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Introduction: The unfolded protein response (UPR) promotes prostate cancer
(PCa) progression, yet its multi-omics landscape and clinical utility
remain unde�ned.
Methods: We integrated single-cell and bulk transcriptomic datasets, and
identi�ed UPR-related genes (UPRRGs) through a combination of differential
expression analysis and weighted gene co-expression network analysis
(WGCNA), based on which we further developed a consensus UPR-related
signature (UPRRS) using a machine learning framework. The UPRRGs were
further characterized by functional enrichment, cell-cell communication, and
survival analyses. A clinically applicable nomogram integrating UPR-related
prognostic genes was constructed for prognostic prediction. Through in silico
and in vitro analyses, we validated the clinical relevance between the hub
UPRRGs and PCa progression.
Results: Single-cell analyses revealed elevated UPR activity in prostate epithelial
cells, most prominently within the LE-KLK3 subpopulation. These cells exhibited
enhanced ligand–receptor interactions in TNF, VEGF and NOTCH signaling axes.
A seven-UPRRG signature (including IFRD1, DDIT3, HSPA5) demonstrated robust
prognostic performance in the TCGA training set and three external validation
cohorts (C-index > 0.82; AUC > 0.80). Multivariate Cox analysis con�rmed UPRRS
as an independent prognostic factor beyond clinical stage and Gleason score.
Mechanistically, the UPRRS-high subgroup displayed an immunosuppressive
microenvironment and reduced sensitivity to multiple chemotherapeutics. In
vitro knock-down of IFRD1 markedly attenuated PCa cell proliferation
and migration.
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Conclusion: We provide the �rst systematic single-cell atlas of UPR
heterogeneity in PCa and develop a clinically translatable UPRRS prognostic
model. IFRD1, a key driver, emerges as a dual diagnostic and therapeutic target,
offering both theoretical and experimental foundations for precision strati�cation
and individualized management of PCa.
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1 Introduction

Prostate cancer (PCa) remains a leading cause of cancer-
related morbidity and mortality among men worldwide (1, 2).
The development of castration-resistant prostate cancer (CRPC)
represents a major therapeutic challenge in its management (3).
Recently, the unfolded protein response (UPR) - an evolutionarily
conserved pathway activated by endoplasmic reticulum (ER)
stress - has been identi�ed as a pivotal regulator of PCa
progression, metastasis, therapeutic resistance, and immune
evasion (4, 5). Under stress conditions such as hypoxia, nutrient
deprivation, and therapeutic insult, the accumulation of misfolded
proteins activates the UPR to restore protein homeostasis balance
(6). However, in PCa, this adaptive response is frequently co-
opted to promote tumor survival, metastasis, and treatment
resistance, thereby presenting a promising therapeutic target. It
remains unclear how UPR orchestrates PCa pathogenesis at a
multi-omics level, integrating single-cell resolution, bulk
transcriptomics, and clinical outcomes to establish a
predictive framework.

The UPR is orchestrated by three principal sensor - IRE1a ,
PERK, and ATF6 - each of which initiates a distinct signaling
cascade (6–8). In PCa, these UPR pathways are frequently
upregulated and their activity correlates with advanced disease
stage, high Gleason score, and poor clinical prognosis (9).
Speci�cally, the IRE1a-XBP1 axis supports PCa cell survival
under androgen-deprived conditions, whereas the PERK-eIF2a-
ATF4 signaling pathway facilitates adaptation to oxidative stress
(6). Furthermore, emerging evidence underscores the role of the
UPR in remodeling the tumor microenvironment (TME), primarily
via immunosuppressive mechanisms that impede T-cell in�ltration
and promote macrophage polarization (9, 10).

Therapeutic targeting of the UPR is gaining considerable
momentum. Preclinical studies have demonstrated that
pharmacological inhibition of IRE1a (e.g., using ORIN1001) not
only suppresses tumor growth but also synergizes with immune
checkpoint blockade (ICB) (11, 12). Conversely, hyperactivation of
the UPR induced by compounds such as saikosaponin D (SSD)
triggers lethal ER stress, thereby presenting a paradoxical strategy to
eliminate cancer cells (13). Concurrently, clinical investigations are
exploring UPR modulation in combination with other agents, such
as PARP inhibitors (e.g., talazoparib) and androgen receptor
antagonists (14). Despite these promising advances, several
challenges persist, including pathway redundancy, context-
dependent UPR outputs, and a lack of reliable biomarkers for
patient strati�cation.

This study comprehensively characterizes the UPR landscape in
PCa using a multi-omics approach. Leveraging integrated single-cell
and bulk transcriptomic data, we �rst identi�ed a set of UPR-related
genes (UPRRGs) and subsequently constructed a consensus UPR-
related signature (UPRRS) through a novel computational
framework. We then rigorously evaluated the prognostic utility of
UPRRS, demonstrating its robust ability to predict tumor incidence
and disease progression. Furthermore, we developed a UPRRS-
integrated nomogram designed to serve as a quantitative and
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clinically applicable tool for individualized prognosis prediction.
To elucidate the underlying mechanisms, we performed multi-
faceted analyses across bulk transcriptomic, genomic, and single-
cell transcriptomic dimensions. These analyses revealed signi�cant
associations between UPRRS and key clinical outcomes in
PCa patients.
2 Methods

2.1 Data source

The RNA sequencing (RNA-seq) data and clinical information
of PRAD samples were obtained from the UCSC Xena database
(https://xenabrowser.net/datapages/) (15). To identify PRAD
patient samples within the TCGA cohort, we followed the
screening methodology outlined in a previous PRAD-related
study, excluding samples with incomplete survival data (16).
Ultimately, we identi�ed 496 PRAD samples and 52 adjacent
normal tissue samples. We also obtained RNA-seq data and
clinical characteristics from a cohort of PRAD patients, sourced
from the GSE141445 dataset available in the Gene Expression
Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) (17).
Single-cell RNA sequencing (scRNA-seq) data from GSE185344
(18) and Cell Reports (PMID: 34936871) (19) veri�ed our results.
The TCGA-PRAD, GSE116918 (20), and GSE21034 (21),
GSE70769 (22) and DKFZ2018 datasets were utilized for the
external validation of the IFRD1 gene. The transcriptomic and
clinical data for DKFZ2018 were obtained from the cBioportal
database (https://www.cbioportal.org/datasets) (23). These datasets
were also employed to assess IFRD1 expression and conduct
prognostic analyses. Additionally, we utilized the BEST tool
(https://rookieutopia.hiplot.com.cn/app_direct/BEST/) to analyze
and download multiple PCa expression and survival datasets,
which served as external cohorts for IFRD1 expression and
prognostic analysis. Single-cell RNA sequencing (scRNA-seq)
reads were log-normalized in Seurat; genes detected in <3 cells,
cells with <200 or >7–000 genes, or >10% UPR reads were removed.
Batch effects were corrected with Harmony, clusters were identi�ed
by canonical markers and visualized with t-SNE. UPR activity was
calculated with AddModuleScore; Differentially expressed genes
(DEGs) between UPR-high and UPR-low luminal cells
(Wilcoxon, adj-P < 0.05) were carried forward.
2.2 Single-sample gene set enrichment
analysis

To quantify the activity of a gene set in each individual tumor,
we �rst derived per-sample UPR scores by applying single-sample
gene-set enrichment (ssGSEA) implemented in the GSVA R
package to the TCGA-PRAD cohort. Next, we expanded the same
ssGSEA framework to the 50 MSigDB hallmark gene sets,
generating a pathway-activity matrix. Differential pathway activity
between tumors strati�ed into UPR-high and UPR-low groups was
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then assessed with limma, and signi�cance was de�ned after
multiple-testing correction.
2.3 Weighted gene co-expression network
analysis

A scale-free co-expression network (soft power = 6) was built
from merged single-cell/bulk DEGs; the module most correlated
with UPR (MEturquoise) was retained and its hub genes extracted.
2.4 Construction of prognostic signature
by integrative machine learning
approaches

Intersected DEGs were �ltered by univariate Cox (P < 0.05),
random-forest importance (MDA/MDG) and Least Absolute
Shrinkage and Selection Operator (LASSO) (10-fold cross-
validation) to yield seven UPR-related prognostic genes. UPRRS = S
(expression × b) dichotomized patients at the median; performance
was assessed with time-dependent Receiver Operating Characteristic
(ROC) and log-rank tests.
2.5 Construction of UPR-related signature

Seven UPRRGs associated with PFS were identi�ed by log-rank
screening (P < 0.05); four remained after univariate Cox (P < 0.05)
and random-forest con�rmation. LASSO (10-fold cross-validation)
converted these into a weighted index (UPRRS = SEi × bi). Patients
were split at the median; ROC and Kaplan–Meier (log-rank,
P < 0.05) assessed discrimination.
2.6 Construction and evaluation of
predictive nomogram

Considering that clinicopathological variables signi�cantly
in�uence survival outcomes, we constructed a nomogram
utilizing TCGA clinicopathological parameters alongside UPRRS
to enhance the predictive accuracy of UPRRS. Clinicians can
leverage the points derived from the nomogram to estimate the
patients’ survival probabilities. Calibration curves and ROC curves
were generated, and the area under the curve (AUC) was calculated
to assess the predictive capability of the nomogram.
2.7 Comprehensive analysis of immune
characteristics and immune checkpoint
inhibitor therapy response

To relate the UPRRS to the immune landscape of PCa, we �rst
deconvoluted bulk RNA-seq pro�les with Cell-type Identi�cation by
Estimating Relative Subsets of RNA Transcripts (CIBERSORT) to
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obtain relative fractions of 22 in�ltrating immune cell types. The
robustness of these estimates was con�rmed in parallel with
ESTIMATE, ssGSEA and XCell. The anti-cancer immune cycle is a
crucial component of tumor immunotherapy, which involves several
steps to constitute the anti-cancer immune cycle. Finally,
immunogenicity was quanti�ed with the Immunophenoscore (IPS) –
an integrative, machine-learning metric that incorporates expression
signatures of immunomodulators, immunosuppressive cells, MHC
molecules and effector cells; high IPS predicts greater bene�t from
immune-checkpoint blockade. IPS values for TCGA-PRAD tumors
were downloaded from The Cancer Immunome Atlas (TCIA).
2.8 Signi� cance of the UPRRS in drug
sensitivity

The drug sensitivity training data were downloaded from the
Genomic s o f Drug Sens i t i v i t y i n Cance r (h t tp s : / /
www.cancerrxgene.org) (24). Subsequently, these data were
validated using TCGA data to identify commonly used anti-
tumor drugs for our analysis. The results were effectively
presented through grouped comparison plots utilizing the
“oncoPredict” and “ggpubr” packages. The Wilcoxon test was
employed to ascertain the statistical differences between various
groups, with a p-value< 0.05 considered statistically signi�cant.
2.9 Pan-cancer analysis

We utilized the ‘TCGAplot ’ package to conduct a
comprehensive pan-cancer analysis and visualization of multi-
omics data related to IFRD1 within TCGA. The source code and
pre-built package are available on GitHub (https://github.com/
tjhwangxiong/TCGAplot) (25).
2.10 Real-time quantitative reverse
transcription polymerase chain reaction

Cellular RNA was isolated with the RNAeasy™ Animal RNA
Isolation Kit (Beyotime, Shanghai) according to the vendor’s spin-
column protocol. Complementary DNA was synthesized and
subsequently ampli�ed on a real-time PCR instrument with Taq Pro
Universal SYBR qPCR Master Mix (BestEnzymes, Lianyungang). Gene-
speci�c primers for IFRD1 and the housekeeping gene GAPDH were
purchased from GENERAL BIOL (Chuzhou). Knockdown experiments
were performed with 3 biological replicates, and qPCR was conducted
in quadruplicate for each sample (4 technical replicates).
2.11 Clinical specimens and
immunohistochemistry

For the internal cohort, Paraf�n-embedded prostatectomy
specimens (Sept–Dec 2024, Zhongda Hospital) were stained for
frontiersin.org
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IFRD1 (ProteinTech) by the hospital pathology unit; expression was
scored semi-quantitatively. IRB approval: 2023ZDSYLL056-P01.
For the independent external cohort, protein expression levels
were assessed using publicly available IHC data retrieved from the
Human Protein Atlas (HPA, https://www.proteinatlas.org)
database. Representative IHC staining images were selected from
PRAD tissue samples, including two high-grade and two low-grade
tumors. The staining intensity and subcellular localization patterns
were qualitatively evaluated for each sample to compare IFRD1
protein expression between disease aggressiveness categories.
2.12 Wound healing assay and plate
cloning experiment

Wound-healing: si-IFRD1 or control PCa cells were grown to
con�uence in 6-well plates, scratched with a 200 µL tip, washed, and
tracked in serum-free medium at 0, 12, 24, 48 h.

Colony formation: 1 × 10� cells/well were seeded, fed every 3
days, �xed (4% PFA, 30 min) and stained (0.1% crystal violet,
30 min) on day 7–14 before counting.
2.13 Statistical analysis

Analyses were performed in R 4.1.2/3.6.3. Chi-square or Wilcoxon
tests compared clinical variables; DEG signi�cance was false discovery
rate (FDR)-adjusted. Survival was assessed by Kaplan–Meier/log-rank
and Cox models; ROC-AUC used timeROC. Immune correlations
were evaluated with Spearman. qRT-PCR and two-group comparisons
used Student’s t-test. *P < 0.05 was considered signi�cant.
3 Results

3.1 UPR landscape in PCa at single-cell
resolution

In the study, we utilized publicly available scRNA-seq data
(GSE141445) to clustering analysis (17, 26). Cell clusters were
subsequently annotated into seven major cell type - monocytes, mast
cells, basal/intermediate cells, �broblasts, luminal cells, T cells, and
endothelial cell - based on canonical marker genes (Figure 1A). Data
from seven samples across different batches were integrated to mitigate
batch effects, as visualized in Supplementary Figure S1A. Each cell type
was characterized by a distinct molecular �ngerprint (Supplementary
Figure S1B). A heatmap further illustrates the top �ve marker genes
de�ning each cluster (Supplementary Figure S1C). To quantify UPR
activity across distinct cell types, we applied the “AddModuleScore”
function in Seurat to calculate a UPR gene set enrichment score for
each cell (Figure 1B). Among the seven identi�ed cell types, luminal
cells exhibited signi�cantly elevated UPR activity compared to others
(Figure 1C). Based on this UPR activity metric, luminal cells were
strati�ed into UPR-high and UPR-low groups. Differential expression
analysis between these two groups identi�ed key genes (DEGs) for
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subsequent investigation (Supplementary Table S2; Supplementary
Figures S2A–C). To validate these �ndings, we analyzed another
scRNA-seq dataset (GSE185344) (18). Consistent with our initial
results, a subset of epithelial cells displayed UPR-high gene set
expression in this cohort (Figures 1D–F). Furthermore, leveraging an
additional scRNA-seq dataset (19), we sub-classi�ed luminal epithelial
cells into LE-KLK3 and LE-KLK4 subtypes. We observed distinct UPR
activity between these subtypes, a �nding that corroborates the
GSE185344 data. Speci�cally, UPR activity was signi�cantly higher in
the LE-KLK3 subtype compared to the LE-KLK4 subtype (Figures 1G–
I). The identi�ed DEGs were upregulated in tumor patients at the bulk
transcriptome level, particularly within the LE-KLK3 subtype. Notably,
these genes demonstrated signi�cant utility in distinguishing tumor
from non-tumor samples in the TCGA-PRAD cohort (Figures 1J–M).
To strengthen the clinical relevance of UPR activation, we evaluated its
association with standard prognostic indicators. UPR scores showed
signi�cant positive correlations with Gleason grade, pathological T
stage, and PSA levels, and robustly predicted both PFI and OS in
multiple cohorts, underscoring its potential as a clinically actionable
pathway (Supplementary Figures S1D, E).
3.2 Identi� cation of the regulator role of
UPR in PCa

To delineate the molecular programs downstream of UPR
activation in PCa, we conducted functional enrichment and
trajectory inference analyses comparing UPR-high and UPR-low
luminal cells identi�ed from the scRNA-seq dataset (GSE141445)
(17). As shown in Figure 2A, Gene Ontology (GO) analysis revealed
that the UPR-high luminal cell population was signi�cantly
enriched for terms related to the response to unfolded protein,
ER stress, and response to topologically incorrect protein. In
contrast, the UPR-low population was associated with processes
including cytoplasmic translation, ribosome biogenesis, and
mitochondrial ATP synthesis coupled electron transport,
suggesting a bioenergetic and translational state distinct from ER
stress adaptation (27). Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway analysis further revealed that DEGs upregulated
in UPR-high luminal cells were primarily enriched in pathways
such as protein processing in ER, AMPK signaling pathway, and
estrogen signaling pathway. Conversely, DEGs from the UPR-low
group were enriched in ribosome, amyotrophic lateral sclerosis, and
thermogenesis pathways. GSEA results revealed signi�cant positive
associations between the UPR DEG signature and hallmark gene
sets including the UPR, hypoxia, in�ammatory response, and
androgen response (Figure 2B; Supplementary Figure S2D). These
associations were further validated in the TCGA-PRAD cohort,
where Myc targets v1 and v2 were among the most signi�cantly
enriched gene sets, implicating the UPR in proliferative and
metabolic reprogramming (Supplementary Figures S2F–H) (28).
Speci�cally, the correlations between the UPR DEGs and both the
hypoxia and androgen response pathways were positive. Extended
functional enrichment analysis of high-UPR luminal cells revealed
broader biological consequences beyond protein homeostasis,
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FIGURE 1

Single-cell transcriptomes identify UPR characterization within PCa luminal cells. (A–C) In the GSE141445 cohort, UMAP plot (A) showing the seven
cell types identi�ed by marker genes. UMAP plot (B) showing the expression level of UPR in each cell. Violin plot (C) showing the distribution of the
UPR activity in different cell types. (D–F) In the GSE185344 cohort, UMAP plot (D) showing the ten cell types identi�ed by marker genes. UMAP plot
(E) showing the expression level of UPR in each cell. Violin plot (F) showing the distribution of the UPR activity in different cell types. (G–I) In the
scRNA-seq data from Cell Reports, UMAP plot (G) showing the thirteen cell types identi�ed by marker genes. UMAP plot (H) showing the expression
level of UPR in each cell. Violin plot (I) showing the distribution of the UPR activity in different cell types. (J–M) Violin plot showing the expression
levels of DEGs between normal population and tumor patients in all cell types (J), LE-KLK3 (K), LE-KLK4 (L), and in the TCGA-PRAD database (M)
respectively. ***p < 0.001, ****p < 0.0001.
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including activation of MAPK and PI3K-Akt oncogenic pathways,
metabolic reprogramming toward glycolysis, and upregulation of
immune evasion signatures such as the PD-1/PD-L1 checkpoint
axis (Figure 2C). CytoTRACE analysis showed that cellular
developmental potential was not correlated with the UPR DEGs
expression (Figure 2D; Supplementary Figure S2E), suggesting that
UPR activation is not overtly linked to stemness or differentiation
trajectories. Finally, we assessed metabolic pathway activities across
cell types. Both UPR-high and UPR-low luminal cells were
associated with oxidative phosphorylation, glycolysis/
gluconeogenesis, and the citrate cycle (TCA cycle), indicating a
Frontiers in Immunology 07
coordinated metabolic rewiring to sustain ATP production and
redox balance under ER stress (Figures 2E, F) (29). To investigate
the role of UPR DEGs within the TME at single-cell resolution, we
strati�ed luminal cells into UPR-high and UPR-low groups and
systematically analyzed their intercellular communication
networks. In the TME, distinct cell populations can function as
senders, receivers, mediators, or in�uencers of speci�c signaling
pathways, thereby shaping directed cellular crosstalk (30). Our
analysis revealed that UPR-high luminal cells engage in
communication with a broader repertoire of TME cells,
particularly endothelial cells (Figures 3A–F), and function as
FIGURE 2

UPR activity drives transcriptomic divergence in PCa epithelial cells. (A) GO and KEGG functional enrichment analysis for DEGs between high-UPR
and low-UPR luminal cells in the GSE141445 cohort. (B) GSEA functional enrichment analysis in the UPR-high luminal cells in the GSE141445 cohort.
(C) GO and KEGG functional enrichment analysis for DEGs in the UPR-high luminal cells in the GSE141445 cohort. (D) UMPA plots showing the
CytoTRACE analysis results regarding the phenotypes distribution between high- and low-UPR luminal cells in the GSE141445 cohort. (E) Heatmap
showing the relationship between eight cell types and metabolic pathways. (F) Dot plot showing the correlation between the top three metabolic
pathways for each cell type.
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more prominent senders, receivers, mediators, and in�uencers
within key signaling pathways, including TNF, SPP1, IL6, VEGF,
NOTCH, and EGF (Figures 3G–L). This prominent communicative
role suggests that UPR-high luminal cells may critically regulate
Frontiers in Immunology 08
innate immune responses, in�ammatory processes, tumor cell
differentiation, migration, and ultimately, cancer cell survival. To
support this notion, further analysis of the global signaling patterns
identi�ed UPR-high luminal cells as central hubs within both
FIGURE 3

Cell-cell communications between cells types with different UPR activity. (A) Circos plots showing the cell networks. The size of each circle
represents the number of cells in each cell cluster. ‘Number of interactions’ (left) indicates the number of ligand-receptor pairs that enable cell
communication between two cell clusters; ‘Interaction weights/strength’ (right) represents the intensity of information exchange between two cell
clusters. (B) The scatter diagram showing the incoming and outgoing interaction strength between all cell types. (C, D) Circos plots showing
networks between other cell types and the luminal-UPR-high cells as the source (C), as the target (D–F) Circos plots showing networks between
other cell types and the luminal-UPR-low cells as the source (E), as the target (F–L) Heatmaps showing the roles of different cell types playing in the
TNF (G), SPP1 (H), IL-6 (I), VEGF (J), NOTCH (K) and EGF (L) pathway network.
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