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Abstract

Pancreatic cancer remains a major clinical hurdle, largely because it is often
detected late and shows strong resistance to existing therapies. This situation
calls for new molecular biomarkers that could support early diagnosis and guide
precision treatment. Using publicly available datasets from UCSC XENA and
GTEZx, the work reported here systematically assessed how the Lumican (LUM)
gene behaves in pancreatic adenocarcinoma and whether its expression carries
clinical relevance. Tumor tissues exhibited markedly higher LUM levels com-
pared with normal samples, and this difference yielded excellent diagnostic
accuracy (AUC = 0.964) for distinguishing malignant from benign tissues. On
the other hand, no meaningful ties were seen between LUM expression and
routine clinical variables such as age, sex, tumor stage, or race. Gene Set En-
richment Analysis (GSEA) pointed to a strong link between high LUM expres-
sion and immune-related pathways, including complement activation, hu-
moral immune responses, and B-cell receptor signaling. Further immune in-
filtration analysis based on a single sample. GSEA (ssGSEA) showed that LUM
expression correlated extensively with various immune cell subsets, with the
most notable positive association involving central memory CD8+ T lympho-
cytes (p = 0.759; P < 0.001). This suggests LUM might play a part in shaping
the pancreatic cancer immune microenvironment. Survival analyses did not
support LUM as an independent prognostic factor, yet its potential role in im-
mune microenvironment remodeling offers new angles for molecular stratifi-
cation and the search for immunotherapeutic targets. Overall, this work builds
a theoretical basis for understanding how LUM functions in the onset and
progression of pancreatic cancer, thus aiding biomarker discovery and clinical
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translation in this aggressive disease.
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1. Introduction

Pancreatic adenocarcinoma (PAAD) has become one of the most challenging ma-
lignancies in everyday clinical practice, as its incidence and mortality keep rising
globally. Worldwide, around 12.5 new cases per 100,000 people are reported each
year, and the numbers continue to climb. Unfortunately, fewer than 20% of cases
are caught early; most patients are diagnosed at advanced stages, leading to a 5-
year overall survival (OS) rate below 10%, with mortality nearly matching inci-
dence [1] [2]. The lack of reliable screening tools and the absence of specific early
symptoms often cause delayed diagnosis, which in turn lowers the chance of sur-
gical resection and limits curative options. Even when standard treatments are
given, patients face high risks of recurrence and distant spread, resulting in very
poor survival [3] [4]. Over the past few years, progress has been made in molecular
subtyping, genetic profiling, and tumor microenvironment studies of pancreatic
cancer, and several biomarkers have been proposed as potentially useful. Still, ad-
vances in early diagnosis, risk prediction, and mechanism-guided personalized
therapy remain slow. Only a handful of genes have been firmly linked to patient
prognosis [5]-[8]. Therefore, digging deeper into the molecular drivers and bi-
omarkers that underlie pancreatic cancer progression is a pressing scientific need,
especially for improving early detection, refining risk stratification, and laying a
theoretical foundation for precision diagnostics and therapies that work within
the complex tumor microenvironment [9] [10]. Systematic exploration of these
molecular mechanisms could open up new ideas and approaches for early inter-
vention and personalized treatment [11] [12].

Lumican (LUM) was selected as the research candidate gene in advance rather
than screened from genome-wide differential expression genes. Lumican (LUM)
is a key member of the small leucine-rich proteoglycan (SLRP) family and is
mainly found in the extracellular matrix (ECM), where it participates in collagen
fibrillogenesis, cell migration, and tissue remodeling [13]. Although earlier studies
have pointed to LUM’s involvement in several cancers, its specific expression pat-
tern and functional role within the pancreatic cancer immune microenvironment
are still not well understood. In healthy tissues, Lumican helps maintain tissue
structure and supports cell-cell communication by regulating collagen fiber as-
sembly and stability [13]. In different cancers, LUM expression shows distinct
patterns depending on the tumor type. It can influence cancer cell growth, move-

ment, and invasion through ECM remodeling and by modulating signaling cas-
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cades such as focal adhesion kinase (FAK), mitogen-activated protein kinase
(MAPK), and matrix metalloproteinases (MMPs) [13] [14]. Within the tumor mi-
croenvironment, LUM has been linked to cancer-associated fibroblasts (CAFs),
immunosuppressive factors, and immune escape mechanisms, thereby affecting
immune infiltration, epithelial-mesenchymal transition (EMT), and the recruit-
ment of tumor-associated immune cells [15] [16]. Interestingly, LUM seems to
play context-dependent roles in cancer progression [17]. For example, in hepato-
cellular carcinoma, LUM influences tumor growth and metastatic potential by al-
tering ECM composition [18]-[20]; in breast cancer, elevated LUM expression is
tied to greater invasiveness and reprogramming of the immune microenviron-
ment [21] [22], underscoring its multifunctional regulatory nature. Evidence from
pancreatic cancer suggests that pancreatic stellate cells are the main source of
Lumican production. LUM expression is controlled by the transforming growth
factor-beta/SMAD family member 4 (TGF-5/SMAD4) pathway and affects stro-
mal collagen dynamics, playing an important part in cancer cell adhesion, migra-
tion, and microenvironment remodeling [23]. Existing reports have uncovered
complex regulatory mechanisms of LUM expression and its autophagic degrada-
tion under hypoxia, and some have noted associations with patient outcomes in
pancreatic cancer. However, current knowledge often focuses on isolated cellular
or molecular aspects, lacking a comprehensive view of LUM’s integrated role in
cancer initiation, progression, and immune microenvironment dynamics [24].
These observations provide good reasons to systematically investigate LUM func-
tion in pancreatic cancer and highlight the need to clarify its molecular regulation
and interactions within the tumor microenvironment.

Building on this background, the present study used comprehensive public da-
tasets of pancreatic cancer samples to systematically examine LUM expression
patterns, their links with clinical variables, and their prognostic significance. Our
goal was to better understand LUM’s role in pancreatic cancer pathogenesis and
its clinical relevance. We consolidated high-quality RNA-seq expression data, de-
tailed clinical information from UCSC XENA and GTEx databases, applying rig-
orous preprocessing and sample quality filtering to ensure analytical robustness
and cross-platform consistency. The research approach consisted of four main
parts: 1) genome-wide differential expression analysis of LUM; 2) GSEA to ex-
plore functional pathway differences between high- and low-LUM expression states;
3) immune infiltration characterization using ssGSEA and the Tumor and Im-
mune System Interactions Database (TISIDB), which allowed quantitative assess-
ment of the relationships between LUM expression and 28 immune cell types; and
4) survival and prognostic evaluation using Kaplan-Meier analysis and multivar-
iate Cox proportional hazards regression to assess the impact of LUM expression
on OS, progression-free interval (PFI), and disease-specific survival (DSS), sup-
plemented by receiver operating characteristic (ROC) curve analysis to evaluate
diagnostic accuracy. In the statistical analysis phase, we used the Wilcoxon rank-

sum test, Kruskal-Wallis test, and logistic regression to thoroughly assess associ-
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ations between LUM expression and patient clinical parameters. With a particular
focus on the LUM-immune microenvironment relationship, this study systemat-
ically examined these correlations across different clinical subgroups, thereby
clarifying the previously ambiguous role of LUM in pancreatic cancer pathologi-
cal mechanisms. The findings suggest that LUM holds considerable promise as a
new biomarker for pancreatic cancer diagnosis, molecular subtype classification,
and prognostic stratification, thus providing a theoretical foundation for future

research into precision therapeutics.

2. Methods
2.1. Acquisition and Initial Processing of RNA Sequencing Data

All datasets used in this study are publicly available and were sourced mainly from
the UCSC XENA database (https://xenabrowser.net/datapages/) and the Geno-
type-Tissue Expression (GTEx) project (https://gtexportal.org/). Specifically,

whole-genome expression profiles in transcripts per million (TPM) format,
complete clinical information from The Cancer Genome Atlas Pancreatic Ade-
nocarcinoma (TCGA-PAAD) cohort, were retrieved directly from the UCSC
XENA portal. The study cohort consisted of 183 TCGA-PAAD specimens (179
tumor samples and 4 adjacent non-malignant controls), supplemented by 167
normal tissue samples from the GTEx database. These samples were initially used
to identify differentially expressed genes (DEGs) between tumor and control groups.
Subsequently, normal control specimens and samples with incomplete survival
data or missing clinical records were excluded from downstream analyses, leaving
178 tumor samples with complete clinical and molecular data for all subsequent
investigations. All TPM expression matrices downloaded from TCGA-PAAD and
GTEx databases were log2-transformed (1og2(TPM + 1)) for uniform expression
distribution. No batch correction algorithm (such as Combat) was applied to
eliminate platform differences between the two independent datasets due to data-
base access limitations. The cross-dataset comparison and subsequent ROC diag-
nostic analysis may be partially confounded by technical batch effects between
TCGA and GTEx sequencing platforms, which is listed as one of the limitations
of this bioinformatics research. This study strictly follows the data access policies
and usage agreements of the respective databases and uses only publicly available,
de-identified datasets; therefore, no additional institutional ethics approval was

required.

2.2. Enrichment Analysis

We applied Gene Set Enrichment Analysis (GSEA) to determine whether prede-
fined gene sets show statistically significant, coordinated expression differences
across distinct biological states or phenotypes [25] [26]. For this analysis, expres-
sion data were split into high-LUM and low-LUM groups based on the median
expression level. The R package clusterProfiler (version 3.14.3) was used to per-

form GSEA between these groups, with 1000 gene set permutations per analysis.
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Statistical significance thresholds were set at a Normalized Enrichment Score
(NES) 2 |1.0| and a false discovery rate (FDR)-adjusted q-value < 0.25, following
standard GSEA protocols [27] [28].

2.3. Immune Infiltration Analysis

To explore the immune landscape associated with LUM expression, we used Sin-
gle Sample Gene Set Enrichment Analysis (ssGSEA) to quantify immune infiltra-
tion levels between the high- and low-LUM expression groups. ssGSEA extends
conventional GSEA by calculating individual enrichment scores for each sample
and gene set, with scores reflecting the degree of coordinated upregulation or
downregulation of genes from specified sets within given samples [29]. Gene sig-
natures for 28 immune cell types were obtained from the Tumor and Immune
System Interactions Database (TISIDB) [30], covering: Activated CD8+ T cells,
Central Memory CD8+ T cells, Effector Memory CD8+ T cells, Activated CD4+
T cells, Central Memory CD4+ T cells, Effector Memory CD4+ T cells, T follicular
helper cells, Gamma delta (yJ) T cells, Type 1 helper T cells (Th1), Type 17 helper
T cells (Th17), Type 2 helper T cells (Th2), Regulatory T cells (Tregs), Activated
B cells, Immature B cells, Memory B cells, Natural killer (NK) cells, CD56bright
NK cells, CD56dim NK cells, Myeloid-derived suppressor cells (MDSCs), Natural
killer T (NKT) cells, Activated dendritic cells (DCs), Plasmacytoid DCs, Immature
DCs, Macrophages, Eosinophils, Mast cells, Monocytes, and Neutrophils. The rel-
ative enrichment score for each immune cell subtype was quantified using gene
expression profiles from individual tumor specimens [31]-[33]. Spearman’s rank
correlation coefficient was used to assess the association between LUM expression

and infiltration levels of the 28 immune cell types.

2.4. Kaplan-Meier Survival Analysis

To examine relationships between LUM expression levels and patient prognosis
in pancreatic adenocarcinoma, we built prognostic assessment models across var-
ious clinical subgroups [34]. Patients were first divided into high- and low-LUM
expression cohorts based on the median LUM expression value. Both univariate
and multivariate Cox proportional hazards regression analyses were then per-
formed to evaluate the relationship between LUM expression and patient out-
comes, including OS, PFI, and DSS. Covariates incorporated into univariate and
multivariate Cox proportional hazards regression models included age (dichoto-
mized by a median of 60 years), gender, race (White/non-White; Black, Asian,
and other minority subgroups were merged into the non-White group due to
small sample sizes), and tumor stage (stage I - II / stage III - IV). Samples with
missing clinical stage or survival outcome information were directly excluded be-
fore regression analysis to avoid imputation bias. All subgroup survival stratifica-
tion was performed based on the above unified grouping criteria to ensure statis-
tical reliability of the negative prognostic results of LUM. Kaplan-Meier curves
were generated with the Survminer R package (version 0.4.8) to compare survival
outcomes between the high- and low-LUM expression groups. Finally, ROC curve
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analysis was carried out to evaluate the diagnostic discriminatory power of LUM
gene expression for distinguishing pancreatic cancer tissues from non-cancerous
tissues. The ROC methodology graphically presents the relationship between sen-
sitivity and specificity across diagnostic thresholds, with the Area Under the Curve
(AUQC) as the primary performance metric. AUC values were computed using the
R package “pROC” (version 3.50.0), where values closer to 1.0 indicate better di-
agnostic accuracy [35] [36].

2.5. Statistical Analysis

All statistical analyses and data visualizations were done with R statistical software
(version 4.1.2). The choice of statistical test depended on the distribution charac-
teristics of the data, assessed via normality testing. For normally distributed vari-
ables, independent-samples t-tests were used to identify significant differences.
For non-normally distributed data, the Wilcoxon rank-sum test and Kruskal-
Wallis rank-sum test were applied to assess group differences. In addition, uni-
variate logistic regression analysis was conducted to explore associations between
clinical features and LUM expression levels. Correlations between two continuous
variables were evaluated using Spearman’s rank correlation coefficient. All hy-
pothesis tests were two-tailed, and P-values < 0.05 were considered statistically
significant. Where appropriate, multiple testing corrections were performed using

the Benjamini-Hochberg false discovery rate (FDR) method.

3. Results
3.1. LUM Is Upregulated in Pancreatic Cancer Tissues

A comparison of LUM expression levels between pancreatic cancer tumor speci-
mens and normal tissue controls revealed significantly higher expression in the
tumor group (Wilcoxon rank-sum test, P < 0.001; Figure 1(A)). ROC curve anal-
ysis was performed to assess LUM’s diagnostic performance for pancreatic cancer
discrimination, yielding an AUC of 0.964 (95% CI: 0.944 - 0.984; Figure 1(B)).
This result indicates that LUM has excellent diagnostic discriminatory capacity
and could serve as a valuable biomarker for identifying pancreatic cancer and as

a potential molecular target in pathogenesis.

3.2. Relationship between LUM Expression and
Clinicopathological Features

To see whether LUM expression patterns differ across clinical subgroups, we per-
formed stratified analyses using patient characteristics such as age and sex. No
significant differences in LUM expression were observed among subgroups strat-
ified by age or gender (Figures 2(A)-(B)). Fisher’s exact test and independent-
samples t-tests revealed that LUM expression levels (dichotomized as high/low
based on the median) were not significantly associated with the distribution of
clinical parameters, including age, sex, race, or tumor stage. Univariate logistic
regression analysis further confirmed the absence of significant associations be-
tween LUM expression status and these clinical features.
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Figure 1. Correlation between LUM gene expression and pancreatic cancer tissue characteristics. (A) Box
plot comparing LUM expression levels between pancreatic cancer specimens from TCGA patients and normal
tissue samples from TCGA and GTEx databases, analyzed via the Wilcoxon rank-sum test. (B) Receiver
operating characteristic (ROC) curve demonstrating the diagnostic utility of LUM in distinguishing tumor
from non-tumor tissues, with the x-axis representing the false positive rate and the y-axis the true positive
rate (AUC = 0.964).
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Figure 2. Correlation between LUM gene expression and clinicopathological parameters. (A) Box plot
illustrating LUM expression differences across patient age groups (dichotomized at median age 60 years).
(B) Box plot showing LUM expression differences between male and female patient subgroups. Statistical
comparisons were performed using the Wilcoxon rank-sum test; P > 0.05 for both comparisons.

3.3. Prognostic Value of LUM Expression

Univariate Cox proportional hazards regression analysis indicated that tumor

stage was significantly associated with overall survival (HR: 4.43; 95% CI: 2.32 -

8.48; P < 0.05), while LUM expression showed no significant independent prognos-

tic value. Multivariate Cox regression analysis, after adjusting for clinicopathologi-

cal covariates, confirmed that tumor stage remained independently associated with

DOI: 10.4236/ym.2026.103011

117

Yangtze Medicine


https://doi.org/10.4236/ym.2026.103011

J.F.Chen, H. Z. Li

overall survival (HR: 4.57; 95% CI: 2.38 - 8.78; P < 0.05), whereas LUM expression

did not emerge as an independent prognostic factor.

3.4. Kaplan-Meier Survival Analyses
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Figure 3. Kaplan-Meier survival curves comparing high versus low LUM expression groups in TCGA-
PAAD patients. (A) Overall survival (OS) curves. (B) Disease-specific survival (DSS) curves. (C) Progression-
free survival (PFS) curves. Log-rank tests were used for statistical comparison; P > 0.05 for all comparisons.
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Figure 4. Subgroup Kaplan-Meier survival analyses stratified by clinicopathological characteristics in the
TCGA-PAAD cohort. (A) - (B) OS stratified by age (<60 years vs. 260 years). (C) - (D) OS stratified by race
(White vs. Black). (E) - (F) OS stratified by sex (Male vs. Female). No significant survival differences were
observed between high and low LUM expression groups in any subgroup.

We used Kaplan-Meier analysis to compare survival outcomes between the high-

and low-LUM expression groups across multiple survival endpoints (Figures 3(A)-

(C)). No significant survival differences were observed between the two groups
for: 1) OS (HR: 1.054; 95% CI: 0.700 - 1.586; P = 0.801), 2) PFI (HR: 1.189; 95%

DOI: 10.4236/ym.2026.103011

118

Yangtze Medicine


https://doi.org/10.4236/ym.2026.103011

J.F.Chen, H. Z. Li

>

CI: 0.749 - 1.886; P = 0.463), or 3) DSS (HR: 1.084; 95% CI: 0.733 - 1.605; P =

0.685). Subgroup survival analyses stratified by clinicopathological characteristics

further revealed no significant LUM expression-associated survival differences

across age groups (<60 years: P = 0.303; 260 years: P = 0.703), sex (male: P = 0.730;
female: P = 0.822), or race (White: P = 0.557; Black: P = 0.999) (Figures 4(A)-

(F)).

3.5. Gene Set Enrichment Analysis of LUM-Associated Signaling
Pathways
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Figure 5. GSEA enrichment plots for the high LUM expression phenotype. (A) - (I) Enrichment plots for significantly
enriched pathways in high LUM samples, including Immunoglobulin Receptor Binding, Circulating Immunoglobulin
Complex, Immunoglobulin Complex, Humoral Immune Response Mediated by Circulating Immunoglobulin, Regula-
tion of Complement Activation, Complement Activation, Antigen Binding, Phagocytosis Recognition, and B Cell Recep-

tor Signaling Pathway. NES = Normalized Enrichment Score; FDR = False Discovery Rate.
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To better understand the biological mechanisms behind LUM-driven pancreatic
cancer progression, we conducted GSEA comparing tumor specimens with high
versus low LUM expression (Figure 5). GSEA identified significant enrichment of
multiple immune-related pathways and functional modules in the high LUM ex-
pression group, including: Immunoglobulin Receptor Binding, Circulating Immu-
noglobulin Complex, Immunoglobulin Complex, Humoral Immune Response Me-
diated by Circulating Immunoglobulin, Regulation of Complement Activation,
Complement Activation, Antigen Binding, Phagocytosis Recognition, and B Cell
Receptor Signaling Pathway (NES > 1.0; FDR g-value < 0.25; random seed: 4298).
These findings suggest that elevated LUM expression contributes to pancreatic

cancer pathogenesis by modulating these immunerelated biological processes.

3.6. Correlation between LUM Expression and Immune Cell
Infiltration
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Figure 6. Correlation between LUM expression and tumor immune microenvironment composition. (A)
Heatmap illustrating Spearman correlation coefficients between LUM expression and 28 immune cell
types. (B) Scatter plot demonstrating the strong positive correlation between LUM and Central Memory
CD8+ T cells (Spearman p = 0.759, significant after FDR correction). (C) Box plot comparing Central
Memory CD8+ T cell enrichment scores between high and low LUM expression groups (Wilcoxon rank-
sum test, P < 0.001).
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We performed ssGSEA-based immune infiltration analysis to systematically eval-
uate the relationships between LUM expression and tumor microenvironment
composition. Spearman correlation analysis revealed that after multiple testing
correction, LUM expression showed significant positive correlations (adjusted q
< 0.05) with the infiltration abundance of 24 immune cell subtypes, including Ac-
tivated B cells, Activated CD4+ T cells, Activated CD8+ T cells, Activated Den-
dritic Cells, CD56bright Natural Killer cells, Central Memory CD4+ T cells, Cen-
tral Memory CD8+ T cells, Effector Memory CD4+ T cells, Effector Memory
CD8+ T cells, Eosinophils, Gamma Delta T cells, Immature B cells, Immature
Dendritic Cells, Macrophages, Mast cells, Memory B cells, Monocytes, Myeloid-
derived Suppressor Cells, Natural Killer cells, Natural Killer T cells, Neutrophils,
Plasmacytoid Dendritic Cells, Regulatory T cells, T Follicular Helper cells, Type 1
Helper T cells, and Type 2 Helper T cells (Figure 6(A)). Among them, Central
Memory CD8+ T cells exhibited the strongest correlation with LUM expression
(Spearman p = 0.759, adjusted q < 0.001; Figure 6(B)). Consistently, the enrich-
ment score of Central Memory CD8+ T cells was significantly higher in the high-
LUM group than the low-LUM group (Wilcoxon rank-sum test, P < 0.001; Figure
6(C)).

4. Discussion

Through systematic bioinformatic analysis of transcriptomic and clinical data
from public repositories (UCSC XENA and GTEx), this investigation comprehen-
sively characterized LUM expression in pancreatic cancer and yielded several key
findings. First, LUM was markedly upregulated in pancreatic cancer tissues com-
pared with normal specimens, and it showed excellent diagnostic discrimination
(AUC = 0.964), pointing to its potential as a diagnostic biomarker. Second, LUM
expression levels did not depend on major clinicopathological variables such as
age, sex, ethnicity, or tumor stage, suggesting that traditional clinical factors do
not confound LUM expression. Third, GSEA revealed that high LUM expression
was significantly enriched in multiple immune-related pathways, especially those
involving complement activation, humoral immune responses, and B-cell recep-
tor signaling, implicating LUM in immune modulation. Fourth, ssGSEA-based
immune infiltration analysis showed that LUM expression significantly correlated
with infiltration of various immune cell subsets, with the strongest association ob-
served for central memory CD8+ T cells. Taken together, these findings offer new
mechanistic insights into LUM’s potential role in immune microenvironment re-
modeling and provide a biological rationale for exploring LUM as a molecular
target and biomarker in pancreatic cancer.

LUM is generally highly expressed across many tumor types and has been widely
implicated in immunosuppression, tumor progression, and poor clinical out-
comes. Numerous large-scale cohort studies and functional experiments have
confirmed its role in promoting malignant phenotypes and establishing immuno-

suppressive microenvironments [15] [37]. For example, in solid tumors such as
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gastric and bladder cancers, LUM expression is enriched in pathways related to
ECM remodeling and EMT, which facilitate tumor cell invasion and immune eva-
sion through interactions with stromal cells, fibroblasts, and immunomodulatory
cells [38] [39]. In breast cancer, elevated LUM expression is strongly associated
with faster tumor cell proliferation, greater metastatic capacity, and activation of
CAFs; moreover, LUM can enhance immunosuppression by regulating TGF-f
signaling pathways [15]. However, in contrast to findings in some malignancies
where high LUM expression correlates with significantly worse survival, our study
observed that LUM expression did not stand out as an independent prognostic
factor for overall survival in pancreatic adenocarcinoma. This discrepancy may
indicate that LUM’s role in pancreatic cancer is more focused on tumor initiation
and microenvironmental modulation rather than directly dictating survival out-
comes. Overall, our work confirms high LUM expression in pancreatic cancer and
its robust link to immune pathway activation from multiple analytical angles,
thereby enriching our cross-tumor understanding of LUM’s multifaceted roles in
immune microenvironment regulation and tumor biology.

The markedly elevated LUM expression in pancreatic cancer tissues and its ex-
cellent diagnostic performance in ROC analysis (AUC reaching 0.964) provide
strong molecular evidence for potential clinical use in early disease detection and
differential diagnosis [40] [41]. Current evidence suggests that multi-biomarker
panels, including LUM, can effectively identify pancreatic cancer at various stages
and help with molecular subtype stratification [40]. Our investigation further
shows that LUM expression does not correlate significantly with routine clinical
variables (e.g., age, gender, tumor stage), indicating that LUM expression is largely
independent of traditional clinicopathological stratification factors. This inde-
pendence minimizes potential confounding and enhances its practical utility for
risk stratification and molecular subtype identification [42]. Although survival
analysis did not establish LUM as an independent prognostic factor, both the ex-
isting literature and our findings suggest that LUM retains substantial value for
facilitating molecular subtype classification and mechanistic elucidation, particu-
larly in shedding light on processes such as tumor cell proliferation, migration,
drug resistance, and immune regulation [41] [43] [44]. Therefore, LUM shows
considerable promise as a biomarker for clinical translation in pancreatic cancer
early diagnosis, molecular classification, and mechanistic investigation.

Furthermore, the ssGSEA-based immune characterization revealed that LUM
expression is prominently associated with the infiltration intensity of multiple im-
mune cell populations, and notably, it shows a remarkably strong positive corre-
lation with central memory CD8+ T cell enrichment. This observation carries sub-
stantial scientific and clinical significance [45]. Traditionally, LUM research has
emphasized its ECM component function in regulating tumor cell behaviors [13]
[46]; however, our study uncovered a close relationship between LUM and im-
mune cell populations, suggesting that LUM is significantly correlated with the

infiltration abundance of multiple immune cell subsets and immune-related sig-
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naling pathways, suggesting its potential regulatory association with the pancre-
atic tumor immune microenvironment. Currently, the clinical efficacy of immu-
notherapy in pancreatic cancer remains suboptimal, partly because of the highly
complex and immunosuppressive regulation of the tumor immune microenviron-
ment [47] [48]. Thus, these findings offer new perspectives and a theoretical foun-
dation for understanding the immune characteristics of pancreatic cancer and
identifying immunotherapeutic targets. Future fundamental and translational in-
vestigations focused on clarifying the interaction mechanisms between LUM and
immune cells are expected to advance our understanding of the molecular path-
ways that mediate immune evasion and progressive tumor development in pan-
creatic cancer, while also creating new therapeutic avenues that target the tumor
immune microenvironment [49]. Notably, as an extracellular matrix gene quan-
tified via bulk RNA-seq, elevated LUM expression may mirror stromal abundance
rather than solely representing intrinsic tumor biological features, which acts as a
confounding factor for the correlation between LUM and immune infiltration.
By integrating the GSEA and immune infiltration analysis results, LUM may
facilitate immune microenvironment remodeling and intercellular signaling through
the regulation of multiple immune response pathways, including immunoglobu-
lin receptor binding, complement activation, antigen recognition, and B-cell re-
ceptor signaling cascades [50]. The strong correlation between LUM and diverse
immune cell subsets, particularly central memory CD8+ T cells, further suggests
that LUM could be involved in orchestrating tumor immune dynamics and mod-
ulating the infiltration and activation status of these immune populations [51].
The proposed mechanistic models await further validation through targeted in
vitro and in vivo functional assays to rigorously establish LUM’s precise roles in
pancreatic cancer initiation and progression, as well as to clarify its utility as a

molecular therapeutic target.

5. Limitations

This study relies on publicly available transcriptomic databases (UCSC XENA and
GTEx) and has not verified the biological functions of LUM through in vitro or in
vivo experimental approaches. In addition, the combination of TCGA and GTEx
datasets without batch correction may introduce platform-specific technical bias,
which may overestimate the diagnostic AUC value of LUM; the diagnostic perfor-
mance of LUM needs further verification in unified single-center sequencing co-
horts. The limited sample sizes in these databases, together with missing data at
some clinical and molecular levels, may affect statistical robustness and the gen-
eralizability of the conclusions. Moreover, the available data are primarily tran-
scriptomic, lacking protein-level validation and functional experimental evidence;
consequently, the clinical applicability of these findings is substantially con-
strained by data availability and current analytical methods. Future investigations
should integrate large-scale, multi-institutional clinical datasets with experimental

validation to strengthen the research framework and enhance the translational
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relevance of these molecular insights.

6. Conclusion

This systematic investigation demonstrates that the LUM gene is significantly up-
regulated in pancreatic adenocarcinoma and shows excellent diagnostic discrimi-
nation (AUC = 0.964), yet it does not exhibit a significant independent association
with patient survival outcomes. Notably, elevated LUM expression is prominently
enriched in immune-related biological pathways and shows a strong positive cor-
relation with infiltration of multiple immune cell types, especially central memory
CD8+ T cells (p = 0.759; P < 0.001). These findings suggest that LUM may con-
tribute to pancreatic cancer pathogenesis through immunomodulation involving
complement activation, humoral immune responses, and B-cell receptor signal-
ing. Although LUM does not function as an independent prognostic factor, its
substantial role in molecular subtyping and immune microenvironment regula-
tion underscores its potential value as both a diagnostic biomarker and an im-
munomodulatory target. Future efforts should prioritize rigorous experimental
validation and multicenter clinical investigations to translate these findings into
clinical diagnostic and therapeutic applications, thereby advancing precision medi-

cine approaches for pancreatic cancer management.
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