Gene expression was normalized to GAPDH and quantified via the 2"AACt method.
Detailed experimental protocols are provided in Supplementary Material 1.

Prognostic and clinicopathological correlation analysis

Cox proportional hazards regression was used to evaluate the association between PRSS22 expression and
overall survival (OS) across 33 malignancies'®. Survival curves were generated for cancers with significant
hazard ratios (p<0.05). Clinicopathological parameters (gender, T/N/M stage, pathological stage, etc.) were
analyzed using the Wilcoxon rank-sum and Kruskal-Wallis tests. The diagnostic efficacy in prognosis-linked
cancers was assessed using receiver operating characteristic (ROC) curves.

Nomogram development

Cancer types with significant univariate Cox associations (p<0.05) and sample size>400 were included.
Multivariable Cox models incorporated PRSS22 expression, TNM stage, pathological stage, and serum
biomarkers, among others. Nomograms were built using survival (v3.3-1) and rms (v6.3-0) in R. Calibration
curves validated 1-, 3-, and 5-year OS predictions.

PRSS22-associated cell clustering and classification

Download the corresponding single-cell data in .h5 format and annotation results from TISCH2 (http://tisch.co
mp-genomics.org/)!'°. Process and analyze the single-cell data using the R software packages MAESTRO (v1.8.0)
and Seurat (v4.1.0). Then, cell clustering and grouping will be performed using the t-SNE method.

Protein—protein interaction (PPI) network

The STRING database (https://string-db.org/; confidence score>0.15) was queried to identify PRSS22-inte
racting proteins '°. The PPI network was visualized and topologically analyzed (using degree centrality and
betweenness) with Cytoscape (v3.9.1), with functional modules annotated via the MCODE plugin.

Immune infiltration analysis
PRSS22’s correlation with immune cell abundance (such as B cells, macrophages, CD4+/CD8+T cells) was
assessed using TIMER2.0 (http://timer.cistrome.org/) 7 and CIBERSORT algorithms!®. Immune cell fraction
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distributions were visualized as stacked bar plots !°. Immune infiltration analysis was performed using the
ssGSEA algorithm provided by the R package GSVA [1.46.0], which utilizes markers for 24 immune cell types
to calculate the immune infiltration status 2. The lollipop chart was generated using the ggplot2 package,
displaying the correlation coefficients and their statistical significance. The scatter plot, also created with
the ggplot2 package, visually represents the relationship between PRSS22 expression levels and the extent of
specific immune cell infiltration. The correlation between PRSS22 and immune activation, as well as exhaustion
markers?! was analyzed using the GEPIA2 online platform with Spearman’s rank correlation coefficient.

Functional enrichment analysis

GEPIA2-derived PRSS22-correlated genes (top 100) underwent Gene Ontology (GO: BP/CC/MF) and KEGG
pathway analysis??>~>* via the clusterProfiler R package (v4.4.4)%. Differential expression genes (DEGs) in
prognostic cancers were identified using DESeq2 (FDR <0.05), followed by gene set enrichment analysis (GSEA)
for pathway annotation?.

Genomic alteration profiling
Mutation frequencies, copy number variations (CNAs), and mRNA alterations of PRSS22 were analyzed via
cBioPortal (https://www.cbioportal.org/)?” using TCGA pan-cancer datasets.

Statistical analysis

Bioinformatic analyses were conducted using the Xiantao platform (https://www.xiantao.love/products),
which operates within the R statistical computing environment. Group comparisons were performed using the
Wilcoxon test (for two groups) or the Kruskal-Wallis test (for three or more groups). Spearman’s rank evaluated
correlations. qPCR data from three biological replicates were analyzed by one-way ANOVA with Tukey’s post-
hoc test (GraphPad Prism v9.4.0; results: mean + SD; * p <0.05, ** p<0.01, *** p<0.001).

Results

Dysregulated PRSS22 expression in pan-cancer and predicted 3D structure

Integrated analysis of TCGA_GTEx and TCGA datasets revealed tumor-specific dysregulation of PRSS22:
significant upregulation (log2FC>1, p<0.05) was observed in 10 cancer types, such as Bladder Urothelial
Carcinoma (BLCA) and LUAD, while downregulation was identified in 4 cancers, including Kidney
Chromophobe (KICH) (Fig. 1A-C). AlphaFold generated a predicted 3D structure of the PRSS22 protein,
revealing its folding patterns and functional regions (Fig. 1D). HPA THC images indicated elevated PRSS22
protein expression in BLCA and LUAD tumors relative to adjacent normal tissues. In contrast, Breast Cancer
(BRCA) exhibited comparable expression levels (Fig. 1E).

Experimental validation of PRSS22 expression via qPCR

To empirically validate the dysregulated PRSS22 expression patterns identified in our pan-cancer analysis, we
performed qPCR assays on cell lines representing four malignancies: KIRC, LIHC, LUAD, and SKCM. Using
established normal cell lines as controls (HK2 for KIRC, LX-2 for LIHC, BEAS-2B for LUAD, and HaCaT for
SKCM), we assessed PRSS22 mRNA levels in triplicate experiments. In line with the bioinformatic results,
PRSS22 expression showed notable cancer-specific changes. Specifically, in KIRC models, PRSS22 was markedly
downregulated in 786-0, A498, and SW839 cells compared to HK2 controls (p <0.01) (Fig. 2A). Similarly, LIHC
cell lines (Huh-7, JHH-7, HCCLM3) showed reduced expression relative to LX-2 (p <0.01) (Fig. 2B). Conversely,
LUAD-associated cells (A549, H1299, HCC827) demonstrated pronounced upregulation versus BEAS-2B
(p<0.05) (Fig. 2C). In SKCM, A375, A2058, and SK-MEL-28 cells exhibited suppressed PRSS22 levels compared
to HaCaT (p<0.01) (Fig. 2D).

Prognostic significance of PRSS22

The forest plot (Fig. 3A) presents the univariate Cox analysis results of the PRSS22 gene across multiple tumors,
including the p-value, hazard ratio (HR), confidence interval of HR, P value, Wald value, and standard error (SE).
Cox regression identified PRSS22 as an independent prognostic marker in KIRC (p=0.015, HR 1.45, 95% CI
1.07-1.96), LIHC (p=0.027, HR 1.50, 1.05-2.16), LUAD (p=0.017, HR 1.42, 1.06-1.89), and SKCM (p=0.044,
HR 1.32, 1.01-1.73; Fig. 3B)—high PRSS22 expression correlated with reduced OS. ROC curves demonstrated
favorable diagnostic performance across prognostic-linked cancers, with AUC values ranging from 0.793 to
0.957 (95% CI shown in Fig. 3C), supporting its potential clinical utility.

Clinicopathological associations

In KIRC, PRSS22 levels positively correlated with Race (p<0.001) and Serum calcium (p<0.01) (Fig. S1A).
LIHC exhibited associations with AFP, Age, and Residual tumor (p<0.05) (Fig. S1B). SKCM showed linkages
to Breslow depth (p<0.001), Melanoma ulceration(p <0.01), Melanoma Clark level, Pathologic T stage, and
Tumor tissue site(p <0.05) (Fig. S1C), while LUAD correlated with Anatomic neoplasm subdivision (p <0.05)
(Fig. S1D).

Nomogram predictive performance

Multivariable Cox models were constructed to integrate PRSS22 expression with clinicopathological factors for
KIRC, LIHC, LUAD, and SKCM. The models yielded C-indices of 0.575 (KIRC), 0.584 (LIHC), 0.544 (LUAD),
and 0.655 (SKCM), indicating modest predictive accuracy. Calibration curves for 1-, 3-, and 5-year survival
probabilities are provided in Fig. SIE.
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Fig. 1. Expression patterns and predicted structure of PRSS22 in human cancers. (A) The expression of
PRSS22 mRNA across 33 types of tumors was analyzed in the TCGA databases. (B) The expression of PRSS22
mRNA across 33 types of tumors in TCGA_GTEx. (C) PRSS22 expression in paired tumor-normal samples
from 23 TCGA cohorts. (D) Predicted 3D structure of PRSS22 by AlphaFold, with pLDDT confidence scores.
(E) Protein expression of PRSS22 in tumor and normal tissues. (ns, p>0.05; *p <0.05; **p <0.01; ***p <0.001).
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Fig. 2. Differential gene expression of PRSS22 in cancer cells. (A) KIRC: PRSS22 mRNA was significantly
downregulated in 786-0, A498, and SW839 cell lines compared to the human renal proximal tubule epithelial
cell line HK2 (p <0.01). Expression ranking: HK2>786-O >SW839> A498. (B) LIHC: PRSS22 showed marked
downregulation in Huh-7, JHH-7, and HCCLM3 cells relative to the hepatic stellate cell line LX-2 (p <0.01).
Expression ranking: LX-2>Huh-7>HCCLM3 >JHH-7. (C) LUAD: PRSS22 was significantly upregulated in
A549, H1299, and HCC827 cells compared to the normal bronchial epithelial cell line BEAS-2B (p <0.05).
Expression ranking: HCC827 > H1299 > A549 > BEAS-2B. (D) SKCM: Pronounced downregulation was
observed in A375, A2058, and SK-MEL-28 melanoma cells versus the immortalized human keratinocyte line
HaCaT (p<0.01). Expression ranking: HaCaT > SK-MEL-28 > A2058 > A375. *p <0.05, **p <0.01.

Cluster analysis and classification of cells related to PRS522

The single-cell clustering analysis revealed distinct cell clustering patterns associated with PRSS22 across the
different cancer types. In KIRC (GSE145281), NSCLC (GSE179373), and SKCM (GSE139249), we observed
notable clusters of CD4 +and CD8 + T cells. In contrast, the LIHC dataset (GSE146409) predominantly clustered
epithelial cells (Fig. 4A-C).

Protein—protein interaction network topology

To explore the functional implications and interaction networks of PRSS22, PPI data were retrieved from the
STRING database using a confidence threshold >0.15. The interaction network was reconstructed and visualized
using Cytoscape (v3.9.1), revealing PRSS22 as a central hub interconnected with multiple binding partners
(Fig. 5A).

Association of PRSS22 with immune cell infiltration and immune markers
To comprehensively evaluate the role of PRSS22 in tumor immunomodulation, we analyzed its relationship with
immune cell infiltration and key immune markers across various malignancies using TCGA data via TIMER 2.0.
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Fig. 3. Prognostic and diagnostic value of PRSS22 expression across cancers. (A) Forest plot depicting the
association between PRSS22 expression and OS in a pan-cancer analysis (Cox proportional hazards model)
(B) Kaplan-Meier survival curves showing the impact of high versus low PRSS22 expression on OS in four
representative cancers: KIRC, LIHC, LUAD, and SKCM. (C) Diagnostic efficacy of PRSS22 expression in
prognosis-linked cancers assessed via ROC curves.

Heatmaps were created to depict the correlation between PRSS22 expression and B cells, macrophages, CD4+ T
cells, and CD8+T cells (Fig. 5B) in a pan-cancer context. Furthermore, stacked bar plots depicting PRSS22-
associated immune cell fractions were constructed for KIRC, LIHC, LUAD, and SKCM, providing a comparative
visualization of immune infiltration patterns across these malignancies (Fig. 5C).

Detailed immune infiltration analysis across four malignancies revealed distinct PRSS22-immune cell
relationships: (1) KIRC: Positive correlation with NK cells activated (R=0.122, p=0.004); Negative correlation
with Macrophages M2 (R=-0.139, p=0.001). (2) LIHC: Positive correlation with Macrophages MO(R=0.236,
p<0.001); Negative correlation with Macrophages M1 (R=-0.144, p=0.005). (3) LUAD: Positive correlation
with Macrophages M0 (R=0.174, p <0.001); Negative correlation with Plasma cells (R=-0.160, p<0.001). (4)
SKCM: Positive correlation with Macrophages MO (R=0.220, p<0.001); Negative correlation with T cells CD8
(R=-0.113, p<0.014). These associations were visualized through lollipop charts and substantiated by scatter
plots with annotated regression lines, correlation coefficients, and p-values (Fig. 5D).

Additionally, we systematically evaluated the associations between PRSS22 expression and key immune
markers, including activation markers (CD28, TNFRSF9) and exhaustion markers (PDCD1, HAVCR2, CTLA4,
TIGIT), across different malignancies. Applying criteria of |R|>0.2 and p<0.05, tissue-specific correlations
emerged: In KIRC, PRSS22 showed a significant negative correlation with the exhaustion marker TNFRSF9
(R=-0.22; Fig. S2A). In LIHC, PRSS22 was strongly positively correlated with both activation markers CD28
(R=0.22) and TNFRSF9 (R=0.24), and exhaustion markers PDCD1 (R=0.34), HAVCR2 (R=0.45), CTLA4
(R=0.30), and TIGIT (R=0.26) (Fig. S2B). No significant associations were found in LUAD or SKCM (Fig.
S2C-D).

Functional enrichment insights

To elucidate the biological roles of PRSS22 in tumorigenesis, the top 100 co-expressed genes with PRSS22 were
identified using the GEPIA2 database. GO enrichment analysis revealed that PRSS22-associated genes are
significantly involved in diverse biological processes (BP), including, but not limited to, epidermis development,
skin development, epidermal cell differentiation, and keratinocyte differentiation. Cellular component (CC)
analysis highlighted associations with cell-cell junctions, desmosomes, gap junctions, and connexin complexes.
At the same time, molecular function (MF) terms included cadherin binding, calcium-dependent protein
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Fig. 4. PRSS22-associated cell clusters in KIRC (GSE145281), NSCLC (GSE179373), and SKCM (GSE139249)
are linked to distinct CD4 +and CD8+ T cell clusters, while LIHC (GSE146409) primarily clusters epithelial
cells related to PRSS22 expression. (A) t-SNE plots for single-cell clustering, with different colors representing
various cell types. (B) t-SNE plots for the expression distribution of PRSS22 across different cell types, where
darker colors represent lower expression and brighter colors represent higher expression. (C) Bar plots
showing the expression abundance of PRSS22 in different cell types.

binding, and cell-cell adhesion mediator activity (Fig. 6A). To investigate PRSS22’s functional significance
further, GSEA was performed based on its differential expression patterns in KIRC, LIHC, LUAD, and SKCM.
The results revealed associations between PRSS22 expression and key oncogenic pathways, including, but not
limited to, FCGR activation, CD22-mediated BCR regulation, ECM regulators, constitutive signaling by aberrant
PI3K in cancer, PD1 signaling, p53 signaling pathway, and DNA methylation (Fig. 6B).

Genomic alteration landscape

Genomic alteration profiling of PRSS22 was performed using cBioPortal tools across multiple cancer types.
The results revealed heterogeneous mutation profiles, with PRSS22 copy number amplifications most frequently
observed in breast cancer. In contrast, melanoma exhibited the highest mutation frequency. Additionally, deep
deletions of PRSS22 were detected in breast cancer, ovarian cancer, esophagogastric cancer, hepatobiliary cancer,
and embryonal tumors, suggesting genomic instability (Fig. 6C).

Discussion

This pan-cancer multi-omics analysis identifies PRSS22 as a multifaceted biomarker with potential in
prognostication and reveals its associations with immune landscapes across malignancies. Our findings reinforce
the emerging role of serine proteases in tumorigenesis while providing a systemic, multi-omics perspective on
PRSS22 functionality 282
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Fig. 5. Integrated analysis of PRSS22 protein interactions and immune infiltration patterns. (A) PPI network
of PRSS22 and its interacting partners. (B) Heat maps illustrate the correlations between PRSS22 expression
and immune cell types, including B cells, macrophages, CD4 +T cells, and CD8 + T cells, in the TIMER2
database, respectively. (C) Stacked bar plots of PRSS22-associated immune cell fractions in KIRC, LIHC,
LUAD, and SKCM. (D) Lollipop chart and scatter plots depicting the correlation between PRSS22 expression
and specific immune cell infiltration in KIRC, LIHC, LUAD, and SKCM. The lollipop chart shows correlation
coeflicients for various immune cell types, and scatter plots illustrate the relationship between PRSS22 and
specific immune cells with regression lines, correlation coefficients, and p-values annotated.

The dysregulated expression of PRSS22 across various cancer types highlights its potential as a pan-cancer
biomarker, warranting further investigation. We observed distinct expression patterns: PRSS22 was frequently
overexpressed in malignancies such as LUAD, where elevated levels correlated with reduced OS, supporting its
utility as an adverse prognostic marker. Conversely, our qPCR analysis revealed a significant downregulation of
PRSS22 mRNA in cultured cell lines derived from KIRC, LIHC, and SKCM. This pattern of cancer-cell-intrinsic
suppression presents an apparent paradox when contrasted with our analysis of TCGA clinical cohorts. This
apparent discrepancy suggests that the source and biological impact of PRSS22 expression within the tumor
microenvironment (TME) are critically important®’. We propose that stromal or immune cells within the TME
may overexpress PRSS22 to drive progression. Further research is needed to elucidate the exact mechanisms
underlying this discrepancy and to clarify the role of PRSS22 in different tumor contexts.

The predicted structure of PRSS22, characterized by its complex folding and functional domains, offers a
framework for hypothesizing its interactions with other biomolecules. This computational model provides a
basis for exploring PRSS22’s physiological and pathological functions. Furthermore, the application of AlphaFold
exemplifies the value of advanced computational tools in structural biology, enabling efficient exploration of
protein functions and informing therapeutic strategy development *!. While the predicted structure informs
mechanistic hypotheses, experimental validation of PRSS22’s active sites remains essential to confirm its
functional roles. The PPI network analysis positions PRSS22 as a highly connected node that interacts with
multiple proteins, consistent with its involvement in diverse tumor-associated processes. Functional enrichment
links PRSS22 to biological processes, including epidermal cell differentiation and cell-cell adhesion, suggesting
its role in maintaining tissue integrity and its potential dysregulation in cancer 2. As a serine protease,
PRSS22’s substrates warrant experimental validation. Our PPI network identified key interactors, including
protease inhibitors (SPINT1, SPINT2), cell adhesion regulators (CLDN4, TACSTD2), and membrane proteases
(TMPRSS4). These interactions, particularly with Kunitz-type inhibitors (SPINT1/2) *, suggest inhibitory
complexes may regulate PRSS22. Functional enrichment further implicates extracellular matrix components as
candidate substrates.

The cluster analysis and classification of cells related to PRSS22 across KIRC, LIHC, NSCLC, and SKCM
reveal distinct cell clustering patterns associated with PRSS22 across the different cancer types. In KIRC, NSCLC,
and SKCM, we observed notable clusters of CD4+and CD8+T cells, indicating a potential immune-related
role of PRSS22 in these cancers. This is consistent with previous studies highlighting the importance of T cell
subsets in the TME 3435, In the LIHC dataset, epithelial cells constituted the predominant population associated
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Fig. 6. Integrative functional and genomic profiling of PRSS22-associated pathways. (A) Gene Ontology (GO)
enrichment of the top 100 PRSS22-correlated genes. Biological Processes (BP): epidermal morphogenesis,
keratinocyte differentiation. Cellular Components (CC): cell-cell junctions, desmosome assembly. Molecular
Functions (MF): cadherin binding, calcium-dependent adhesion. (B) Gene Set Enrichment Analysis (GSEA)
of PRSS22-differential expression in KIRC, LIHC, LUAD, and SKCM RNA-seq data. Key pathways: FCGR
activation, CD22-mediated BCR regulation, ECM regulators, constitutive signaling by aberrant PI3K in cancer,
PD1 signaling, p53 signaling pathway, and DNA methylation. (C) Pan-cancer genomic alteration profile via
cBioPortal. Top alterations: amplifications (breast cancer), mutations (melanoma), deep deletions (embryonal
tumors, suggesting genomic instability).

with PRSS22 expression. This epithelial-centric pattern aligns with established knowledge of hepatocellular
carcinoma biology, where epithelial cell dysregulation is a hallmark of disease progression . Such context-
specific expression may reflect distinct roles for PRSS22 in liver carcinogenesis compared to other malignancies.

Immune infiltration analysis revealed significant correlations between PRSS22 expression and the abundance
of specific immune cell types, suggesting a potential role in modulating the tumor immune microenvironment.
These associations may hold relevance for immunotherapy development, where deciphering tumor-immune
interactions informs treatment strategies ¥’. Critically, our marker correlation analysis extends these insights by
revealing PRSS22’s tissue-specific coordination of T-cell dysfunction programs. In LTHC, PRSS22 concurrently
correlated with both T-cell activation (CD28, TNFRSF9) and exhaustion markers (PDCD1, CTLA4, HAVCR?2,
TIGIT), suggesting its role in fostering an immune-tolerant niche where chronic stimulation drives T-cells
toward dysfunction 8. This aligns with our pathway enrichment, which shows PRSS22-linked PD-1 signaling.
Conversely, in KIRC, the negative correlation trend between PRSS22 and TNFRSF9—a key enhancer of CD8
T-cell antitumor activity—indicates suppression of cytotoxic priming®. Such duality underscores PRSS22 as a
contextual immune regulator: potentiating exhaustion in “hot” tumors (e.g., LIHC) while dampening activation
in “cold” microenvironment (e.g., KIRC).

Functional enrichment analysis associated PRSS22 with biological processes critical for tissue integrity
maintenance and regulation of cell proliferation/differentiation—key hallmarks of tumorigenesis 404l
Specifically, PRSS22-correlated genes showed enrichment in cell adhesion and communication pathways,
including cell-cell junctions and desmosomes. Moreover, PRSS22 expression patterns were linked to immune
regulation, ECM remodeling, PI3K signaling, DNA methylation, and p53 pathway activity *>-*%. The observed
genomic alteration landscape—featuring frequent copy number amplifications and mutations—further aligns
with PRSS22’s potential contribution to genomic instability in cancer®. Collectively, these findings position
PRSS22 as a molecular nexus potentially influencing tumor development through diverse mechanisms.

This pan-cancer study establishes PRSS22 as a molecular nexus with dysregulated expression across
malignancies and prognostic associations, positioning it as a compelling candidate for further investigation in
tumor biology. While mechanistic insights were previously confined to specific cancers—notably the ANXA1/
FPR2/ERK axis in breast cancer metastasis®>—our multi-omics profiling uncovers three interconnected
dimensions of PRSS22 functionality that transcend tissue boundaries: (1) Immune Microenvironment
Orchestration: PRSS22 expression correlates with altered immune cell infiltration landscapes, particularly
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showing positive association with CD8+T cell abundance?. This pattern suggests potential involvement
in adaptive immune responses, where PRSS22 may act as a modulator of antitumor immunity through the
regulation of chemokine processing or checkpoint ligand activity. (2) Oncogenic Pathway Convergence: PRSS22
engages core tumorigenic pathways including PD-1 signaling, PI3K activation, and p53 dysregulation. Such
pathway pleiotropy suggests that it may function as a signaling node that amplifies oncogenic cues in a context-
dependent manner, potentially explaining its variable prognostic impacts across different cancer types. (3)
Tissue Architecture Remodeling: Through enrichment in cell adhesion complexes (desmosomes, connexins)
and extracellular matrix regulators, PRSS22 emerges as a facilitator of metastatic competence. Its proteolytic
activity may directly cleave junctional proteins (e.g., cadherins) or activate metalloproteinases, enabling invasion
through physical barrier degradation?’.

The observed expression heterogeneity—overexpressed in LUAD/BLCA yet downregulated in KICH—
highlights tissue-specific functional adaptation. Rather than a unitary mechanism, PRSS22 appears to operate
as a contextual oncoplayer: in immunogenic tumors (e.g., SKCM), it may primarily skew immune responses;
in carcinomas with epithelial origins (e.g., LIHC), it likely drives invasion through matrix remodeling. This
plasticity aligns with the “cancer attractor” theory, where genes adopt tissue-specific roles within dysregulated
networks?®* Future studies could dissect these mechanisms through CRISPR screens in organoid models
spanning multiple cancer types, while clinical translation efforts could explore PRSS22 as: (1) A composite
biomarker integrating immune/stromal signatures; (2) A therapeutic target for protease inhibitors in selected
malignancies; (3) A predictor of immunotherapy response based on its PD-1 pathway links. Collectively, PRSS22
exemplifies how multi-omics frameworks can decode functional pleiotropy in cancer, revealing how molecular
players adapt their roles across tissue ecosystems to drive oncogenesis.

It should be noted that there are certain limitations: correlative findings require experimental validation
of immune-pathway causality; public data heterogeneity (notably semi-quantitative HPA THC and single-cell
batch effects) constrains quantification accuracy; prognostic models demonstrate clinically modest accuracy
(C-index 0.544-0.655), necessitating multi-center validation; tissue-specific mechanisms remain unresolved
with therapeutic potential unconfirmed pharmacologically. Future research should prioritize experimental
validation of computational findings using foundational molecular biology approaches, multi-center cohort
validation, pharmacological screening, and mechanistic exploration of tissue-specific functions.

Conclusion

In summary, our comprehensive pan-cancer multi-omics analysis identifies PRSS22 as a clinically valuable
prognostic biomarker that is inherently connected to tumor-immune interactions. Its consistent abnormal
expression across different cancers, links to survival outcomes, and key involvement in critical pathways—
including immune regulation and microenvironment alteration—collectively highlight PRSS22 as a promising
therapeutic target. Translating these findings into clinical practice could improve prognostic precision and enable
personalized treatment strategies. Future research should focus on validating the immune-related functions of
PRSS22 and developing targeted therapies through dedicated drug development efforts.

Data availability
All data generated or analyzed during this study are included in this published article or supplementary infor-
mation files.
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