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Introduction: Lung adenocarcinoma (LUAD) is the most common subtype of
non-small cell lung cancer, and its benefit from immune checkpoint inhibitors
(ICls) is controversial, especially for patients without driver gene mutations. The
potential of immunoregulation-related genes (IRGs) in predicting the prognosis
of LUAD and the efficacy of immunotherapy becomes emerging. There is an
urgent need to establish a reliable IRGs-based predictive model of ICl response.
Methods: Extract and merge LUAD RNA sequencing data and clinical data
from GEO database. The differences in genomic and tumor microenvironment
(TME) cell infiltration landscape between normal lung tissue and tumor tissue
were comprehensively analyzed. Unsupervised consistent cluster analysis based
on genes related to immune regulation was performed on the samples.
ESTIMATE and TIMER algorithms were used to analyze the infiltration of
immune cells in different groups, and TIDE score was used to evaluate the
effectiveness of immunotherapy. Then, lasso regression was used to establish
a prognostic model based on identified key IRGs. XGBoost machine learning
algorithm was further developed, with SHapley Additive exPlanations (SHAP) to
interpret the model.

Results: The GEO LUAD cohort was divided into two clusters based on
IRG expression, with significantly better survival outcomes and immune cell
infiltration in the IRG-high group compared to the IRG-low group. TIDE scores
indicated that the group with high IRG pattern showed a better response
to ICI treatment. Then, we developed an IRG index (IRGI) model based on
identified 2 key IRGs, GREM1 and PLAU, and IRGI effectively divided patients
into high-risk and low-risk groups, revealing significant differences in prognosis,
mutational profiles, and immune cell infiltration in the TME between two groups.
Subsequently, the interpretable XBGoost machine learning model established
based on IRGs could further improve the predictive performance (AUC = 0.975),
and SHAP analysis demonstrated that GREM1 had the greatest impact on the
overall prediction.
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Discussion: IRGI can be used as a valuable biomarker to predict LUAD patient
prognosis and response to ICls. IRGs play a crucial role in shaping the diversity
and complexity of TME cell infiltration, which may provide valuable guidance for
ICl treatment decisions for LUAD patients.

lung adenocarcinoma, immunotherapy efficacy, risk model, single-cell analysis,
machine learning, prognosis

Highlights

« IRGs correlate with patient prognosis and tumor immune cell
infiltration

« High/low IRG patterns show distinct mutation profiles and
tumor environment

« IRG (IRGI)
immunotherapy response

index risk score predicts outcomes and
o Interpretable machine learning model on IRGs improves
predictive power

1 Background

Lung adenocarcinoma (LUAD) is the most common subtype of
non-small cell lung cancer (NSCLC), accounting for a significant
proportion of cancer-related deaths worldwide (Siegel et al., 2023;
Zeng H. et al., 2024). Despite advancements in early detection and
targeted treatment, the prognosis for patients with LUAD remains
poor, particularly in the advanced stages. Among LUAD patients,
those without driver gene mutations represent a particularly
challenging patient subgroup, as they lack targeted therapeutic
options and may not respond well to chemotherapy (Kim et al.,
2019). The advent of immune checkpoint inhibitors (ICIs) has
revolutionized the treatment landscape for LUAD, demonstrating
significant clinical benefits in some patients (Wang et al., 2023).
However, patient responses to ICIs are highly heterogeneous,
with only a subset of patients achieving durable responses, which
highlights the urgent need for predictive biomarkers that can
effectively differentiate between patients most likely to benefit from
ICI and those may require alternative treatment strategies.

Recent research has demonstrated that immunoregulation-
related genes (IRGs) played a pivotal role in the complex interplay
between the tumor and the immune system (ChenY. et al,
2021). They modulate tumor microenvironment (TME) and
influence the balance between immune activation and suppression,
and their expression levels can serve as early predictors of
prognosis and response to immunotherapy (Nahar et al., 2018;
Usé et al, 2017; Wang et al., 2024). In the context of LUAD,
particularly in patients without driver gene mutations, IRGs could
hold the key to unlocking the potential of immunotherapy and
guiding more personalized treatment approaches.

The GTPase of immunity-associated protein (GIMAP) family
genes, for instance, have been implicated in the tumorigenesis of
LUAD and associated with immune cell infiltration and immune
checkpoint molecules (Zhang et al., 2024; Moreira et al., 2023). Their
expression levels in tumor tissue were significantly correlated with
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overall survival, suggesting their potential as prognostic biomarkers
and predictors of immunotherapy response (Qin et al, 2022;
Huang et al., 2016). Moreover, the development of IRG prognostic
index has revealed the ability to predict patient prognosis and
response to immunotherapy, reflecting the complex interactions
within the TME and the diverse immunological characteristics of
LUAD (Liu et al, 2023; He et al,, 2023). In this study, we aim
to provide an overview of the current understanding of IRGs for
LUAD patients, focusing on their role in early prediction of patient
prognosis and response to immunotherapy. We further discuss
the biological mechanisms by which these genes influence tumor
immunity, and the potential for integrating IRG-related biomarkers
into the clinical practice to facilitate personalized therapeutic
decision-making.

2 Methods

The messenger RNA (mRNA) data and corresponding clinical
parameters of a cohort comprising 226 normal samples and
642 tumor samples from LUAD patients were extracted from
the Gene Expression Omnibus (GEO) database. Among these,
samples with missing survival information or an overall survival
(OS) of less than 1 month were excluded. Immune-related genes
were identified using Weighted Gene Co-expression Network
Analysis (WGCNA), Cytoscape and other methods, followed by
unsupervised consensus clustering based on IRGs. The ESTIMATE
and TIMER algorithms were employed to analyze immune
cell infiltration across different groups, and Tumor Immune
Dysfunction and Exclusion (TIDE) scores were deployed to predict
the efficacy of immunotherapy (Chi et al, 2020; Zeng D. et al,,
2024). Subsequently, a prognostic model of genes associated with
patient outcomes was constructed using a least absolute shrinkage
and selection operator (LASSO) Cox regression model. This
model was independently validated in both the TCGA dataset
and immunotherapy datasets, with potential therapeutic drugs
identified. Finally, we used the XGBoost machine learning algorithm
to evaluate the importance of variables, with SHapley Additive
exPlanations (SHAP) employed to interpret the model.

2.1 Collection of database data
A systematic search of the GEO database for LUAD gene
expression data was conducted. Our analysis included four LUAD

expression profile cohorts: GSE10072, GSE32863, GSE40791,
and GSE68465 (Landi et al, 2008; Shedden et al, 2008;
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Selamat et al., 2012; Zhang et al, 2012). We downloaded the
matrix files for each GEO cohort for further analysis. All acquired
RNA expression profiles were normalized using log2 (TPM +1)
transformation. In total, we included 654 LUAD tumor tissue
samples and 226 normal samples. To correct for batch effects
caused by non-biological technical variation, we used the ComBat
algorithm from the svaR package.

2.2 Functional analyses

Differentially expressed genes (DEGs) between normal tissues
and LUAD samples were identified using empirical Bayes methods
in the limma R package (Ritchie et al., 2015). Significant DEGs
were identified based on the cutoff of P < 0.05 and a dynamic
threshold of |logFC| = 0.828 (calculated as [logFC| = [mean(|logFC|)
+ 2sd(|logFC|)]) (Rong et al., 2020). Additionally, we performed
a protein-protein interaction (PPI) analysis using the STRING
database (https://cn.string-db.org) to explore the relationships
among the DEGs. The PPI network was constructed with Cytoscape
software, and key hub genes were identified by calculating
Degree scores using the CytoHubba plugin (Shannon et al,
2003). Gene Ontology and Kyoto Encyclopedia of Genes and
Genomes (GO/KEGG) pathway enrichment analyses were deployed
to identify the potential functions of DEGs.

2.3 Consensus clustering

By utilizing the ConsensusClusterPlus (Wilkerson and Hayes,
2010), an unsupervised consensus clustering analysis was performed
to investigate the expression profile data of prognostic genes. The
optimal number of clusters was determined based on the cumulative
distribution curve, and the process was repeated 1,000 times to
ensure the stability of the results. We have uploaded the complete
code and parameter settings of ComBat and ConsensusClusterPlus
to GitHub. For more details, please visit: https://github.com/
mikelu1997/consensus.

2.4 Tumor immune microenvironment

Multiple algorithms, including ESTIMATE (Liu et al., 2020)
and TIMER (Zhou et al., 2020), were employed to analyze the tumor
immune microenvironment. The ESTIMATE algorithm was used
to evaluate ESTIMATE scores, immune scores, and stromal scores,
while the TIMER algorithms was utilized to assess the abundance of
immune cell infiltration across different categories.

2.5 Prediction of immunotherapy response

The TIDE score is an online tool (http://tide.dfci.harvard.edu/)
designed to evaluate the efficacy of immunotherapy in different
risk groups and assess the likelihood of tumor immune evasion
(Wang et al., 2022). A higher TIDE score indicates poorer response
to ICIs. In this study, we identified LCN2, MUC4, CDH17, COMP,
GREM1, COL11A1, MMP9, THBS2, COL1A2, COL3A1, PLAU,
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CNTE CXCL13, CXCL9, and CCL19 genes were associated with
response to ICIs (Chen D. et al., 2021). We further extracted the
expression values of these 15 genes to analyze the expression patterns
of immune checkpoint-related genes in different groups.

2.6 Construction and validation of
IRG-related risk signature

We developed a RiskScore signature to comprehensively
evaluate the role of IRGs in patient prognosis and response to
immunotherapy. The glmnet R package was used to perform
LASSO-Cox regression analysis with 10-fold cross-validation.
Ultimately, a linear equation for immunoregulation-related gene
index (IRGI) was constructed to predict overall survival (OS) of
early-stage LUAD patients: RiskScore = [coef (Siegel et al., 2023)
x GeneExp (Siegel et al, 2023)] + [coef (Zeng H. et al., 2024)
x GeneExp (Zeng H. et al.,, 2024)] + ...+ [coef(i) x GeneExp(i)]
(Zhou et al., 2019). Kaplan-Meier curves were generated using the
survival and survminer R packages to conduct prognostic analysis
and to evaluate 2-year, 3-year, and 4-year survival rates in the test
cohort. To validate the effect of IRGI risk model in predicting patient
prognosis and therapeutic response to immunotherapy, external
datasets, including GSE72094, the Cho cohort (Cho et al., 2020), and
VanAllen cohort (Van Allen et al., 2015), were utilized.

2.7 Single-cell RNA sequencing analysis

The GSE229353 (Hui et al., 2023) data set includes single-cell
RNA-sequencing (scRNA-seq) data from six LUAD samples treated
with immunotherapy. Quality control procedures were applied to
filter single cells based on the following criteria: 1) Each gene was
expressed in more than 200 genes and in more than 3 cells; 2) The
number of genes expressed in a cell ranged from 500 to 50,000;
3) The percentage of mitochondrial genes in a single cell was less
than 15% (Yates et al., 2025). After applying these filters, a total
of 15,293 cells were retained. The SEURAT R package was used
to process the scRNA-seq data. To eliminate batch effects across
the six samples, the “FindIntegrationAnchors” and “IntegrateData”
functions were applied. Next, the “ScaleData” function was used to
scale scRNA-seq data, and principal component analysis (PCA) was
performed to reduce dimensionality. Moreover, “FindClusters” and
“FindNeighbors” functions were executed with parameters set to
dim = 9 and resolution = 0.1 to cluster the single cells into different
subgroups. We obtained cell markers for different cell types from
CellMarker 2.0 (Hu et al., 2023) and used these markers to annotate
the single cells. Finally, single cells were visualized using t-SNE plot
generated by the “RunTSNE” function.

2.8 Interpretable machine learning

The XGBoost model-related packages were loaded in R,
and data was divided into training (70%) and validation (30%)
sets using a stratified random sampling method. The XGBoost
machine learning model was trained on the training set, and
the predictive performance was evaluated using area under the
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curve (AUC) values. To achieve a deeper understanding of the
contribution of each feature in the model prediction, we applied
SHAP to interpret the XGBoost model. The shap package was
used to calculate the contribution values of each feature for
individual samples. SHAP value analysis was conducted to rank the
importance of each feature and identify its directional impact within
the model. Furthermore, we generated feature importance plots,
dependence plots, and force plots to visually represent the SHAP
analysis results.

2.9 Quantitative reverse transcription PCR
(QRT-qPCR)

Total RNA was extracted from normal human lung epithelial
cells (BEAS-2B) and A549 lung adenocarcinoma cell lines using
Trizol (Thermo Fisher Scientific, Sweden) (all cell lines were
maintained according to the supplier’s recommendations). Reverse
transcription was performed according to the instructions of the
Takara Kit (Takara, Maebashi, Japan). SYBR Green Premix Ex
Taq kit (Takara) was used to quantitatively detect PLAU and
GRMEI in normal cells and lung adenocarcinoma cells. QRT-
PCR was performed using the Roche Applied Science Light
Cycler 480 instrument. The cycle threshold (CT) (2-AACT)
method was employed to calculate the data. The normalized
expression levels were compared with those of B-actin using the
comparative CT method. The primers used in this study are
presented in Supplementary Table S3.

2.10 Statistical analysis

All data calculations and statistical analyses were performed
using R programming (version 4.2.1). The Kaplan-Meier method
was applied for survival analysis, and the predictive performance
of the risk model was evaluated using time-dependent receiver
operating characteristic (ROC) curves via the timeROC package.
For comparisons between two groups of continuous variables,
independent Student’s t-tests were used to analyze normally
distributed variables, while the Mann-Whitney U test was
employed for non-normally distributed variables. All two-sided
statistical p-values less than 0.05 were considered statistically
significant.

3 Results

3.1 Identification of DEGs and functional
pathways regulating tumor immune
microenvironment

The flow chart of this research is presented in Figure I.
First, to explore DEGs and their functional roles in regulating
TME, we integrated four publicly available datasets in LUAD:
GSE10072, GSE32863, GSE40791, and GSE68465. A comprehensive
comparison of gene expression between normal and tumor samples
determined 484 DEGs, consisting of 276 downregulated and 208
upregulated genes (Figure 2A). To further identify key genes that
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regulate TME, we constructed a PPI network using the STRING
database (network type: physical subnetwork, minimum required
interaction score: 0.4) and Cytoscape software (Cytohubba plugin,
Degree >15). This analysis identified a core PPI network comprising
178 genes (Figure 2B). These genes were hypothesized to be involved
in the regulation of TME and LUAD progression. To assess whether
these crucial genes could distinguish between LUAD and normal
tissue, we performed PCA to reduce the dimensionality of the
gene expression data. The PCA results revealed two completely
separate clusters, with normal samples and LUAD tumor samples
forming distinct groups, suggesting significant differences in
the expression patterns of key genes between the two groups
(Figure 2C). A heatmap of these genes further emphasized their
differential expression patterns across the samples (Figure 2D).
Moreover, we conducted GO and KEGG enrichment analyses
on the identified genes to uncover their biological functions.
The enriched results revealed that the DEGs were significantly
associated with immune response, metabolic processes, cell
signaling, and cell proliferation and regulation (Figures 2E,F).
These findings suggest that the identified DEGs may play
pivotal roles in immune regulation and tumor progression,
thereby highlighting their potential as therapeutic targets or
biomarkers in LUAD.

3.2 WGCNA detection of tumor-related
modules and identification of key IRGs

We performed WGCNA to further identify co-expression
modules and determine immune-regulatory key genes related to
LUAD progression. A co-expression network was constructed based
on mRNA expression data, which allowed to uncover tumor-
associated modules and genes (Figure 3A). To construct the scale-
free network, the optimal soft-thresholding power was determined
to be p = 3, as evidenced by the analysis of network topology
(Figures 3B,C). The co-expression network revealed a total of
10 distinct modules. Notably, the black module exhibited the
strongest correlation with immune clusters (r = 0.38, P = 7e-31,
Figure 3D). This module contained 1,181 genes that significantly
correlated with tumor biology (Supplementary Table S1). To further
visualize the gene relationships within the black module, we
generated a Topological Overlap Matrix (TOM) heatmap, which
illustrated the degree of association and co-expression between
genes (Figure 3E). Next, we intersected the DEGs, WGCNA tumor-
related modules, and immune-related genes from the ImmPort
database (https://www.immport.org/shared/) (Xin et al, 2021),
leading to the identification of 15 candidate IRGs (Figure 3F).
These genes were significant upregulation in LUAD tumor samples
compared to normal tissues (Figure 3G). Finally, we investigated
the mutation landscape of these IRGs. Among the 517 LUAD
samples, 35.0% of the patients exhibited mutations in at least one
of the key genes. COL11A1 was the most frequently occurred
mutation, followed by COL3A1, THBS2,COL1A2, CDH17, MUC4,
MMP9, and COMP (Figure 3H). These findings highlight the pivotal
role of these IRGs in LUAD, including their prognostic value as
immune regulatory factors in cancer biology, and their predictive
effect for immunotherapy efficacy.
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Step 1: Identification of immunoregulation-related genes (IRGs) and clinical significance
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FIGURE 1
Flow chart of this study.

3.3 Consensus clustering analysis of
immune-related gene expression

In order to investigate the relationship between immune-related
prognostic genes and LUAD subtypes, we performed consensus
clustering analysis. Based on the cumulative distribution function
(CDF) values, we classified LUAD patients into two distinct
clusters (k = 2, Figures 4A-D). Cluster 1 (n = 438) exhibited high
expression levels of these immune-related genes and was defined
as the IRG-high pattern, while Cluster 2 (n = 215) displayed low
expression levels, categorized as the IRG-low pattern (Figure 4E).
Notably, survival analysis revealed a significant survival difference
between the two patterns. The IRG-high pattern was associated
with a more favorable prognosis, while the IRG-low pattern was
linked to poorer survival outcomes (Figure4F). These results
suggest that the expression levels of immune-related genes play
a crucial role in influencing the prognosis of LUAD patients and
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could serve as a potential biomarker for patient stratification and
therapeutictargeting.

3.4 Tumor microenvironment landscape in
two molecular patterns

We utilized the ESTIMATE algorithm to compare the immune
microenvironment between the two molecular patterns. The
results demonstrated that the IRG-high model exhibited higher
ESTIMATE, immune, and stromal scores compared to the IRG-
low model (Figure 4G). Additionally, according to TIMER scores,
the IRG-high pattern was associated with increased abundance
of immune cells, including B cells, CD4" T cells, CD8" T cells,
neutrophils, and dendritic cells (DC), as shown in Figure 4H. TIDE
scores were also calculated to assess the potential clinical efficacy of
immune therapy in different risk groups (Fu et al., 2020). TIDE is
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a computational tool that reflects the potential for tumor immune
evasion. Higher TIDE scores are generally associated with poorer
efficacy of ICIs. In this study, we revealed that the IRG-low pattern
had significantly higher TIDE scores compared to the IRG-high
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pattern, suggesting that patients in the IRG-high group might benefit
more from ICI therapy (Figures 41,]). These findings underscore the
differences in the tumor immune microenvironment between the
IRG-low and high groups, as well as their impact in determining
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the prognosis of LUAD patients and their potential response to
immunotherapy. The differential TIDE scores further highlight the
potential for personalized treatment strategies based on immune-
related molecular patterns.

3.5 Construction of immunoregulation
related gene index risk model

Using Spearman correlation analysis, we observed that

most of the IRGs exhibited positive correlations with each
other (Figure 5A). Furthermore, expression of some molecules,
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such as GREMI1, MMP9, PLAU, CXCL13, CXCL9, and
CCL19, was positively correlated with immune checkpoint
molecules, especially programmed cell death-ligand 1 (PD-
L1) and cytotoxic T-lymphocyte associated protein-4 (CTLA-
4), with PLAU and GREMI1 showing particularly significant
correlations (Figures 5B-D). Based on the results from LASSO-
Cox regression analysis (Figures 5E,F), we selected PLAU and
GREM1 as the optimal indicators for constructing the prediction
model. GO/KEGG analysis indicated that both PLAU and
GREMI1 were enriched in the pathways of immune response
regulation, immune cell infiltration, and the remodeling of the
extracellular matrix. PLAU was involved in angiogenesis, cell
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migration and invasion, and GREM1 was associated with the
transforming growth factor (TGF)-beta signaling pathway, which
was important for tumor progression and immune evasion
(Supplementary Figure S1). We also explored single nucleotide
variants and copy number variations correlation with the targeted
PLAU and GREMI gene expression, and both high PLAU and
GREMI1 expression was significantly associated with more TP53,
CSMD3, and LRP1B mutations (Supplementary Figure S2). Upon
reviewing the Human Protein Atlas (HPA) database, we analyzed
immunohistochemistry (IHC) data for these key molecules and
qualitatively observed obvious expression differences between
normal and LUAD samples (Figure 5G).

Furthermore, we integrated four databases, including hTFtarget,
ENCODE, GTRD and ChIP-Atlas, and identified five upstream
regulatory transcription factors, namely CTCE EP300, MAX,
RAD21, and KDM4A, which are common to both PLAU and
GREMI1(Supplementary Figure S3). The risk score was calculated as
follows: RiskScore = (-0.095) x (GREMI1 expression) + (—0.002)
x (PLAU expression). These results were then incorporated into
the IRGI risk model. We calculated the IRGI risk score for each
patient in the LUAD dataset based on the expression levels and risk
coeflicients of two key IRGs (PLAU and GREM1; Figure 5H). Low-
risk patients had significantly longer OS than high-risk patients (P
< 0.001, hazard ratio [HR] = 0.49 [0.36-0.66]; Figure 5I). The ROC
curve indicated the accuracy of this model, yielding an AUC value
of 0.794 (95% confidence interval [CI]: 0.743-0.844) (Figure 5]).
Furthermore, in the TCGA validation cohort, we confirmed OS
of low-risk patients was significantly higher than that of high-
risk patients (p = 0.032, HR = 1.52 [1.04-2.24]) (Figure 5K).
To further evaluate the efficacy of this model, we utilized time-
dependent ROC curves, which demonstrated good predictive ability
of this IRGI risk model over a 4-year period (Figure 5L). We also
performed chemotherapeutic drug predictions for patients with
LUAD in the high-risk and low-risk groups to provide optimal
treatment regimens. Cisplatin, Cyclophosphamide, Gemcitabine,
Paclitaxel, Vinorelbine and Doceaxel were more effective for the
high-risk group (Supplementary Figure S4).

3.6 Validation of IRGI risk model in immune
cohorts from GEO, external databases, and
single-cell analysis

To validate the predictive value of the IRGI risk model in ICI
therapy, we applied independent GSE and external datasets. In
the GSE72094 validation cohort, patients with high expression of
PLAU (P = 0.006; Figure 6A) and GREM1 (P < 0.001; Figure 6B)
showed significantly worse OS compared to patients with low
expression of these genes. However, when evaluating ICI therapy
response in the Cho and VanAllen cohorts, high expression of
PLAU and GREM1 was significantly associated with better survival
outcomes, suggesting that these genes might be predictive of
improved efficacy of anti-programmed death 1 (PD-1)/PD-L1 and
anti-CTLA-4 therapy (Figures 6C-F). Further validation was carried
out using the scRNA-seq data from GSE229353, which included
6 NSCLC patients who underwent neoadjuvant chemotherapy or
combination immunotherapy with chemotherapy. A total of 26,930
single cells were initially obtained, with 15,293 cells remaining after
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stringent quality control procedures for subsequent analysis. The
gene expression levels were normalized, and the single cells were
clustered into 20 distinct clusters (Figure 6G). Moreover, based on
markers from CellMarker2.0, the clusters were categorized into 7
cell types (Figures 6H-J; Supplementary Table S2). The majority of
the cells were identified as monocytes/macrophages and T-cells
(both CD4" and CD8" T-cells), which are key participants in the
immune response. These findings support that ICI therapy leads to
increased T-cell infiltration and a better immune response, further
corroborating the potential of the IRGI risk model in predicting the
efficacy of immunotherapy.

3.7 Interpretable XGBoost machine
learning model on IRGs with improved
predictive performance

Sankey diagram showing the distribution of patients across
different characteristics, and most of patients with the IRG-high
pattern had IRGI low-risk score (Figure 7A). The combined model
integrating IRG signature patterns with IRGI risk score also
confirmed that patients with IRG-high pattern and IRGI low-risk
score exhibited the significantly best survival, while patients with
IRG-low pattern and IRGI high-risk score had the worst survival
outcomes (P < 0.001; Figure 7B). To further improve the predictive
effect, we developed XGBoost machine learning predictive model
using pre-identified IRGs, and AUC value of the XGBoost model
was strikingly improved to 0.975 (95% CI, 0.962-0.989; Figure 7C).
SHAP analysis indicated that GREMI1, CCL19, COMP genes
ranked in the top three important contributions to the XGBoost
model predictions (Figure 7D). The impact of each IRG feature
on the prediction is illustrated in SHAP waterfall and force plots
(Figures 7E,F). With the basal prediction of —0.172 in the XGBoost
model, COL11A1, MMP9, CCL19, and PLAU increased the
overall prediction by +1.36, +1.35, +0.802, and +0.605, respectively
(Figures 7E,F). SHAP importance scatter plot demonstrated the
SHAP values and feature values for a specific IRG (Figure 7G).
Each dot represents a patient, and the color indicates the feature
value. GREM1 had the highest median SHAP values, indicating the
greatest impact on the overall prediction.

3.8 The mRNA expression levels of
prognosis-related genes

The RT-qPCR results showed the mRNA expression levels of the
two genes (GREM1 and PLAU) involved in our IRGI risk model in
LUAD cells and normal lung epithelial cells. Specifically, compared
with BEAS-2B cells, the mRNA expressions of GREM1 and PLAU
in A549 cells were significantly upregulated, consistent with our
database analysis findings (Figure 8).

4 Discussion

In this study, we utilized comprehensive RNA-seq datasets
and multiple bioinformatic methods to accurately predict the
prognosis and immunotherapy response of LUAD patients. Our
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findings underscore the critical role of IRGs in survival prognosis
and immunotherapy response. Based on IRGs, LUAD patients
were stratified into two distinct subtypes: IRG-high and IRG-low
patterns. Patients with the IRG-high pattern exhibited favorable
survival outcomes. We further applied ESTIMATE and TIMER
algorithms to assess immune infiltration, and demonstrated that the
IRG-high patient subgroup exhibited a higher level of immune cell
infiltration, including B cells, neutrophils, CD4* T cells, and CD8" T
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cells. Hence, the IRG-based subtyping could serve as a potential
biomarker for prognostic risk stratification, especially through the
construction of an interpretable machine learning model with
robustly improved predictive performance. The IRGI risk score,
which incorporates PLAU and GREMI1, offers a novel approach
to predicting outcomes and informing the identification of LUAD
patients who are more likely to benefit from ICIs. Our results align
with the growing body of literature that supports the integration
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of immunogenomic profiling in personalized immunotherapy for
LUAD (Zhang]. et al, 2020; Skoulidis and Heymach, 2019;
Zhang C. et al., 2020; Zuo et al., 2020).

To evaluate the potential immune evasion capacity and predict
patient responses to immunotherapy, we utilized the TIDE analysis
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and revealed that patients with IRG-high pattern had significantly
lower TIDE scores compared to those with IRG-low, indicating that
the TRG-high patient subgroup could benefit more from ICIs. The
integration of IRGs into current therapeutic strategies for LUAD
patients could potentially enhance treatment efficacy (Jiang et al.,
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FIGURE 8
Relative mRNA expression levels of GREM1 (A) and PLAU genes (B) in BEAS-2B cell line (left, black) and A549 (right, grey). Data were means + SEM.
Experiments were repeated three times.

2020; Song et al, 2020). By identifying patients with different
IRG patterns, clinicians could tailor immunotherapy to those most
likely to respond, thereby personalizing treatment approaches. Our
findings also suggest the integration of IRG expression analysis
with XGBoost machine learning algorithm could notably improve
the effectiveness of risk assessment and treatment decision-making.
To our knowledge, this is the first research leveraging the SHAP
method to optimize and interpret the bioinformatic analysis results
on IRGs. Future studies should further explore the synergistic
effects and clinical utility of integrating IRGs with explainable
artificial intelligence techniques to refine patient management
strategies (Novakovsky et al., 2023).

In addition, we constructed the IRGI risk score signature based
on two pivotal genes associated with immune activation: PLAU
and GREMI1. PLAU is a serine protease that promotes tumor cell
migration and invasion by converting plasminogen to plasmin,
which facilitates extracellular matrix degradation (Li et al., 2013;
Maynard et al., 2020). Its high expression is often associated with
increased tumor aggressiveness and poor prognosis in cancers
such as colon cancer and NSCLC (Li et al.,, 2013; Maynard et al.,
2020). Meanwhile, PLAU may suppress anti-tumor immunity
by altering the TME and facilitating immune evasion. GREM1
acts as an antagonist of the bone morphogenetic protein (BMP)
signaling pathway, primarily by inhibiting BMP2 and BMP4
(Fregni et al., 2018; Liu et al, 2021; Verheyden and Sun, 2008).
Aberrant expression of GREM1 could promote tumor angiogenesis,
extracellular matrix remodeling, and suppression of BMP-mediated
anti-tumor signaling, thereby accelerating tumor cell proliferation
and migration. In our study, the functional validation of PLAU
and GREM1 provided new avenues for therapeutic intervention,
particularly considering the dynamic nature of TME and how
it evolves in response to ICIs (Cai et al, 2020). Recent studies
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have highlighted the pivotal roles of PLAU and GREMI in
modulating tumor treatment responses. Under conventional
therapeutic regimens, elevated PLAU expression promotes
platinum-based chemotherapy resistance by enhancing DNA repair
mechanisms and facilitating epithelial-mesenchymal transition
(EMT) (Cui et al., 2024; Zheng et al., 2024). Furthermore, PLAU-
mediated extracellular matrix (ECM) remodeling fosters a hypoxic
TME, shielding cancer cells from radiation-induced apoptosis
and thereby contributing to radiotherapy resistance (Bigos et al.,
2024; Minchenko et al., 2014). GREM1 drives chemoresistance by
antagonizing bone morphogenetic protein (BMP) signaling, thereby
sustaining cancer stemness and suppressing apoptotic pathways
(Yu et al., 2024; Hiroki et al., 2020). Notably, in EGFR-mutant
LUAD, GREMI1 overexpression perpetuates PI3K/AKT/mTOR
pathway activation, sustaining tumor cell survival and proliferation,
which consequently attenuates the efficacy of EGFR-TKIs such
as osimertinib (Sin-Aye et al., 2020; Andreas et al., 2022). These
findings posit GREM1 as a promising predictive biomarker for
targeted therapy resistance. The immunomodulatory functions of
these molecules hold significant implications for immunotherapy.
High PLAU levels correlate with an immunosuppressive TME
characterized by increased M2-like tumor-associated macrophages
(TAMs) and reduced CD8" T-cell infiltration—features consistently
associated with poor responses to ICIs (Fan et al., 2021; Zhou et al.,
2021). Similarly, GREM1 orchestrates myeloid cell polarization,
promoting recruitment of M2 macrophages and regulatory T
cells (Tregs), while stimulating the release of immunosuppressive
cytokines (e.g., L-10, TGF-B) and impairing DC function. These
mechanisms collectively diminish the therapeutic efficacy of PD-
1 inhibitors (Liberty et al., 2023; Shipeng et al., 2024; Aji et al,,
2025).The integration of scRNA-seq data, as demonstrated in this
study, offers a promising approach to dissect the heterogeneity

frontiersin.org


https://doi.org/10.3389/fbinf.2025.1613761
https://www.frontiersin.org/journals/bioinformatics
https://www.frontiersin.org

Wang et al.

of LUAD and enhance our understanding of IRGs in tumor
progression and response to therapy.

Our study has several limitations. The retrospective nature
of and the reliance on public datasets may introduce biases
that could affect the generalizability of the results, and thus
further validation in larger, prospective cohorts is warranted.
Meanwhile, the complexity of the immune response and
the functional implications of the identified IRGs should be
considered in future research. Despite these limitations, this
study shed light on the development of immunogenomic-based
prognostication and personalized treatment strategies for LUAD
patients.

5 Conclusion

This study has significant clinical implications. By integrating
scRNA-seq with bulk RNA-seq data to construct IRG-based
model, which could serve as a reliable and independent
biomarker for predicting patient outcomes and immune cell
infiltration levels. We further deployed an interpretable XGBoost
machine learning algorithm to robustly improve the predictive
performance, allowing for more personalized risk stratification
and clinical decision-making. Additionally, we identify two
novel key molecules significantly associated with LUAD patient
prognosis and therapeutic response to immunotherapy. IRG-based
signature enhances our understanding of the heterogeneity and
complexity of immune cell infiltration and function in the TME,
providing valuable insights into individualized immunotherapy
strategies.
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variations (CNVs) and the targeted PLAU and GREM1 gene

expression.

SUPPLEMENTARY FIGURE S3
Transcription factors common to both PLAU and
GREML

References

Aji, R, Xu, Y., Wang, Z., Feng, W.,, Gui, L., Rao, H.,, et al. (2025). Targeted
delivery of Greml and IL-10 separately by mesenchymal stem cells effectively
mitigates SETD2-deficient inflammatory bowel disease. Theranostics 15 (6), 2215-2228.
doi:10.7150/thno.105876

Andreas, K., Christos, T., Chiara, A. C., Metro, G., and Mountzios, G. (2022).
Resistance to TKIs in EGFR-mutated non-small cell lung cancer: from mechanisms to
new therapeutic strategies. Cancers 14 (14), 3337. doi:10.3390/cancers14143337

Bigos, . K., Quiles, G. C., Lunj, S., Smith, D. J., Krause, M., Troost, E. G., et al. (2024).
Tumour response to hypoxia: understanding the hypoxic tumour microenvironment to
improve treatment outcome in solid tumours. Front. Oncol. 14, 141331355-1331355.
doi:10.3389/fonc.2024.1331355

Cai, W. Y,, Dong, Z. N,, Fu, X. T, Lin, L. Y., Wang, L, Ye, G. D, et al.
(2020). Identification of a tumor microenvironment-relevant gene set-based prognostic
signature and related therapy targets in gastric cancer. Theranostics 10 (19), 8633-8647.
doi:10.7150/thno.47938

Chen, Y, Li, Z. Y,, Zhou, G. Q, and Sun, Y. (2021a). An immune-related gene
prognostic index for head and neck squamous cell carcinoma. Clin. cancer Res. official
J. Am. Assoc. Cancer Res. 27 (1), 330-341. doi:10.1158/1078-0432.ccr-20-2166

Chen, D., Wang, Y., Zhang, X., Ding, Q, Wang, X., Xue, Y, et al. (2021b).
Characterization of tumor microenvironment in lung adenocarcinoma identifies
immune signatures to predict clinical outcomes and therapeutic responses. Front.
Oncol. 11, 581030. doi:10.3389/fonc.2021.581030

Chi, Z., Jing-Hui, Z., Zong-Han, L., Lv, H. Y, Ye, Z. M,, Chen, Y. P,
et al. (2020). Profiles of immune cell infiltration and immune-related genes
in the tumor microenvironment of osteosarcoma. Aging 12 (4), 3486-3501.
doi:10.18632/aging.102824

Cho, J. W,, Hong, M. H,, Ha, S. J., Kim, Y. J., Cho, B. C,, Lee, I, et al. (2020). Genome-
wide identification of differentially methylated promoters and enhancers associated
with response to anti-PD-1 therapy in non-small cell lung cancer. Exp. ¢ Mol. Med.
52(9), 1550-1563. doi:10.1038/s12276-020-00493-8

Cui, X, Sun, H,, Liu, X, Bai, Y., Bai, Y., Cui, Y,, et al. (2024). PLAU promotes cell
proliferation and migration of head and neck cancer via STAT3 signaling pathway. Exp.
cell Res. 438 (2), 114056. doi:10.1016/j.yexcr.2024.114056

Fan, Z., Guanzhang, L., Xiu, L., Zhang, K., Huang, H., Jiang, T, et al. (2021).
Plasminogen activator urokinase receptor implies immunosuppressive features and
acts as an unfavorable prognostic biomarker in Glioma. Oncol. 26 (8), e1460-e1469.
doi:10.1002/0nc0.13750

Fregni, G., Quinodoz, M., Méller, E., Vuille, J., Galland, S., Fusco, C., et al. (2018).
Reciprocal modulation of mesenchymal stem cells and tumor cells promotes lung
cancer metastasis. EBioMedicine 29, 128-145. doi:10.1016/j.ebiom.2018.02.017

Fu, J., Li, K, Zhang, W., Wan, C., Zhang, J., Jiang, P, et al. (2020). Large-scale public
data reuse to model immunotherapy response and resistance. Genome Med. 12 (1), 21.
doi:10.1186/513073-020-0721-z

He, J., Luan, T., Zhao, G., and Yang, Y. (2023). Fusing WGCNA and machine
learning for immune-related gene prognostic index in lung adenocarcinoma: precision
prognosis, tumor microenvironment profiling, and biomarker discovery. J. Inflamm.
Res. 16, 5309-5326. doi:10.2147/jir.s436431

Hiroki, K., Gieniec, K. A., Wright, J. A, Wang, T, Asai, N., Mizutani, Y,
et al. (2020). The balance of stromal BMP signaling mediated by GREM1 and
ISLR drives colorectal carcinogenesis. Gastroenterology 160 (4), 1224-1239.e30.
doi:10.1053/j.gastro.2020.11.011

Hu, C,, Li, T., Xu, Y., Zhang, X,, Li, F, Bai, J., et al. (2023). CellMarker 2.0: an updated
database of manually curated cell markers in human/mouse and web tools based on
scRNA-seq data. Nucleic Acids Res. 51 (D1), D870-D876. doi:10.1093/nar/gkac947

Huang, Z., Zhang, W,, Gao, C., Ji, B., Chi, X., Zheng, W, et al. (2016). Dysregulation
of GTPase IMAP family members in hepatocellular cancer. Mol. Med. Rep. 14 (5),
4119-4123. doi:10.3892/mmr.2016.5764

Frontiers in Bioinformatics

15

10.3389/fbinf.2025.1613761

SUPPLEMENTARY FIGURE S4
Prediction of chemotherapeutic drugs in high-risk and low-risk groups.

SUPPLEMENTARY TABLE S1
A total of 1,181 genes significantly associated with tumor biology.

SUPPLEMENTARY TABLE S2
Twenty clusters annotated by marker genes of eight cell types.

SUPPLEMENTARY TABLE S3
PLAU and GREML1 primer sequences.

Hui, Z., Ren, Y, Zhang, D., Chen, Y, Yu, W, Cao, J., et al. (2023). PD-1
blockade potentiates neoadjuvant chemotherapy in NSCLC via increasing
CD127(+) and KLRGI1(+) CD8T cells. NPJ Precis. Oncol. 7 (1), 48. doi:10.1038
/541698-023-00384-x

Jiang, X., Gao, Y., Zhang, N., Yuan, C., Luo, Y., Sun, W,, et al. (2020). Establishment
of immune-related gene pair signature to predict lung adenocarcinoma prognosis. Cell
Transplant. 29, 096368972097713. doi:10.1177/0963689720977131

Kim, J. W,, Marquez, C. P, Kostyrko, K., Koehne, A. L., Marini, K., Simpson,
D. R, et al. (2019). Antitumor activity of an engineered decoy receptor targeting
CLCF1-CNTEFR signaling in lung adenocarcinoma. Nat. Med. 25 (11), 1783-1795.
doi:10.1038/s41591-019-0612-2

Landi, M. T., Dracheva, T., Rotunno, M., Figueroa, J. D., Liu, H., Dasgupta,
A, et al. (2008). Gene expression signature of cigarette smoking and its role
in lung adenocarcinoma development and survival. PLoS One 3 (2), el651.
doi:10.1371/journal.pone.0001651

Li, D., Wei, P, Peng, Z., Huang, C., Tang, H,, Jia, Z, et al. (2013). The critical
role of dysregulated FOXM1-PLAUR signaling in human Colon cancer progression
and metastasis. Clin. cancer Res. official J. Am. Assoc. Cancer Res. 19 (1), 62-72.
doi:10.1158/1078-0432.ccr-12-1588

Liberty, M., C, S. R,, S, D. K., Baugh, J. A., Knaus, U. G., and McLoughlin, P. (2023).
Gremlin 1 is required for macrophage M2 polarization.Am. J. physiology. Lung Cell. Mol.
physiology, 325,1.270, L276. doi:10.1152/ajplung.00163.20232):

Liu, Q, Fang, Y., and Wang, J. (2020). ESTIMATE algorithm is not appropriate for
inferring tumor purity and stromal and immune cell admixture in hematopoietic or
stromal tumors. Cancer Immunol. Immunother. 69 (6), 1153-1154. doi:10.1007/s00262-
020-02526-7

Liu, S., Song, A, Wu, Y., Yao, S., Wang, M., Niu, T., et al. (2021). Analysis
of genomics and immune infiltration patterns of epithelial-mesenchymal
transition related to metastatic breast cancer to bone. Transl. Oncol. 14 (2),
100993. doi:10.1016/j.tranon.2020.100993

Liu, Z., Lei, Y., Shen, J., Zhao, G., Wang, X., Wang, Y,, et al. (2023). Development
and validation of an immune-related gene prognostic index for lung adenocarcinoma.
J. Thorac. Dis. 15 (11), 6205-6227. doi:10.21037/jtd-23-1374

Maynard, A., McCoach, C. E., Rotow, J. K., Harris, L., Haderk, F, Kerr, D. L., et al.
(2020). Therapy-induced evolution of human lung cancer revealed by single-cell RNA
sequencing. Cell 182 (5), 1232-51.e22. doi:10.1016/j.cell.2020.07.017

Minchenko, H. O., Kharkova, P. A., Kubaichuk, I. K., Minchenko, D. O., Hlushchak,
N. A,, and Kovalevska, O. V. (2014). Effect of hypoxia on the expression of CCN2,
PLAU, PLAUR, SLURP1, PLAT and ITGBI1 genes in ERN1 knockdown U87 glioma
cells. Ukrainian Biochem. J. 86 (4), 79-89.

Moreira, T. G., Gauthier, C. D., Murphy, L., Lanser, T. B., Paul, A., Matos, K. T. E, et al.
(2023). Nasal administration of anti-CD3 mAb (foralumab) downregulates NKG7 and
increases TGFB1 and GIMAP7 expression in T cells in subjects with COVID-19. Proc.
Natl. Acad. Sci. U. S. A. 120 (11), €2220272120. doi:10.1073/pnas.2220272120

Nahar, R, Zhai, W,, Zhang, T., Takano, A., Khng, A. ], Lee, Y. Y,, et al. (2018).
Elucidating the genomic architecture of Asian EGFR-Mutant lung adenocarcinoma
through multi-region exome sequencing. Nat. Commun. 9 (1), 216. d0i:10.1038/s41467-
017-02584-z

Novakovsky, G., Dexter, N., Libbrecht, M. W., Wasserman, W. W.,, and Mostafavi,
S. (2023). Obtaining genetics insights from deep learning via explainable artificial
intelligence. Nat. Rev. Genet. 24 (2), 125-137. doi:10.1038/s41576-022-00532-2

Qin, Y, Liu, H., Huang, X., Huang, L., Liao, L., Li, J., et al. (2022). GIMAP7 as a
potential predictive marker for pan-cancer prognosis and immunotherapy efficacy. J.
Inflamm. Res. 15, 1047-1061. doi:10.2147/jir.s342503

Ritchie, M. E., Phipson, B., Wu, D., Hu, Y,, Law, C. W, Shi, W,, et al. (2015). Limma
powers differential expression analyses for RNA-Sequencing and microarray studies.
Nucleic Acids Res. 43 (7), e47. doi:10.1093/nar/gkv007

frontiersin.org


https://doi.org/10.3389/fbinf.2025.1613761
https://doi.org/10.7150/thno.105876
https://doi.org/10.3390/cancers14143337
https://doi.org/10.3389/fonc.2024.1331355
https://doi.org/10.7150/thno.47938
https://doi.org/10.1158/1078-0432.ccr-20-2166
https://doi.org/10.3389/fonc.2021.581030
https://doi.org/10.18632/aging.102824
https://doi.org/10.1038/s12276-020-00493-8
https://doi.org/10.1016/j.yexcr.2024.114056
https://doi.org/10.1002/onco.13750
https://doi.org/10.1016/j.ebiom.2018.02.017
https://doi.org/10.1186/s13073-020-0721-z
https://doi.org/10.2147/jir.s436431
https://doi.org/10.1053/j.gastro.2020.11.011
https://doi.org/10.1093/nar/gkac947
https://doi.org/10.3892/mmr.2016.5764
https://doi.org/10.1038-✐/s41698-023-00384-x
https://doi.org/10.1038-✐/s41698-023-00384-x
https://doi.org/10.1177/0963689720977131
https://doi.org/10.1038/s41591-019-0612-2
https://doi.org/10.1371/journal.pone.0001651
https://doi.org/10.1158/1078-0432.ccr-12-1588
https://doi.org/10.1152/ajplung.00163.2023
https://doi.org/10.1007/s00262-020-02526-7
https://doi.org/10.1007/s00262-020-02526-7
https://doi.org/10.1016/j.tranon.2020.100993
https://doi.org/10.21037/jtd-23-1374
https://doi.org/10.1016/j.cell.2020.07.017
https://doi.org/10.1073/pnas.2220272120
https://doi.org/10.1038/s41467-017-02584-z
https://doi.org/10.1038/s41467-017-02584-z
https://doi.org/10.1038/s41576-022-00532-2
https://doi.org/10.2147/jir.s342503
https://doi.org/10.1093/nar/gkv007
https://www.frontiersin.org/journals/bioinformatics
https://www.frontiersin.org

Wang et al.

Rong, J., Zhongxian, L., Wei, L., Ji, Y., Weng, Y., Liang, Y, et al. (,2020). Identification
of key genes unique to the luminal a and basal-like breast cancer subtypes via
bioinformatic analysis. World J. Surg. Oncol., 18(1):268-268. doi:10.1186/s12957-020-
02042-z

Selamat, S. A., Chung, B. S., Girard, L., Zhang, W.,, Zhang, Y., Campan, M., et al.
(2012). Genome-scale analysis of DNA methylation in lung adenocarcinoma
and integration with mRNA expression. Genome Res. 22 (7), 1197-1211.
doi:10.1101/gr.132662.111

Shannon, P,, Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al. (2003).
Cytoscape: a software environment for integrated models of biomolecular interaction
networks. Genome Res. 13 (11), 2498-2504. doi:10.1101/gr.1239303

Shedden, K., Taylor, J. M., Enkemann, S. A., Tsao, M. S., Yeatman, T. J., and Director’s
Challenge Consortium for the Molecular Classification of Lung A (2008). Gene
expression-based survival prediction in lung adenocarcinoma: a multi-site, blinded
validation study. Nat. Med. 14 (8), 822-827. doi:10.1038/nm.1790

Shipeng, D., Fan, X., Xiaozhang, X., Huang, T., Wang, Y., Wang, H., et al. (2024).
miR-455/GREML1 axis promotes colorectal cancer progression and liver metastasis by
affecting PI3K/AKT pathway and inducing M2 macrophage polarization. Cancer Cell
Int. 24 (1), 235. doi:10.1186/s12935-024-03422-1

Siegel, R. L., Miller, K. D., Wagle, N. S., and Jemal, A. (2023). Cancer statistics, 2023.
CA Cancer J. Clin. 73 (1), 17-48. doi:10.3322/caac.21763

Sin-Aye, P, Ji,N. S., Bae-Jung, C., Kim, W., Kim, S. H., and Surh, Y.J. (2020). Gremlin-
1 augments the oestrogen-related receptor a signalling through EGFR activation:
implications for the progression of breast cancer. Br. J. cancer 123 (6), 988-999.
doi:10.1038/s41416-020-0945-0

Skoulidis, F, and Heymach, J. V. (2019). Co-occurring genomic alterations in
non-small-cell lung cancer biology and therapy. Nat. Rev. Cancer 19 (9), 495-509.
doi:10.1038/s41568-019-0179-8

Song, Y., Yan, S., Fan, W,, Zhang, M., Liu, W,, Lu, H,, et al. (2020). Identification
and validation of the immune subtypes of lung adenocarcinoma: implications for
immunotherapy. Front. cell Dev. Biol. 8, 550. doi:10.3389/fcell.2020.00550

Us6, M., Jantus-Lewintre, E., Calabuig-Farifias, S., Blasco, A., Garcia Del Olmo, E.,
Guijarro, R., et al. (2017). Analysis of the prognostic role of an immune checkpoint
score in resected non-small cell lung cancer patients. Oncoimmunology 6 (1), e1260214.
doi:10.1080/2162402x.2016.1260214

Van Allen, E. M., Miao, D., Schilling, B., Shukla, S. A., Blank, C., Zimmer, L., et al.
(2015). Genomic correlates of response to CTLA-4 blockade in metastatic melanoma.
Sci. (New York, NY) 350 (6257), 207-211. doi:10.1126/science.aad0095

Verheyden, J. M., and Sun, X. (2008). An fgf/gremlin inhibitory feedback
loop triggers termination of limb bud outgrowth. Nature 454 (7204), 638-641.
doi:10.1038/nature07085

Wang, Y., Zhang, T., Wang, J., Zhou, Z., Liu, W,, Xiao, Z., et al. (2023). Induction
immune checkpoint inhibitors and chemotherapy before definitive chemoradiation
therapy for patients with bulky unresectable stage III non-small cell lung cancer. Int.
J. Radiat. Oncol. Biol. Phys. 116 (3), 590-600. doi:10.1016/j.ijrobp.2022.12.042

Wang, T., Dai, L., Shen, S., Yang, Y, Yang, M., Yang, X, et al. (2022).
Comprehensive molecular analyses of a macrophage-related gene signature with regard
to prognosis, immune features, and biomarkers for immunotherapy in hepatocellular
carcinoma based on WGCNA and the LASSO algorithm. Front. Immunol. 13, 843408.
doi:10.3389/fimmu.2022.843408

Wang, X., Wang, Y., Zhang, Y., Shi, H,, Liu, K., Wang, F, et al. (2024). Immune
modulatory roles of radioimmunotherapy: biological principles and clinical prospects.
Front. Immunol. 15, 1357101. doi:10.3389/fimmu.2024.1357101

Frontiers in Bioinformatics

16

10.3389/fbinf.2025.1613761

Wilkerson, M. D., and Hayes, D. N. (2010). ConsensusClusterPlus: a class discovery
tool with confidence assessments and item tracking. Bioinformatics 26 (12), 1572-1573.
doi:10.1093/bioinformatics/btq170

Xin, J., Jun, W,, Lina, G., and Qing, H. (2021). Identification of immune-related
biomarkers for sciatica in peripheral blood. Front. Genet. 2021, 12,781945-781945.
doi:10.3389/fgene.2021.781945

Yates, J., Kraft, A, and Boeva, V. (2025). Filtering cells with high
mitochondrial content depletes viable metabolically altered malignant cell
populations in cancer single-cell studies. Genome Biol. 26 (1), 91. doi:10.1186/
$13059-025-03559-w

Yu, Q, Xu, S., Weng, S., Ye, L., Zheng, H., and Li, D. (2024). GREM1 May be a
biological indicator and potential target of bladder cancer. Sci. Rep. 14 (1), 23280.
doi:10.1038/s41598-024-73655-7

Zeng, H., Zheng, R., Sun, K., Zhou, M., Wang, S., Li, L., et al. (2024a). Cancer survival
statistics in China 2019-2021: a multicenter, population-based study. J. Natl. Cancer
Cent. 4 (3), 203-213. doi:10.1016/j.jncc.2024.06.005

Zeng, D., Fang, Y., Qiu, W, Luo, P, Wang, S., Shen, R, et al. (2024b).
Enhancing immuno-oncology investigations through multidimensional decoding
of tumor microenvironment with IOBR 2.0. Cell Rep. methods 4 (12), 100910.
doi:10.1016/j.crmeth.2024.100910

Zhang, Y., Foreman, O., Wigle, D. A., Kosari, E, Vasmatzis, G., Salisbury, J.
L., et al. (2012). USP44 regulates centrosome positioning to prevent aneuploidy
and suppress tumorigenesis. J. Clin. Invest 122 (12), 4362-4374. doi:10.1172/
jci63084

Zhang, J., Zhang, J., Yuan, C., Luo, Y., Li, Y., Dai, P, et al. (2020a). Establishment
of the prognostic index reflecting tumor immune microenvironment of lung
adenocarcinoma based on metabolism-related genes. J. Cancer 11 (24), 7101-7115.
doi:10.7150/jca.49266

Zhang, C., Zhang, Z., Sun, N., Zhang, Z., Zhang, G., Wang, F, et al. (2020b).
Identification of a costimulatory molecule-based signature for predicting prognosis risk
and immunotherapy response in patients with lung adenocarcinoma. Oncoimmunology
9 (1), 1824641. doi:10.1080/2162402x.2020.1824641

Zhang, Y, Liu, S., Liu, D., Zhao, Z., Song, H., and Peng, K. (2024). Identification and
validation of GIMAP family genes as immune-related prognostic biomarkers in lung
adenocarcinoma. Heliyon 10 (12), €33111. doi:10.1016/j.heliyon.2024.e33111

Zheng, Y., Zhang, L., Zhang, K., Wu, S., Wang, C., Huang, R., et al. (2024).
PLAU promotes growth and attenuates cisplatin chemosensitivity in ARID1A-depleted
non-small cell lung cancer through interaction with TM4SF1. Biol. direct 19 (1), 7.
doi:10.1186/s13062-024-00452-7

Zhou, Z. R., Wang, W. W, Li, Y, Jin, K. R,, Wang, X. Y., Wang, Z. W,, et al. (2019).
In-depth mining of clinical data: the construction of clinical prediction model with R.
Ann. Transl. Med. 7 (23), 796. d0i:10.21037/atm.2019.08.63

Zhou, W.,, Zhang, C., Zhang, D., Peng, ], Ma, S, Wang, X, et al. (2020).
Comprehensive analysis of the immunological landscape of pituitary adenomas:
implications of immunotherapy for pituitary adenomas. J. Neurooncol 149 (3), 473-487.
doi:10.1007/511060-020-03636-z

Zhou, J., Dou, C,, Liu, C,, Yang, L., JianKun, Y., HaiFeng, D., et al. (2021). M2 subtype
tumor associated macrophages (M2-TAMs) infiltration predicts poor response rate of
immune checkpoint inhibitors treatment for prostate cancer. Ann. Med. 53 (1), 730-740.
doi:10.1080/07853890.2021.1924396

Zuo, S., Wei, M., Wang, S., Dong, J., and Wei, J. (2020). Pan-cancer analysis of immune
cell infiltration identifies a prognostic immune-cell characteristic score (ICCS) in lung
adenocarcinoma. Front. Immunol. 11, 1218. d0i:10.3389/fimmu.2020.01218

frontiersin.org


https://doi.org/10.3389/fbinf.2025.1613761
https://doi.org/10.1186/s12957-020-02042-z
https://doi.org/10.1186/s12957-020-02042-z
https://doi.org/10.1101/gr.132662.111
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1038/nm.1790
https://doi.org/10.1186/s12935-024-03422-1
https://doi.org/10.3322/caac.21763
https://doi.org/10.1038/s41416-020-0945-0
https://doi.org/10.1038/s41568-019-0179-8
https://doi.org/10.3389/fcell.2020.00550
https://doi.org/10.1080/2162402x.2016.1260214
https://doi.org/10.1126/science.aad0095
https://doi.org/10.1038/nature07085
https://doi.org/10.1016/j.ijrobp.2022.12.042
https://doi.org/10.3389/fimmu.2022.843408
https://doi.org/10.3389/fimmu.2024.1357101
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.3389/fgene.2021.781945
https://doi.org/10.1186/-✐s13059-025-03559-w
https://doi.org/10.1186/-✐s13059-025-03559-w
https://doi.org/10.1038/s41598-024-73655-7
https://doi.org/10.1016/j.jncc.2024.06.005
https://doi.org/10.1016/j.crmeth.2024.100910
https://doi.org/10.1172/-✐jci63084
https://doi.org/10.1172/-✐jci63084
https://doi.org/10.7150/jca.49266
https://doi.org/10.1080/2162402x.2020.1824641
https://doi.org/10.1016/j.heliyon.2024.e33111
https://doi.org/10.1186/s13062-024-00452-7
https://doi.org/10.21037/atm.2019.08.63
https://doi.org/10.1007/s11060-020-03636-z
https://doi.org/10.1080/07853890.2021.1924396
https://doi.org/10.3389/fimmu.2020.01218
https://www.frontiersin.org/journals/bioinformatics
https://www.frontiersin.org

	Highlights
	1 Background
	2 Methods
	2.1 Collection of database data
	2.2 Functional analyses
	2.3 Consensus clustering
	2.4 Tumor immune microenvironment
	2.5 Prediction of immunotherapy response
	2.6 Construction and validation of IRG-related risk signature
	2.7 Single-cell RNA sequencing analysis
	2.8 Interpretable machine learning
	2.9 Quantitative reverse transcription PCR (qRT-qPCR)
	2.10 Statistical analysis

	3 Results
	3.1 Identification of DEGs and functional pathways regulating tumor immune microenvironment
	3.2 WGCNA detection of tumor-related modules and identification of key IRGs
	3.3 Consensus clustering analysis of immune-related gene expression
	3.4 Tumor microenvironment landscape in two molecular patterns
	3.5 Construction of immunoregulation related gene index risk model
	3.6 Validation of IRGI risk model in immune cohorts from GEO, external databases, and single-cell analysis
	3.7 Interpretable XGBoost machine learning model on IRGs with improved predictive performance
	3.8 The mRNA expression levels of prognosis-related genes

	4 Discussion
	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References

