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Background: The objective is to create an IRGPI (Immune-related genes prognostic index), which could predict the survival and
effectiveness of immune checkpoint inhibitor (ICI) treatment for lung adenocarcinoma (LUAD).

Methods: By applying weighted gene co-expression network analysis (WGCNA), we ascertained 13 genes associated with immune
functions. An IRGPI was constructed using four genes through multicox regression, and its validity was assessed in the GEO dataset.
Next, we explored the immunological and molecular attributes and advantages of ICI treatment in subcategories delineated by IRGPI.
The model genes were also validated by the random forest tree, and functional experiments were conducted to validate it.

Results: The IRGPI relied on the genes CD79A, IL11, CTLA-4, and CD27. Individuals categorized as low-risk exhibited significantly
improved overall survival in comparison to those classified as high-risk. Extensive findings indicated that the low-risk category
exhibited associations with immune pathways, significant infiltration of CD8 T cells, M1 macrophages, and CD4 T cells, a reduced rate
of gene mutations, and improved sensitivity to ICI therapy. Conversely, the higher-risk group displayed metabolic signals, elevated
frequencies of TP53, KRAS, and KEAP1 mutations, escalated levels of NK cells, M0, and M2 macrophage infiltration, and
a diminished response to ICI therapy. Additionally, our study unveiled that the downregulation of IL11 effectively impedes the
proliferation and migration of lung carcinoma cells, while also inducing cell cycle arrest.

Conclusion: IRGPI is a biomarker with significant potential for predicting the effectiveness of ICI treatment in LUAD patients and is
closely related to the microenvironment and clinicopathological characteristics.
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Introduction

Therapies targeting programmed death 1 (PD1) and its ligand (PD-L1), as well as CTL-associated protein 4 (CTLA-4),
referred to ICI, exhibit remarkable survival benefits compared to conventional treatments.'* Over the decades, the
application of ICI has demonstrated promising results in treating LUAD patients.”’ Nevertheless, a primary worry
revolves around the inadequate patient response rate to ICI response rates.® ! The effectiveness of ICI is influenced by
multiple elements, including the tumor immune microenvironment (TME), whereas only a few indicators can forecast

patient results.'? Exploring possible prognostic-related indicators for treatment advantages can enable personalized
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immunotherapy for patients with LUAD. Nevertheless, the evaluation of LUAD’s TME and its prognostic and
therapeutic indicators remains incomplete.

We are committed to constructing a predictive model that can predict the response of LUAD patients to ICI treatment.
By analyzing sequencing results of LUAD patients, we identified immune-related genes and employed WGCNA to
construct an IRGPI to screen immune-related hub genes linked to patient prognosis. Subsequently, we delineated the
immunological and molecular characteristics of IRGPI and assessed its prognostic implications in individuals receiving
immunotherapy. Additionally, we compared alternative biomarkers, namely tumor inflammation signature (TIS) and
tumor immune dysfunction and exclusion (TIDE). The creation of the IRGPI aimed to establish a robust prognostic
predictor for patients afflicted by LUAD undergoing immunotherapeutic interventions (Graphical abstract).

Materials and Methods
Collection of Patient Data
The Cancer Genome Atlas (TCGA) provided RNA-seq data, mutation gene data, survival information for 535 LUAD
samples and 59 normal samples, and associated clinicopathological details. The datasets were obtained from the online
repository available at (https://portal.gdc.cancer.gov/). Survival data and RNA-seq profiles for 442 LUAD samples

(GSE72094) were sourced from the GEO database accessible at https://www.ncbi.nlm.nih.gov/geo/. The lists of immune-

related genes were acquired from the ImmPort (https://www.immport.org/shared/home) and InnateDB (https:/www.
innateDBdb.com/) databases.

Identification of Immune-Related Genes (IRGs)
After obtaining the RNA-seq data, we utilized the “limma” package in R to identify different expressed genes (DEGs) with
a significance level of P <0.05 and an absolute log2 fold change (|log2FC]|) exceeding 1. Subsequently, we successfully
pinpointed a set of DEGs associated with the immune system by intersecting these DEGs with the IRGs retrieved from
ImmPort and InnateDB databases; we. Then, we employed the “clusterProfiler” R package to perform enrichment analyses
involving Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways.

After constructing co-expression survival-related modules using WGCNA, potential prognostic markers in LUAD were
discovered.'® Thirteen immune-related hub genes were significantly linked to survival (analyzed using the “survival”
package) and subsequently subjected to further examination (P <0.05, Log rank test).

The IRGPI Was Constructed and Validated

Thirteen immune-related core genes were identified through Multivariate Cox regression analyses and subsequently used
to construct the IRGPI. By adding the products of coefficients and expression levels of genes, including Gene 1, Gene 2,
and so on, up to Gene n, we calculated the risk score referred to as IRGPI. The predictive capability of IRGPI was
assessed using Kaplan-Meier survival curves. By employing univariate and multivariate Cox regression analyses, the
potential prognostic value of IRGPI was comprehensively evaluated. Furthermore, the accuracy and sensitivity of IRGPI
were assessed using R through the validation of receiver operating characteristic (ROC) curve analysis.

Analysis of Gene Sets Enrichment
Utilizing the “clusterProfiler” R package, we conducted a Gene Set Enrichment Analysis (GSEA) on the IRGPI score by
dividing it into high and low groups based on the median value.

Analysis of Gene Mutations Burden
The R software package “Maftools”'* was selected for the analysis of somatic mutation profiles between the two IRGPI
subgroups. Subsequent analyses explored the correlation between the overall tumor mutation burden (TMB) and IRGPI.
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Analysis of Immune Infiltration and the Effectiveness of ICl Treatment
To determine the immune characteristics of 535 LUAD samples, we applied the CIBERSORT algorithm to assess the
proportions of 22 distinct immune cell categories.'"> We utilized TIMER2.0 for a more comprehensive analysis of
immune cell infiltration proportions and visualized the results using the “ggplot2” package in the R programming
language.'® The infiltration estimation profile for all TCGA tumors is also available for download from TIMER2.0.
Subsequently, we conducted ssGSEA analysis to obtain scores for specific gene features and compared the biological
characteristic changes among different IRGPI groups. Correlation investigations were undertaken to explore the link
between the IRGPI score and the expression of PD-L1.
In addition, we executed time-dependent ROC curve assessments to derive the area under the curve (AUC), and we
contrasted the predictive importance among IRGPI, TIDE, and TIS by employing the timeROC package within the

R environment. The TIDE score was computed online via the following web address (https://tide.dfci.harvard.edv/), and
17,18

the TIS score was determined as the average logarithmically scaled normalized expression of the 18 characteristic genes.

Cell Culture

The Chongqing Key Laboratory of Stem Cells and Tissue Engineering provided the LUAD cell lines (A549 and H1299).
The cells were cultured at 37°C in a humidified environment with 5% CO2 using RPMI-1640 medium (Gibco BRL,
USA) supplemented with 10% fetal bovine serum, and 1% penicillin-streptomycin solution (C100C5, NCM Biotech,
Suzhou, China).

Transient Transfection

Tsingke (Shanghai, China) designed and synthesized four shRNAs, including three IL-11 shRNAs and one negative control
shRNA. All shRNAs were constructed in plko.1-copGFP-puro vector. The shRNA sequences are listed in Table S1. And,
shRNAs were introduced into the cells by Lipo 3000 (Invitrogen, Carlsbad, CA, USA) following the instructions provided by
the manufacturer.

Cell Viability Assay and 5-Ethynyl-2'-Deoxyuridine (EdU) Assay
To assess cell viability, the Cell counting Kit-8 (CCK8, NCM Biotech, Suzhou, China) was employed. Following various
procedures, the cells were placed in 96-well plates with a concentration of 2.5x10° cells per well for 24, 48, and 72 hours,
correspondingly. Next, 10 microliters of CCKS8 were added following the provided guidelines. The measurement of
absorbance was observed at a wavelength of 450 nm.

The EdU cell proliferation kit (Cellorlab, CX004, Shanghai, China) was also employed to examine cell proliferation
by the manufacturer. Images were captured and analyzed using a fluorescence microscope (Leica, Munich, Germany).

Scratch Assay

The cells were introduced into the 6-well dish. Once the cells reached full growth, a sterilized 200 puL head was used to
create a straight scratch line. Following 24 hours, a random selection was made from each group to observe and capture
photographs of the field of view.

Extraction of RNA and Performing Real-Time PCR
The Trizol reagent (15596018, Thermo) was used to extract the entire cellular RNA. Reverse transcription was performed
following the protocol of ABScript cDNA First-Strand Synthesis Kit (RK20400, Wuhan, Abclonal). Genious 2x SYBR
Green Fast qPCR Mix (RK21204, Wuhan, Abclonal) was used for conducting real-time PCR.

The primers are listed in Table S1. The relative expression levels were quantified using the 2—AACt method.

Random Forest and GSEA Screening and Exploring Important Genes

The effect of distinct gene expression on patient OS was evaluated using the random forest algorithm provided by the

R package “randomForest”. This analysis also yielded variable importance values for each gene."®
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To investigate the mechanism through which IL11 regulates the progression of LUAD, a co-expression network
related to IL11 was constructed within the TCGA-LUAD dataset. This was achieved by utilizing a functional module
derived from the WEB-based gene set analysis toolkit of the LinkedOmics database.

Cell Cycle Analysis

The cells were enzymatically digested following transfection using a 0.1% trypsin solution. Next, the cells were spun at
a temperature of 4°C at 500 rpm for 3 mins. Then, the cells were rinsed with PBS on two occasions. The pellets were
immersed in ice-cold 70% ethanol and treated with propidium iodide for staining. The CELL Quest kit (BD Biosciences,
San Jose, CA, USA) was utilized for data analysis.

Statistical Analysis

An independent ¢-test was employed to compare continuous variables between the two groups. For categorical data
analysis, the chi-square test was utilized. The Wilcoxon signed-rank test was also applied to assess immune infiltration
differences among the subgroups. The comparison of TIDE scores between groups was conducted using the Wilcoxon
test. Values of P <0.05 were used to determine statistical significance. P values less than 0.05 were represented by *P
values less t0.01 were represented by **and P values less than 0.001 were represented by ***. The abbreviation “ns” was
used to indicate results that were not statistically significant.

Results
Identification of DIRGs

In the analysis of differential expression (535 tumors compared to 59 normal samples), a total of 8109 DEGs were
acquired from tumor samples compared to normal samples (Figure S1A). By overlapping these genes with IRGs sourced
from ImmPort and InnateDB databases, a collective count of 681 genes associated with the immune system and
displaying differential expression (DIRGs) was pinpointed. Within this set, 423 genes demonstrated upregulation,
whereas 258 genes exhibited downregulation (Figure S1B). The DIRGs contained 1680 GO terms and 59 KEGG
pathways (see Table S2), and Figure S1C and S1D display the top 20 enrichments for GO and KEGG results.

The candidate genes (totaling 681) underwent WGCNA analysis to identify key genes linked with immune processes.
Achieving a correlation coefficient exceeding 0.9, the scale-free network’s ideal soft-thresholding exponent was
pinpointed as 4, as indicated in Figure S2. The identification of four distinct modules followed this. Utilizing the best-
suited soft-thresholding exponent and average linkage hierarchical clustering, four modules were distinguished (Figure
S3A and S3B). In terms of the Pearson correlation coefficient measuring the relationship between each module and
sample characteristics, it was observed that the blue module exhibited a robust correlation with LUAD tumors.
Consequently, the genes within this module were utilized for further analysis. Figure S3C and S3D display separate
GO terms and KEGG enrichments for the genes of the modules (additional information in Table S3). The link between
the OS of patients with LUAD and the expression levels of 13 hub genes related to immunity was assessed through
Kaplan-Meier analysis, illustrated in Figure S4.

Next, we investigated the attributes of the 13 hub genes. According to Figure S5, a portion of the 13 hub genes related
to the immune system exhibited missense and nonsense mutations, with IGHM, TLR10, and IRF4 showing a mutation
rate of 2%.

IRGPI Predicts Survival of LUAD Patients

Univariate Cox regression analyses were performed to identify the independent genes associated (Figure 1A) with
prognosis regarding OS. The OS of LUAD patients was significantly influenced by 13 genes (CD79A, CD19, IGHD,
IGHM, IGHV7-81, IGKV3D-15, IL11, TNFRSF13C, TNFRSF17, CTLA-4, IRF4, CD27, and TLR10), as depicted in
Figure S4. By employing multifactorial Cox regression assessments on datasets from both TCGA and GEO, we created
a prognostic index called IRGPI. The IRGPI risk score was calculated by multiplying the expression of a specific gene in
the sample by its weight in the multivariate Cox model and then summing it. This index was calculated using the
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following formula: IRGPI = (=0.330) * CD79A expression levels + 0.356 * IL11 expression levels + (—=0.213) * CTLA-4
expression level + 0.339 * CD27 expression levels, after merging survival states and times.

Patients with LUAD were categorized into low- and high-risk groups by utilizing the median risk score value of
IRGPI. Compared to patients in the high-risk group, patients in the low-risk group demonstrated superior overall survival
(OS, P = 0.001, based on the Log rank test) (Figure 1B). Subsequently, IRGPI was validated using the LUAD dataset
GSE72094 (n = 442) to confirm its role. The findings from the GEO cohort were in line with the TCGA dataset (P =
0.001, Log rank test) (Figure 1C).

Moreover, the reliability of IRGPI was evaluated of time-dependent ROC curves (Figure 1D and E). In both cohorts,
the AUC exceeded 0.6 for survival at 1-, 3-, and 5-year intervals. Furthermore, IRGPI demonstrated a strong ability to
predict survival in both the TCGA and GEO groups accurately.

IRGPI is a Dependent Prognostic Indicator

In Table S4, an inclusive presentation of clinicopathological characteristics about LUAD patients from the TCGA dataset
was showcased, predominantly falling within the two IRGPI subgroups. Figure 1F showed that the prognosis of LUAD
was significantly correlated with tumor and TNM stages according to the results of univariate Cox analyses. According to
the results of multivariate Cox analyses, IRGPI was identified as a prognostic factor that acts independently (Figure 1G).

Molecular Characteristics of Different IRGPI Subgroups

According to GSEA analysis, it was ascertained that the high-risk cluster displayed notable enhancement in terms of
axon guidance and metabolic-related pathways (Figure 2A). Conversely, the low-risk group showed significant enrich-
ment in pathways associated with immune response and cell receptors (Figure 2B and Table S5) (P <0.05). Table S6
listed the genes that showed differential expression between the two subgroups.

Afterward, we examined genetic mutations to clarify the immunological characteristics of the IRGPI subcategories.
The most frequent type of mutation was missense variations, followed by multi-hit and nonsense mutations. Figure 2C
and D revealed that the IRGPI subgroups exhibited the most elevated mutation rates among the top 20 genes. In both
groups, the mutation frequencies of TP53, MUC16, TTN, RYR2, LRP1B, CSMD3, ZFHX4, KRAS, USH2A, SPTAI,
and FLG exceeded 20%.

Next, we investigate the correlation between IRGPI score and the expression of PD-L1 (also named CD274), as well
as TMB. Consequently, the correlation between PD-L1 and the IRGPI score was significant, whereas the association
between the IRGPI score and TMB was minor (r = 0.05, P = 0.27), as depicted in Figure S6.

The IRGPI Forecasted the Infiltration of Immune Cells into the Microenvironment of
LUAD

To examine the makeup of immune cells in different IRGPI subcategories, we employed the Wilcoxon test to compare
the distribution of immune cells among various IRGPI subgroups. In the high-risk subgroup, there was a higher presence
of monocytes, MO and M2 macrophages, activated mast cells, neutrophils, and activated dendritic cells. Conversely, the
low-risk subgroup had abundant naive B cells, plasma cells, CD8 T cells, resting memory CD4 T cells, activated memory
CD4 T cells, Tregs, and M1 macrophages (Figure 3A). Figure 3B displays the clinicopathological characteristics of
various IRGPI subgroups associated with the immune landscape’s attributes. Using the multi-platform algorithm, we
utilized a bubble chart to display the findings of immune infiltration in Figure 3C and Table S7.

Next, we utilized specific gene patterns to characterize the immune and molecular activities among distinct IRGPI
subcategories. Consequently, the high-risk subgroup exhibited an increased presence of immunosuppressive cells and
metabolism signals. In contrast, the low-risk subgroup displayed a higher abundance of CD8 T cells and MHC class
I molecules (Figure 2A, B and 3D).

We additionally examined if the predictive significance of IRGPI arose from enhanced immune regulation or reduced
malignant tumor progression. According to Figure S7, it is evident that individuals with a favorable outlook exhibit
higher levels of resting dendritic cells, naive B cells, resting mast cells, monocytes, and plasma cells. Conversely, those
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Figure 2 Molecular characteristics of different IRGPI subgroups. (A and B) Sets of genes exhibiting enrichment within the high- and low-risk subcategories, respectively (P
<0.05). (C and D) Remarkably altered genes in samples of mutated LUAD across distinct IRGPI subgroups. The genes with mutations (top 20, represented as rows) are
sorted based on mutation rates; the samples (columns) are arranged to emphasize the exclusiveness of mutations. The right side demonstrates the proportion of mutations,
while the top depicts the overall count of mutations. The color scheme provides insight into the type of mutation.

with a poorer prognosis display increased levels of activated dendritic cells, MO macrophages, resting NK cells, and
activated memory CD4 T cells. Hence, we proposed that the correlation between IRGPI and immune cell infiltrations
indicates its ability to represent the tumor microenvironment (TME) state.

Relationship Between IRGPI Groups Based on Other Immune and Molecular Subtypes
We then evaluated the accuracy of our model in other reported immune subtype studies®® which contained Cluster (C1-C4).
Figure 4A demonstrates that the distribution of C1 and C2 subtypes was nearly equal in both groups, while the high-risk
subgroup had a higher proportion of C3 compared to the low-risk subgroup (P <0.001, chi-square test). Next, an in-depth
immunogenomic analysis®' was used to categorize 446 immune samples further. According to the data in Figure 4B, the low-
risk subgroup had a higher prevalence of C2 and C3 subtypes, whereas the high-risk subgroup had a more significant
proportion of C4 subtypes (P <0.001, chi-square test).
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Figure 3 The TME panorama in LUAD and the attributes of distinct IRGPI subcategories. (A) The distribution of TME cells across various IRGPI subgroups using the
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Wilcoxon test (¥ P <0.05; ** P <0.01; *** P <0.001). (B-C) The IRGPI classification and proportions of TME cells for 346 patients within the TCGA cohort. Patient
annotations encompass age, tumor stage, gender; T, M, N, and tumor stage. (D) Visualization of immune cell patterns for diverse IRGPI subgroups across multiple platforms.

Consistently reported in extensive genomic profiling studies of LUAD, three different molecular subtypes (n=221) are
the proximal-inflammatory (PI), terminal respiratory unit (TRU), and proximal-proliferative (PP).** Nevertheless, the
subtype was nearly evenly distributed among both groups (Figure S8) (P = 0.804, chi-square test).

IRGPI Predicts the Benefit of Immunotherapy

Subsequently, TIDE was employed to evaluate immunotherapy’s potential clinical benefits in different IRGPI subcate-
gories. A high level of TIDE indicates a greater likelihood of immune evasion, which implies that patients undergoing
ICI therapy may experience poorer outcomes. However, our findings indicate that the low-risk subgroup displayed
a greater TIDE score than the high-risk subgroup, contradicting their OS duration (Figure 5A). Moreover, the subgroup at
a greater risk demonstrated a significant microsatellite instability (MSI) score and a substantial T cell exclusions. In
contrast, the subgroup at a lower risk displayed a notable T cell dysfunction score. Therefore, the decreased MSI and
reduced T-cell exclusion score in low-risk patients might contribute to favorable results. Subsequently, it was discovered
that the IRGPI exhibited superior AUCs compared to TIDE and TIS (Figure S9). Therefore, we proposed that the
prognostic significance of IRGPI was similar to that of the 18-gene T cell-inflamed signature (TIS) and TIDE for OS in
both groups. Furthermore, we evaluated the prognostic importance of IRGPI within the urothelial carcinoma (UC) cohort
subjected to treatment involving anti-PD-L1 therapy.>® Based on the findings in Figures 5B and C, it is evident that
individuals classified as low-risk experienced more favorable OS results compared to those in the high-risk category.
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Figure 4 Dispersion of immune and molecular categories and the immunological reaction to ICl treatment within distinct IRGPI subcategories. (A) a Heat map and
tabulation of LUAD immune categories across the various IRGPI subgroups. (B) Heat map and tabulation of LUAD immune categories across the diverse IRGPI subgroups.
The contrasting immune classifications within the IRGPI subgroups were examined through 2 tests.

The Function Role of ILI| in Lung Cancer Cells

Additionally, we also aim to investigate the biological roles of the IRGPI genes. In the TCGA cohort (Figure 6A and B),
we utilize the random forest algorithm to compute the impact weights of the model genes. Interestingly, IL11 ranks the
highest. Furthermore, the predictive models demonstrated the significance of IL11 expression in the prognosis of LUAD
patients, with its highest coefficient score. Consequently, we initiated an investigation into the biological role of this in
lung cancer cells H1299 and A549. We designed three different knockdown sequences and performed RT-PCR verifica-
tion. Our subsequent experiments proved that IL11#1 had the highest efficiency (Figure 6C) among them. The
proliferation and migration of lung cancer cells in CCKS8, EdU, and wound-healing analysis (Figure 6D-H) were
influenced by IL11. Subsequently, utilizing the GSEA examination, we discovered that IL11 played a role in influencing
the cell cycle of individuals with LUAD (Figure 61 and J). Then, flow cytometry was conducted and revealed that the
inhibition of IL11 can impede the progression of lung cancer cells into the GO/G1 phase (Figure 6K-L). Hence, we
thought IL11 could be a promising target for treating LUAD.
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Discussion
In numerous clinical studies, ICI treatment has proven to be efficacious for patients diagnosed with advanced and metastatic
LUAD.>”’ By implementing this approach, the utilization of ICI will continue to be a fundamental aspect of cancer therapy.**

1,5 it is imperative to carefully choose patients based on

Since the overall success rate of ICI treatment remains minima
pertinent biomarkers to maximize the benefits of these therapies. Despite extensive evaluation of various prognostic markers,
a validated biomarker for predicting immunotherapeutic responses and OS in LUAD remains elusive. Identifying a prognostic
biomarker for immunotherapy in LUAD patients based on clinicopathological factors is crucial.

According to a recent investigation, effectively foretelling the responsiveness to ICI treatment is likely to demand the
amalgamation of TME in conjunction with establishing and validating markers linked to the immune system.”> WGCNA is
a virtual method that can be employed to discover potential markers or targets related to the immune system. Using WGCNA
on LUAD immune gene datasets, impacting LUAD patients’ OSact the OS of LUAD patients. Then, our IRGPI was
constructed by multiple Cox regression analysis. IRGPI was calculated by multiplying the expression data of certain genes
for each sample by their weights in the Cox model and then summing them up. Therefore, we developed the IRGPI by
considering four genes (CD79A, IL11, CTLA-4, and CD27), which were found to be significant prognostic factors for OS
independently. In both TCGA and GEO cohorts, the IRGPI demonstrated its validity as a prognostic immune-related
biomarker for LUAD, exhibiting improved survival in low-risk subgroups and decreased survival in high-risk subgroups.

The IRGPI consisted of four genes, namely CD79A, IL11, CTLA-4, and CD27. CD79A is a B cell receptor.CD79A
proteins are expressed throughout the entire process of B-cell development,?® while the majority of T-cell neoplasms lack
CD79A protein expression.”” According to a recent investigation, the heightened presence of CD79A+ B cells within the
stromal environment is a favorable predictive factor for individuals undergoing surgery due to colorectal liver metastasis.*®
Nevertheless, the precise regulatory mechanism of CD79A in LUAD remains uncertain. IL11 belongs to the glycoprotein
(GP) 130 cytokine family, which also has IL6 and IL27.%° These cytokines have a common receptor (GP130) plus additional
specific —receptors.30 The IL11R (IL11-receptor) has been detected in lymphocytes, macrophages, endothelial cells, B-cells,
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and hematopoietic cells.IL11 is rare in the serum of healthy people.*' However, the amplification of IL11 and IL11R has been
detected in lung, colorectal, gastric, breast, and prostate tumors, as well as in osteosarcoma. This suggests that IL11 signaling
is crucial in the connection between cancer and inflammation. IL11 acts as an anti-inflammatory cytokine and directly affects
macrophages and other effector cells at sites of inflammation.>*** In a recent study, the potential of IL11 as a diagnostic
biomarker for lung adenocarcinoma in BALF specimens is described.** Notably, CTLA-4, also called CD152, has been
incorporated into the IRGPI gene. The site has received approval as an ICI therapy location for patients with LUAD.* T cells
express the CTLA-4 molecule, a CD28 homolog.***” In the initiation stage of T cell activation,”® CTLA-4 substantially
regulates T cell functions. Increased levels of CTLA-4 on both CD8+ and CD4+ T cells hinder the activation signals caused by
the binding of CD28-CD80 or -CD82 and the binding of T cell receptor-MHC.**** CD27, a member of the superfamily of
tumor necrosis factor receptors, is a molecule that acts as a co-stimulator and is present on T lymphocytes even in the absence
of stimulation. By interacting with its CD70 receptor, it has the potential to enhance the production of plasma cells, the growth
of B cells, the secretion of immunoglobulins, the formation of B-cell memory, and the initiation of cytolytic activities in
natural killer (NK) cells. Furthermore, the interaction between CD27 and CD70 can also facilitate the activation, survival, and
proliferation of T-cells, as well as the development of effector functions and T-cell memory, through the stimulation of
concomitant antigen-associated T-cell receptors (TCR).*' The IRGPI calculation formula included negative coefficients for
CD79A and CTLA-4 and positive coefficients for IL11 and CD27. Hence, a detrimental correlation existed between IRGPI
and CD79A, as well as CTLA-4, whereas a favorable correlation was observed between IRGPI and IL11, along with CD27.
Additionally, we employed the random forest technique, which aligns with the top IL11 coefficient in the IRGPI model, and
the IL11 score obtained is also the highest. Furthermore, IL11 is involved in the cellular cycle of LUAD and impacts the
advancement of lung tumor cells, further confirming the significance of the model. To summarize, IRGPI served as a marker
linked to ongoitumor growth inhibitionibition of tumor growth.

To clarify the immunological characteristics of IRGPI subcategories, we assessed their genetic mutations. Missense
mutations were highly prevalent, followed by multiple and nonsense mutations. We focused on genes which with significant
variations of mutations between subgroups, such as ZFHX4 (32% vs 25%), XIRP2 (25% vs 18%), KRAS (28% vs 22%),
KEAPI (20% vs 14%), LRP1B (31% vs 26%), and TP53 (46% vs.41%). ZFHX4 is a member of the zinc-finger homeobox
transcription factor protein family, which encompasses a total of 42 members. The suppression of this regulator, which
controls the commencement phase of glioblastoma tumor-forming cells and oversees the activity of SOX2 and CHD4, not
only hampers cancer progression but also results in prolonged survival for glioblastoma patients.** Elevated ZFHX4 levels
were observed in LUAD tissue samples, which were associated with aggressive characteristics of immunotherapy outcomes
LUAD and an unfavorable prognosis.*> XIRP2 safeguards against the breakdown of actin filaments, a process that is
particularly altered in metastatic breast cancer and gastric cancer.***® LRPIB is commonly mutated in NSCLC, and its
mutations are correlated with high TMB. Frequent inactivated mutations of LRP1B have been reported in many cancers.
Furthermore, the association between LRP1B genetic alterations and TMB remained unaffected by TP53 mutations.*” KRAS
mutations are present in about 30% of NSCLCs.*® In KRAS-mutant LUAD, ICI efficacies are consistently high.*” KRAS-
mutant patients who had high KEAP1 mutation frequencies exhibited limited expression of immune biomarkers, including
PD-L1. Mutations in KEAP1 are linked to reduced survival in patients with LUAD who undergo chemotherapy or receive
single-agent ICI.°! Furthermore, individuals with KEAP1 gene alterations exhibited an elevated tumor mutational burden
compared to those with the wild-type gene.’® Mutations in TP53 serve as prognostic indicators and are linked to elevated
mutation load in NSCLC. This could be utilized to forecast clinical reactions for combined therapies targeting CTLA-4 and
PDL1 in NSCLC.> According to our IRGPI model, we hypothesized that specific genetic mutations in tumors impact the
tumor microenvironment (TME). This impact includes increased expression of immune checkpoints, secretion of pro-
inflammatory factors, and recruitment of immune cells. Consequently, these mutations affect the effectiveness of treatments
and the outcomes of immunotheThereforeents.”>>* Consequently, subgroups at greater risk with an increased number of
genetic mutations experience poorer treatment results, aligning with our observations on survival.

Next, we investigate the correlation between IRGPI and predictive indicators for immunotherapy, such as PD-L1 and
TMB. In general, neoplasms displaying PD-L1 expression typically demonstrate a more favorable reaction to treatments
directed at PD-1/PD-L1 than neoplasms lacking PD-L1 expression, particularly those lacking PD-L1 expression. The IRGPI
supported the differentiation in PD-L1 expression between the two groups. Furthermore, we believed that the localization and

Journal of Inflammation Research 2023:16 hetps: 5321

Dove:


https://www.dovepress.com
https://www.dovepress.com

He et al Dove

strength of PD-L1 expression hold greater significance in immunohistochemistry compared to transcriptome data. Hence,
additional investigation is required to elucidate the connection between PD-L1 and IRGPI. Moreover, TMB has the potential
to serve as an indicator for predicting the efficacy of ICI treatment in LUAD. We found, however, that the IRGPI risk does not
differ from the risk associated with a single TMB. Additionally, our IRGPI includes the CTLA-4 gene, which has been utilized
in ICI therapy. Furthermore, individuals who were administered nivolumab (an anti-PD1 drug) in combination with
ipilimumab (an anti-CTLA-4 drug) experienced a positive impact on their survival, irrespective of their TMB level.*>*
Therefore, there were alternative mechanisms at play.

Various alterations in the TME can significantly impact and dictate diverse immunotherapeutic reactions. Gaining
insight into the terrain of the tumor microenvironment (TME) might present a novel approach to managing LUAD.®
Nevertheless, the immune cell compositions varied among the subgroups of IRGPI. Furthermore, the existing computa-
tional methods for estimating immune infiltration can be classified into two primary groups: gene signature-based
techniques (xCell, MCP-counter) and deconvolution-based methods (CIBERSORT, TIMER, EPIC, quanTIseq). The
group organized as high risk exhibited a notable presence of Monocytes, MO and M2 macrophages, activated dendritic
cells, neutrophils, and activated mast cells as determined by the application of CIBERSORT. On the other hand, the low-
risk subgroup exhibited an abundance of naive B cells, plasma cells, CD8 T cells, resting memory CD4 T cells, activated
memory CD4 T cells, Tregs, and M1 macrophages. Additionally, the high-risk group showed a higher presence of
immune cells on various platforms displayed in the immune cell bubble chart, including common lymphoid progenitor,
neutrophil at xCELL, and CD4+ T cell at QUANTISEQ (all P <0.05). Utilizing various algorithms offers enhancements
to previous publications that relied solely on the CIBERSORT algorithm. Furthermore, as the accessibility of tumor
profile data obtained through single-cell techniques continues to grow, there will be advancements in characterizing the
patterns and computational estimation approaches for immune cells that infiltrate tumors. Recent studies have shown that
in immune cells with differential expression, a favorable prognosis is suggested by the presence of high levels of T cell
infiltrations, specifically cytotoxic CD8 T cells.’’>” M1 Macrophages in the majority of cancer types primarily generate
proinflammatory substances, which could be associated with acute inflammation and strongly linked to improved
prognostic outcomes in non-small cell lung cancer (NSCLC), hepatocellular carcinoma (HCC), ovarian cancer, and
gastric cancer. On the other hand, in general, M2 macrophages promote the proliferation and formation of invasive
characteristics. The densities of M2 macrophages are associated with chronic inflammation and the emergence of an
unfavorable prognosis in breast, ovarian, bladder, gastric, and prostate cancers.’”>® Our study findings substantiate these
conclusions. Furthermore, it was discovered that the group at a greater risk exhibited a higher presence of cells that
suppress the immune system, signals related to metabolism, and a more active advancement of tumors. Conversely, the
group at a lower risk demonstrated a heightened capacity for repairing damage and signs associated with the immune
system. The suggestion was that the subgroup with low risk experienced a favorable outcome in terms of survival.

By integrating with other clinicopathological features, as well as molecular and cellular characteristics, the IRGPI
grouping can be identified and validated as a distinct immune subtype of LUAD. Regarding the classification of LUAD
immune subtypes, the high-risk subgroup had a higher number of patients classified as the C3 subtype and a lower
number of patients classified as the C4 subtype. According to Song’s research, the C3 group, also known as the immune-
cold subtype, exhibited the least amount of B cell infiltrations and T cell receptor (TCR) repertoire diversity.
Additionally, it had higher levels of neoantigens and mutation rates, leading to poorer prognostic outcomes in patients
with LUAD. The C4, also known as the immune-hot subtype, exhibited significant infiltration of immune cells, a wide
range of leukocyte fractions, and diverse TCR and B cell receptor (BCR) repertoires.”” Consequently, individuals in the
low-risk category of IRGPI experience more significant advantages from ICI therapy due to their heightened immune
response towards the development and advancement of tumors, in contrast to those with a high risk of IRGPI. Moreover,
Stemming from a consistent and replicable immune subtype, the low-risk subgroup exhibited a higher proportion of C2
(IFN-dominant) and C3 (inflammatory). In contrast, the high-risk subgroup had a greater prevalence of Cl1 (wound
healing) and C4 (lymphocyte depleted).’ C2 displayed elevated levels of M1/M2 macrophage polarizations and robust
CDS signals. Moreover, it revealed high proliferative rates with overriding progressing type I immune responses. C3 was
characterized by elevated expression of Th17 and Thl genes, moderate to low proliferation of tumor cells, and reduced
levels of aneuploidy. Tumors categorized under C2 and C3 have the potential for a favorable prognosis. On the other
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hand, C1 demonstrated the expression of genes related to angiogenesis, showed high proliferation rates, and preferred
Th2 cells in adaptive immune infiltrations, resulting in poorer outcomes. Furthermore, C4 demonstrated a plentiful
macrophage pattern characterized by diminished Th1 and an increased M2 reaction.?' The results suggested which was in
agreement with our present study. In order to integrate the classification of lung adenocarcinoma based on anatomic,
histopathological, and mutational characteristics, specifically TRU, PI, and PP,*? the naming of transcription subtypes is
combined. The PP subtype was enriched with KRAS mutations, along with the inactivated STK11 tumor suppressor
gene. In comparison, the PI subtype was characterized by dense histopathology and concurrent mutations of TP53 and
NF1. Moreover, the TRU subtype exhibited a higher prevalence of EGFR-mutated tumors and tumors expressing kinase
fusion, associated with a favorable prognosis. The results show that the three different subtypes (n = 221) are evenly
distributed among the two subgroups (P = 0.804, chi-square test). One explanation for our results may be that the IRGPI
can predict the immune risk not approved by this classification. Another theory suggests that the TCGA database does
not primarily consist of most LUAD patients, with a total of 221 patients (n = 221).

Hence, variations in two IRGPI within the TME could indicate distinct immune advantages derived from ICI
treatment (specifically anti-PD1 and anti-CTLA-4) as determined by TIDE. TIDE showed a correlation between the
onset of T cell dysfunctions in tumors with high levels of cytotoxic T lymphocyte (CTL) infiltration and the absence of
T cell infiltrations in cancers with low CTL levels, which can be used to predict immune-checkpoint blockade (ICB)
responses. This method involves computational modeling of the dual processes responsible for cancer’s evasion of the
immune system. Our research revealed that the high-risk group demonstrated elevated T cell exclusion and MSI scores
while exhibiting lower scores for TIDE and T cell dysfunction. The group with minimal risk experienced the contrary
result. The lower T cell exclusion and MSI score were the primary factors contributing to the favorable outcomes
observed in low-risk patients. However, MSI-high status in LUAD is used as a predictive biomarker for ICI efficacy with
positive correlation. Additionally, it is crucial to prioritize the impact of T cell exclusion in LUAD and evaluate the
effectiveness of TIDE within our IRGPI. Survival analysis was conducted on a UC cohort that received anti-PD-L1
treatment to confirm the prognostic significance of IRGPI further. Our findings indicate that IRGPI can differentiate
various patient outcomes following anti-PD-L1 therapy.

According to a recent investigation, specific indicators, like TIDE and TIS (Tumor Inflammation Signature), can
potentially anticipate how a patient will react to immunotherapy. In patients with melanoma treated with first-line anti-
PD1 or anti-CTLA-4 antibodies, the TIDE score has shown superior accuracy in predicting prognosis compared to other
biomarkers, such as PD-L1 levels and mutational loads. Furthermore, the TIS, which is currently being investigated,
utilizes an 18-gene pattern to detect adaptive immune reactions in tumors through the assessment of gene expressions
associated with presenting antigens, cytotoxic cells, and interferon-gamma (IFNy) functions.®® Developed to forecast
responses to anti-PD-1, this method has been validated in a limited NSCLC group from nivolumab clinical trials,

demonstrating a favorable association with survival.®!

Nevertheless, TIDE and TIS primarily concentrated on the role
and condition of T lymphocytes, failing to capture the intricacies of the tumor microenvironment implicated in
immunotherapeutic reactions. Additionally, both markers concentrated on the patient’s reaction to immunotherapy,
which was significant in making clinical treatment choices. In our research, the prognostic significance of IRGPI may
be a superior indicator of OS compared to TIDE and TIS during extended monitoring periods. Furthermore, IRGPI
consisted of merely four genes, making it more detectable than TIDE and TIS.

Above all, our IRGPI offers broad prospects for clinical applications. It’s meaningful to provide how to use the model
briefly. Initially, physicians must undergo an ethical evaluation to obtain subsequent patient data over time and acquire
their preserved tumor samples. Next, RNA-seq analysis is required for every LUAD patient to assess the expression of
the four genes and integrate them into the model for risk score calculation. The median risk score, as indicated by the risk
scores, can be utilized for further analysis, including immune checkpoint assessment, TMB analysis, and evaluation of
immune cell microenvironment. Nevertheless, our ongoing study had several constraints. Initially, the expenses for
conducting genome sequencing on a large scale with multiple samples are exorbitant. As a result of social ethics and
other factors, relatively few cancer samples are available. Moreover, the accuracy of this model needs to be further
expanded to include patients for processing. Furthermore, this study necessitates additional verification of biological
tests.
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Conclusions

To summarize, a strong immune-related prognostic biomarker that indicated the immune microenvironment was created
and verified. It can predict patient outcomes and reflect immunotherapeutic efficacies for LUAD patients. Our research
presents a unique IRGPI that can forecast prognostic results for patients with LUAD and offers a valuable resource to
fulfill clinical needs. However, additional investigations are necessary to elucidate this aspect.
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