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Background: In recent years, the immunotherapy of lung adenocarcinoma has developed rapidly, but the good therapeutic effect only
exists in some patients, and most of the current predictors cannot predict it very well. Tumor-infiltrating macrophages have been reported to
play a crucial role in lung adenocarcinoma (LUAD). Thus, we want to build novel molecular markers based on macrophages.

Methods: By non-negative matrix factorization (NMF) algorithm and Cox regression analysis, we constructed macrophage-related
subtypes of LUAD patients and built a novel gene signature consisting of 12 differentially expressed genes between two subtypes. The
gene signature was further validated in Gene-Expression Omnibus (GEO) datasets. Its predictive effect on prognosis and immu-
notherapy outcome was further evaluated with rounded analyses. We finally explore the role of TRIM28 in LUAD with a series of
in vitro experiments.

Results: Our research indicated that a higher LMS score was significantly correlated with tumor staging, pathological grade, tumor
node metastasis stage, and survival. LMS was identified as an independent risk factor for OS in LUAD patients and verified in GEO
datasets. Clinical response to immunotherapy was better in patients with low LMS score compared to those with high LMS score.
TRIM28, a key gene in the gene signature, was shown to promote the proliferation, invasion and migration of LUAD cell.
Conclusion: Our study highlights the significant role of gene signature in predicting the prognosis and immunotherapy efficacy of
LUAD patients, and identifies TRIM28 as a potential biomarker for the treatment of LUAD.
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Introduction

Lung cancer is the second most common cancer in the world and one of the leading causes of cancer-related deaths globally.'
Nearly 90% of lung cancer cases are non-small cell lung cancer, the most common histologic subtype of which is lung
adenocarcinoma (LUAD).*’ Although much progress has been made in the arena of surgical treatment, prognosis has
generally remained poor. The International Association for the Study of Lung Cancer (IASLC) staging project showed
a decrease in overall 5-year survival after surgical resection from 73% in stage IA to 9% in stage IIIB of LUAD.’

Immune checkpoint inhibition (ICI) therapies such as programmed cell death protein 1 (PD1) and cytotoxic T lymphocyte-
associated antigen 4 (CTLA4) have demonstrated significant efficacy in the treatment of LUAD.® However, these improvements
in therapeutic response have remain limited to a subset of LUAD patients with specific molecular characteristics.” A percentage
of LUAD patients are resistant to immunotherapies, resulting in cancer recurrence.'® The same treatment regimen may lead to
different responses and clinical outcomes among different LUAD patients.® This may be due to the exceptionally complex

genomes of lung cancer, as demonstrated by in-depth sequencing studies, which support its extensive heterogeneity at the cellular
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and tumor microenvironment (TME) level.*!! Therefore, to enhance risk stratification, survival prediction, and treatment
management of LUAD, identification of molecular abnormalities and prognostic markers is crucial.'

There is growing evidence that the immune phenotypes of cancer can be determined by components in the TME, which
can affect patient prognosis.'> !> As important components of the immune microenvironment, macrophages play an irreplace-
able role in innate and acquired immunity.'® Tumor-infiltrating macrophages, as the most abundant infiltrating immune cells in
the TME, perform a wide repertoire of functions in LUAD through diverse phenotypes.'” Macrophages are typically divided
into different subsets, including M1 (classically activated macrophages) and M2 (alternatively activated macrophages).'®'® In
the early stages of tumor development, macrophages in their dormant state (MO) are mainly polarized to the M1 phenotype,
which is pro-inflammatory and mediates immune responses that inhibit tumor growth. As tumors develop, MO macrophages
are gradually transformed into the M2 functional phenotype, which, in turn, contributes to immune suppression and tumor
angiogenesis.”*' Accumulating evidence has demonstrated that dynamic changes in macrophage phenotypes can affect
tumorigenesis, progression, and metastasis.”* Therefore, evaluation of macrophages may be an effective way to predict the
prognosis and therapeutic response of individual patients. However, direct use of macrophages is relatively difficult. In this
case, an intuitive and effective tool may be required.

Our study evaluated the expression of macrophage-related differentiated expressed genes (DEGs) with a non-negative
matrix factorization (NMF) algorithm. Based on these genes, 458 patients with LUAD from The Cancer Genome Atlas
(TCGA) were clustered using COX risk assessment model, and eventually a gene signature was constructed for
predicting prognosis and immunotherapy efficacy. Four Gene-Expression Omnibus (GEO) cohorts including 496 patients
with LUAD were used to validate the predictive performance of the signature. Two independent immunotherapy cohorts
were identified to validate the predictive performance for immunotherapy efficacy. Finally, we investigated the regulation
of the key gene TRIM28 on the biological behavior of LUAD cells using in vitro experiments.

Materials and Methods

Public Data Collection

A total of 953 LUAD patients from five public LUAD cohorts (TCGA-LUAD cohort, n=457; GSE3141 cohort, n=58;
GSE31210 cohort, n=226; GSE32019 cohort, n=85; GSE50081 cohort, n=127) were included in this study as training and
validation cohorts. Inclusion criteria were as follows: (1) LUAD patients and normal controls must be included in the profiles,
(2) The discovery profile should have at least ten samples to ensure accuracy, and (3) complete clinical information must be
included. The mRNA expression, clinical information, copy number variation, and somatic mutation data of TCGA-LUAD
were downloaded from https://portal.gdc.cancer.gov/. The data of the GSE3141, GSE31210, GSE32019 and GSE50081
cohorts were retrieved from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). In addition, two immunotherapy cohorts
(GSE135222 and IMvigor210 downloaded from http://research-pub.gene.com/IMvigor210CoreBiologies) were obtained for
subsequent analysis.

Clinical Sample Collection

We selected 30 patients diagnosed with lung adenocarcinoma who were treated in Shandong Provincial Hospital as
samples to perform differential expression analysis of TRIM28. The inclusion criteria were: (1) They were diagnosed
with lung adenocarcinoma; (2) Complete clinical data were included; (3) They were informed and signed informed
consent. We collected basic patient information and tumor and normal tissues were collected and stored at —80°C. This
study was approved by the Biomedical Research Ethics Committee of Shandong Provincial Hospital and conducted in
accordance with the Declaration of Helsinki. All subjects were required to provide written informed consent.

Analysis of Tumor-Infiltrating Macrophages

MCPCOUNTER is an algorithm that estimates the content of different cell types in tumor tissue through a linear regression
model based on the gene expression characteristics of immune and non-immune cell types. By “ggpubr” R package and
MCPCOUNTER algorithm, we analyzed macrophage infiltration between normal and tumor tissues of LUAD patients. Then,
we introduced COATES MACROPHAGE M1 VS M2 gene sets and adopted “GSVA” and “ggpubr” packages into R to
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assess the infiltration of M1 and M2 macrophages in tumor vs normal samples.** Lastly, we conducted Kaplan-Meier analysis of
macrophages by “survival” and “survminer” R packages.

Construction of Cell Subtypes

The NMF algorithm is a matrix decomposition method which can decompose a large non-negative matrix into two small
non-negative matrices and can continue to decompose it. With NMF algorithm, patients were categorized into distinct
molecular subtypes based on expression of macrophages. We generated the NMF rank survey, and then selected the smallest
rank value at which the cophenetic correlation coefficient began to decline as the number of groups for the final grouping.

Relationship Between Cell Subtypes and Prognosis of LUAD

To explore the clinical value of the two subtypes identified by NMF algorithm, we used Kaplan—Meier curves to assess the
differences in overall survival (OS) between them, generated by “survival” and “survminer” R packages. Principal Component
Analysis (PCA) is an unsupervised machine learning method that extracts the largest individual differences displayed by the
principal components through dimensionality reduction, so that each group can be clustered. Single sample Gene Set
Enrichment Analysis (ssGSEA) algorithm is commonly used to analyze immune cell infiltration by comparing the gene
expression data of each sample to a specific gene set to estimate the relative enrichment of that gene set in that sample. Thus,
they were used to validate the subsets. Later, gene set variation analysis (GSVA) was performed to investigate the differences
between two subtypes in biological processes, with the hallmark gene set (c2.cp.kegg. v7.4) derived from the MSigDB database.

Construction of the Gene Signature

“limma” package uses linear models to estimate the mean and variance of gene expression in different groups to perform
differential analysis. Using the “limma” package in R, we identified differentially expressed genes (DEGs) between two
subtypes (cutoff value was | log2FC| > 1 and FDR < 0.05). These DEGs were then subjected to univariate Cox regression
analysis (coxPfilter=0.05), least absolute shrinkage and selection operator (LASSO) regression analysis, and multivariate Cox
regression analysis to identify genes which were linked to LUAD prognosis. Finally, twelve genes were selected to construct
a prognostic-related risk score, termed LUAD macrophage gene signature (LMS). According to the results of the multivariate
Cox regression analysis, the LMS score was constructed as follows:

Risk score = expX1 x coefX1 + expX2 x coefX2 + ...+ expXi x coefXi, where, coefXi represents the syner-
getic coefficient and expXi represents the relative expression of genes.

All patients were divided into low-risk (LMS score< median value) and high-risk (LMS score> median value)
groups based on the median risk score. We conducted Kaplan—Meier survival analysis to explore the prediction
direction of LMS on the prognosis of LUAD patients, and made the ROC curve to verify the prediction effect of
LMS on the prognosis of LUAD patients. ROC curve is an indicator for evaluating the performance of a binary
classification model, generally passing through the upper left of the coordinate axis. The area under the curve is
called AUC, and the larger the value, the better the performance, generally between 0.5-1. ROC curve and AUC
possess an advantage that they will not be affected by the imbalance in the number of positive and negative
samples and can stably reflect the quality of the model, so they were used to predict the predictive ability of LMS.

Prognostic and Clinical Correlation Analysis of LMS

With the “ssGSEA” R package, we calculated the infiltration degree of most immune cells between the two risk groups. Then,
using “pheatmap” package in R, risk curve, risk heat maps, and survival maps were constructed to explore the relationship
between patient prognosis and LMS. Furthermore, through univariate Cox and multivariate Cox regression analysis, LMS was
proved to be an independent prognostic factor. A heatmap was used to investigate the relationship between LMS and clinical
features (age, gender, tumor stage, and tumor—node—metastasis (TNM) stage). We also performed clinical subgroup survival
analysis to exclude the impact of clinical stage itself. COATES MACROPHAGE M1 VS M2 was used to assess the
differential degrees of infiltration by M1 and M2 macrophages between the high and low-risk groups. With “ggpubr” and
“reshape2” R packages, we calculated and compared tumor mutation burden (TMB) of two risk groups.
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Establishment and Validation of a Nomogram Scoring System

We developed a predictive nomogram combining clinical characteristics and LMS using the “rms” package in R. In the
nomogram scoring system, each variable matched a score, and the total score was obtained by adding the scores across
all variables of each sample. Calibration plots were utilized to illustrate the performance of the nomogram in predicting
1-, 3-, and S-year survival probabilities by comparing the predicted outcomes with the observed outcomes. Decision
Curve Analysis (DCA) and ROC curve were then used to compare the ability in predicting prognosis between nomogram
and other features, including age, gender, stage and LMS.

Validation of External Cohorts
We obtained four LUAD cohorts (GSE3141, GSE31210, GSE32019 and GSE50081) from GEO databases. Kaplan-Meier
survival analysis, ROC curve, risk curve, and survival map were then performed on them respectively.

Immune Correlation Analysis of the LMS

Using the R package “Mcpcounter”, we quantified the abundance of 10 infiltrating immune cells in all samples to explore
the association between immune cell and LMS. We employed Gene Set Enrichment Analysis (GSEA) with the hallmark
gene set (c2.cp.kegg. v7.4) from the MSigDB database to investigate immune-related pathways enriched in the high and
low risk groups. In addition, we utilized the ssGSEA algorithm and the “GSEABase” R package to identify differences in
immune functions between the high and low risk groups. The association between immune checkpoints and LMS was then
investigated by the “limma” package in R. In the end, with the Estimation of Stromal and Immune cells in Malignant
Tumors using Expression data (ESTIMATE) algorithm, we calculated the immune and stromal scores to predict the level of
infiltrating immune and stromal cells between the two groups, which formed the basis to infer tumor purity.

Identification of Potential Predictive Value of Immunotherapy Efficacy

We calculated the tumor immune dysfunction and exclusion (TIDE) score and immunophenotype score (IPS) for each
LUAD patient in two groups. The TIDE algorithm, developed by Jiang et al, was employed to model different tumor
immune evasion mechanisms.”* A higher TIDE score usually suggests a greater possibility of inducing immune escape,
thus indicating a lower response rate to ICI treatment. IPS is a superior predictor of response to anti-CTLA4 and anti-
PD1 regimens, quantifying the determinants of tumor immunogenicity and describing the intratumoral immune land-
scapes and cancer antigenomes.”> IMvigor210, an immunotherapy cohort, was adopted to explore the prediction of LMS
for immunotherapy. We also acquired the GSE135222 cohort from GEO database for prediction of immunotherapy.

Drug Susceptibility Analysis

To quantify the comparative efficacy of chemotherapeutic drugs in the two groups, we calculated the semi-inhibitory
concentration (IC50) values of chemotherapeutic drugs which were commonly used to treat LUAD using the
“pRRophetic” package.

RNA Extracting and Real-Time PCR

The method is based on previous report.”® First, LUAD tissues and cells were lysed with Triddle reagent, in which RNA
was extracted with trichloroacetic acid, isopropanol and absolute ethanol. The RNA was then reverse-transcribed using
the reverse transcription machine. Evo M-MLVRT Master Mix kit (Accurate Biotechnology (Hunan) Co., Ltd China)
were then used to synthesize cDNA. Finally, SYBR Premix Ex Tap kit (Accurate Biotechnology (Hunan)Co., Ltd China)
were used to measure the expression of related genes on the qRT-PCR machine. The primers are listed in Table S1.

Cell Culture

Human A549 and PC9 cell lines were purchased from Procell Life Science & Technology Co., Ltd. A549 cells were
cultured in F12K medium (Gibco) supplemented with 10% FBS and PC9 cells were cultured in RPMI 1640 medium
(Gibco). These cell lines were cultured at 37 °C in a humidified incubator containing 5% CO?2.
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Proliferation Assay

First, A549 and PC9 cells were seeded in several 96-well plates with about 4000 cells per well. After the cells adhered to
the wall, one of the 96-well plates was fixed with trichloroacetic acid and one plate was treated every 12 or 24 hours until
the cells were all overgrown. Then all 96-well plates were washed with trichloroacetic acid, dried and stained with
Sulforhodamine B sodium salt (SRB) (Sigma, USA). After the SRB was washed with acetic acid and dried, 150 pL of 10
mmol/L Tris was added to the 96-well plates, and the absorbance was measured with the microplate reader (Thermo
Fisher, USA) at 562 nm. The method above is based on previous report.*®

Transwell Assay

Migration chambers were placed in a 12-well plate. About 2.5% FBS F-12K or RPMI 1640 medium and 40,000 A549 or
PC9 cells were added to the upper chambers. About 10% FBS medium was added to the lower chambers. After 48 hours,
cells were fixed and stained with crystal violet dye for 20 minutes. After chambers were washed and dried, the migration
of cells was observed under the microscope and photographed. We counted them with ImageJ software. The above steps
are derived from previous literature report.?

Wound Healing Assay

This experiment drew on previous report.”® A549 and PC9 cells were seeded in a 12-well plate. After the cells grew to
100% density, a sharp instrument was used to draw four mutually perpendicular lines in each well to separate the cells
and wells were photographed under the microscope as 0 hour. After waiting for 48 hours, we took pictures of the
migration of each well, and calculated the area migrated between two time points with ImageJ software.

Statistical Analyses

All statistical analyzes were performed in R version 4.2.0 and GraphPad Prism8.0 software. Student’s #-test and
Wilcoxon rank sum test were used to analyze the statistical significance between two groups, which test whether one
of the two independent samples is significantly larger or smaller. Kruskal-Wallis test and one-way analysis were used to
compare the statistical significance between more than two groups. Among them, student’s ¢-test and one-way analysis
are suitable for normally distributed data, while Wilcoxon rank sum test and Kruskal-Wallis test are suitable for non-
normally distributed variables. A P<0.05 was considered statistically significant.

Results
The Immune Landscape of Macrophages in LUAD

We began by analyzing the degree of macrophage infiltration in lung adenocarcinoma. The results showed that there was
a significant difference in the degree of macrophage infiltration between normal tissues and tumor tissues (Figure S1A).
Subsequently, through the introduction of the MI VS M2 UP gene set for GSVA analysis of normal tissues and tumor
tissues, we found that the degree of M2 macrophage infiltration was higher than that of M1 macrophage infiltration in
tumor tissues (Figure S1B). Furthermore, through Kaplan-Meier analysis, we found that patients with a higher degree of
M2 macrophage infiltration tended to have poorer prognosis (Figure S1C). Therefore, we concluded that macrophages
are closely related to the prognosis of lung adenocarcinoma, which is consistent with previous reports.?’

Identification and Verification of Macrophage Subtypes of LUAD

To further explore the expression characteristics of macrophages in LUAD, we used a NMF algorithm to classify LUAD
patients according to the expression levels of three kinds of macrophages (Figure 1A). Our results indicated k = 2 to be an
optimal selection for sorting the entire cohort into subtypes A (n = 163) and B (n = 294). The Kaplan—Meier curves showed
a longer OS in patients of subtype C2 than that in patients of subtype C1 in Figure 1B (Log rank test, p = 0.036). PCA analysis
revealed significant differences in the expression of macrophages between the two subtypes (Figure 1C). Immune cell
enrichment analysis also showed that there was a significant difference in the degree of macrophage infiltration between
the two subtypes (Figure 1D). GSVA enrichment analysis shown that the C2 subtype was significantly enriched in various
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Figure | The construction of macrophage-related LUAD subtypes in the TCGA cohort and clinicopathological and biological characteristics of two subtypes. (A) Two
macrophage-related molecular subtypes were generated by NMF algorithm and heatmap defining two clusters and their correlation area. (B) Survival difference between
patients in two distinct subtypes was compared using the Kaplan-Meier method. (C) A remarkable difference in transcriptomes between the two subtypes was shown by
PCA analysis. (D) The fraction of tumor-infiltrating immune cells in two subtypes using the ssGSEA algorithm (E) GSVA of biological pathways between two distinct
subtypes, in which red and blue represent activated and inhibited pathways, respectively. *P < 0.05; **P < 0.01; ***P < 0.001.

Abeviations: LUAD, lung adenocarcinoma; TCGA, the cancer genome atlas database; NMF, non-negative matrix factorization; PCA, principal component analysis; ssGSEA,
single sample Gene Set Enrichment Analysis; GSVA, gene set variation analysis.

immune-related pathways, including antigen processing and presentation, primary immunodeficiency, and immune diseases
(Figure 1E). So, we can see that the macrophage classification can well distinguish lung adenocarcinoma, and subtype C2 will
survive better.

Construction of Gene Subtypes Based on DEGs

To explore the potential biological behavior of macrophage subtypes, we identified 1027 DEGs between two subtypes
and performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis
(Figures 2A and B and S1D and E). These genes were significantly enriched in biological processes correlated with
immunity, especially antigen recognition and presentation (Figure 2A and B). KEGG analysis indicated the enrichment of
DEGs in immune-related disease (Figure S1D and E). The results above suggested that macrophage subtypes have
a strong correlation with immunity.

Subsequently, we conducted univariate Cox regression analysis to DEGs and screened out 219 genes related to
prognosis (p < 0.05). Applying LASSO regression analysis and multivariate Cox regression analysis to 219 genes, we
screened out 12 key DEGs associated with LUAD prognosis (KSR1, MNDA, CDC42BPB, CC2D1A, ANGPTLA4,
PCBP4, CALCA, C1QTNF6, SHCI1, CEBPB, CIB2, and TRIM28). Survival analysis was conducted on each of them
(Figure S2), and each was found to be related to OS (P<0.05). Based on these 12 genes, we constructed a new prognostic
signature, LUAD macrophage signature (LMS). The formula for constructing LMS is listed in the Methods. The
synergetic coefficient of each gene is listed in Table S2.
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Figure 2 The construction of LMS risk model and its prediction of OS. (A) The bubble diagram of the GO pathways enriched for 1027 DEGs between two macrophage
subtypes. (B) The bar plot of the GO pathways enriched for 1027 DEGs between two macrophage subtypes. (C) The Kaplan-Meier survival analysis between high- and low-
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Patients with LMS lower than the median risk score were categorized into the low-risk group (n = 229), whereas
those with LMS greater than the median risk score were placed in the high-risk group (n = 228). The Kaplan—Meier curve
predicted different OS between the high-risk and low-risk groups (Figure 2C). The areas under the ROC curve (AUCs)
were 0.750, 0.747, and 0.72 for 1-, 3-, and 5-year survival times, respectively, demonstrating that this gene signature has
good performance in predicting the survival of LUAD (Figure 2D). Furthermore, we found that TMB was higher in the
high-risk group than in the low-risk group (Figure 2E). The distribution plot of the risk of LMS revealed that survival
times decreased while recurrence rates increased with an increase in LMS (Figure 2F).

We then performed independent prognostic analysis of LMS and different clinical features. This analysis demon-
strated that only LMS and tumor stage were independent prognostic factors (Figure 2G). The relationships between LMS
and the distribution of clinicopathological parameters, including age (<65 or >65 years), gender (male or female), tumor
stage (I, IT or III, IV) and TNM stage are shown in Figure 2H. We found obvious correlation between LMS and clinical
stage and TNM stage of LUAD patients. Compared to the high-risk group, patients in the low-risk group had lower TNM
stage and tumor stage. Considering that clinical stage itself has a certain impact on prognosis, we performed Kaplan-
Meier analysis on the patients at different stages in the TCGA and GEO cohorts, respectively (Figures 2I and S3A-D).
Results showed considerable difference in OS no matter early or late clinical stage, suggesting that LMS was truly
independent of clinical stage. The degree of M1 vs M2 macrophage infiltration in two groups (Figure 2J) indicated that
the low-risk group exhibited more M1 macrophage infiltration, whereas the high-risk group possessed more M2
macrophage infiltration. Finally, we also analyzed the relationship between 11 somatic gene mutations and LMS,
considering the importance of oncogene mutations in LUAD. We found that the LMS scores of the KRAS and
NTRK3 gene mutation groups were higher than those of the wild-type group (Figure S3E).

Verification by External Queues

We introduced four cohorts (GSE3141, GSE31210, GSE32019, and GSES50081) from the GEO as external validation
cohorts to further assess the robustness and reliability of the prognostic signature (Figure 3A-D). We first classified
patients in the GEO cohorts by the same median risk score we had used in LMS and then conducted Kaplan—Meier
analysis and ROC curve. The survival outcome of the low-risk group was all around better (p < 0.001) compared to high-
risk group. The AUCs were 0.91, 0.893, and 0.846 for 1-, 3-, and 5-year survival times respectively in GSE3141 cohort.
Other cohorts also had good performance by AUC (Figure 3). These results demonstrate that this prognostic signature
possesses good performance in predicting the survival of LUAD. Then we constructed risk curves and survival maps of
the four cohorts. Within each cohort, survival times decreased while recurrence rates increased with an increase in LMS.

Development of a Better Predictor Combined with Clinical Features

Considering the oneness of LMS in predicting OS in patients with LUAD, we established a nomogram incorporating the LMS
and clinicopathological parameters to predict 1-, 3-, and 5-year OS rates (Figure 4A). Predictors included LMS, gender, age,
and tumor stage. The subsequent calibration plots suggested that the proposed nomogram had close-to-ideal performance
(Figure 4B). AUCs showed that the nomogram model had the highest accuracy, LMS came in second, and the accuracy of
tumor stage was the lowest of these three (Figure 4C), suggesting that the nomogram exhibited superior survival predictive
ability compared to the two, which was demonstrated in the decision curve analysis (Figure 4D). However, the nomogram
without LMS showed relatively poor prediction performance, even worse than the predictive ability of one single clinical
feature, suggesting the additional value of LMS to clinical parameters on prognosis (Figure S3F and G).

LMS Was Significantly Related to Immunity

To investigate the correlation between our gene signature and immune cells, we assessed the association between LMS
and the abundance of immune cells through MCPCOUNTER. As shown in Figure 5A, the LMS was positively correlated
with fibroblasts and negatively correlated with myeloid dendritic cells, neutrophils, endothelial cells, and T cells. We then
analyzed the two groups using the ESTIMATE algorithm, which confirmed that LMS was significantly correlated with
the immune composition of the TME (Figure 5B).
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Subsequently, we utilized GSEA to investigate KEGG pathways enriched between the two groups. We found that the
high-risk group was associated with cell cycle, DNA replication, the proteasome, and extracellular matrix receptor
interaction, while the low-risk group was associated with allograft rejection, hematopoietic cell lineage, intestinal
immune network for immunoglobulin A production, primary immunodeficiency, and systemic lupus erythematosus
(Figure 5C). We also assessed the relationship between the twelve genes of LMS and the KEGG pathways and found
that most of immune pathways were significantly correlated with the twelve genes (Figure 5D).

In addition, ssGSEA was used to analyze differences in immune-related functions between two groups (Figure 5E).
We observed that various immune-related functions had significant difference in OS between two groups, including T cell
co-inhibition, type II interferon response, and immune checkpoint (Figure 5F). We also investigated the associations
between immune checkpoints and our signature (Figure 5G). Results showed that most immune checkpoints were

differentially expressed in the two groups, including PD-L1 and CTLAA4.

The Role of LMS in Predicting Immunotherapy
We wanted to investigate the ability of our signature to predict immunotherapy. Thus, we conducted immunotherapy
analysis of anti-CTLA4 and anti-PD1 between two groups (Figure 6A—C). Results showed that, no matter what kind of
treatment was utilized, the low-risk group fared better than the high-risk group. Furthermore, we evaluated the TIDE
score between the two groups (Figure S1F), which indicated a significant difference between the high and low risk
groups. In addition, through two immunotherapy cohorts, IMvigor210 and GSE135222, we found that better responses of
immunotherapy both existed in low-risk groups (Figure 6D and E). Last, we analyzed chemotherapeutic drug sensitivity

(Figure 6F). The high-risk group was sensitive to more than half of drugs assessed.
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TRIM28 Affects the Biological Behaviors of LUAD Cells in vitro

We then figured out the mechanism of accurate prediction of LMS by evaluating 12 genes included in the signature.
Combined with Kaplan—Meier analysis and differential expression analysis between normal and tumor tissues, we
revealed that three genes, TRIM28, SHC1 and C1QTNF6, were significantly overexpressed in tumor tissues and
negatively correlated to prognosis of LUAD patients (Figure 7A-C and Figure S4A-F). Enrichment analysis of
KEGG pathway by GSEA suggested that only TRIM28 was enriched in the pathway related to malignant phenotype
of tumor (Figures 7D and S4G and H). Pan-cancer analysis showed that TRIM28 was significantly different in most
cancers and closely associated with prognosis in some cancers (Figures 7E and S4I-N). We realized that TRIM28 may
play a promoting role in the occurrence and progression of LUAD and performed a series of experiments to elucidate it.
We detected the expression of TRIM28 in 30 LUAD specimens and 11 normal specimens, and found that the expression
of TRIM28 was significantly higher in the LUAD specimens compared to the normal specimens (Figure 7F). We further
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Figure 5 Evaluation of immune correlation of LMS score. (A) Correlations between twelve genes, LMS score and the abundance of immune cells in the LMS model. (B)
Correlations between twelve genes, LMS model and both immune and stromal scores. (C) Enrichment plots from GSEA in the high-risk groups and low-risk groups
according to LMS model. (D) Correlations between expression of KEGG signaling pathways and twelve genes in the LMS model. (E) The boxplot illustrating the difference in
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Correlations between twelve genes, LMS score and expression of immune checkpoints in the LMS model. *P < 0.05; **P < 0.01; **P < 0.001.

Abbreviations: LMS, LUAD macrophage-related signature; GSEA, gene set enrichment analysis; KEGG, Kyoto encyclopedia of genes and genomes.
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Abbreviations: LMS, LUAD macrophage-related signature; IPS, immunophenotype score.

designed siRNA to knock out TRIM28 and transfected siRNA into A549 and PC9 cells. The knockout effect was
detected using qRT-PCR (Figures 7G and S5A). We performed SRB assay to test cell proliferation, and the knockdown
of TRIM2S significantly inhibited the proliferation of A549 and PC9 cells (Figures 7H and S5B). In addition, compared
with NT group, TRIM28 knockout could reduce the rate of EDU proliferation positive cells in LUAD cells (Figures 71
and S5C). To investigate cell invasion, we performed transwell assay in cells with TRIM28 knockdown, and found that
TRIM28 knockdown significantly decreased the invasion of A549 and PC9 cells (Figures 7J and S5D). The knockdown
of TRIM28 also weakened the migration of A549 and PC9 cells in wound healing assay (Figures 7K and SSE). In short,
knocking down TRIM28 significantly inhibited proliferation, migration and invasion of LUAD cells.
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Figure 7 TRIM28 affects the biological behaviors of LUAD cells in vitro. (A) Expression of TRIM28 in normal and tumor tissues of TCGA LUAD cohorts. (B) Paired
difference analysis of TRIM28 in normal and tumor tissues of TCGA LUAD cohorts. (C) Kaplan-Meier survival analysis between low and high TRIM28 groups in LUAD
cohorts. (D) KEGG pathway enrichment of GSEA analysis between low and high TRIM28 groups in LUAD cohorts. (E) Expression of TRIM28 in normal and tumor tissues of
LUAD cohorts in 33 kinds of cancers. (F) The expression of TRIM28 in 30 tumor specimens and | | normal specimens. (G) QRT-PCR was performed to detect the efficiency
of TRIM28-siRNA transfection and expression of PD-LI in A549 cells. (H) SRB assay showed growth curves of A549 cells treated with TRIM28. (I) EDU assay was used to
detect the effect of TRIM28 downregulation on proliferation in A549 cell lines. (J) The invasion of A549 cells with treatment of TRIM28 knockdown was detected by
transwell assay. (K) Wound healing assay was used to detect cell migration of TRIM28 knockdown in A549 cells. The data were expressed as means * standard deviation
(SD). *p < 0.05, *p < 0.01, #*¥p < 0.001, ***p < 0.0001.

Abbreviations: LUAD, lung adenocarcinoma; TCGA, the cancer genome atlas database; KEGG, Kyoto encyclopedia of genes and genomes; GSEA, gene set enrichment
analysis; QRT-PCR, real-time quantitative PCR; SRB, Sulforhodamine B; EDU, 5-ethynyl-2-deoxyuridine.
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Discussion

LUAD is a leading cause of cancer-related mortality worldwide.”® While pathological staging is currently the primary
determinant of LUAD prognosis, patients with the same stage often exhibit varying clinical outcomes, highlighting the
inadequacy of current predictive systems and the heterogeneity of the disease.””~® Although significant advances have been
made in lung cancer immunotherapy, a subset of LUAD patients remains resistant to these treatments, resulting in cancer
recurrence.' ! Therefore, we need methods that can accurately predict prognosis and immunotherapeutic response.

In our study, we developed a risk score based on the differentially expressed genes between M1 and M2 macrophage
subtypes to predict these parameters in LUAD patients. We quantified the macrophages in the TCGA LUAD cohort and
utilized an unsupervised NMF algorithm to divide this into two clusters. We observed that the prognosis of cluster 2 was
significantly better than that of cluster 1. Cluster 2 was positively correlated with various immune pathways, while cluster 1
was positively correlated with multiple metabolic pathways. These evidences suggest that grouping tumors by their macro-
phage composition could effectively predict prognosis and therapeutic response.

However, when applied clinically, the quantification of macrophages is not a simple task. It is relatively easier to quantify
genes. Therefore, in order to better predict prognosis, we identified 1027 DEGs between the two clusters. Enrichment analysis
revealed that these genes are enriched in various aspects of antigen presentation pathways and are associated with a range of
immune-related diseases. We used regression analysis to screen out 12 genes and used them to establish a risk score to quantify
the prognostic risk to LUAD patients and provide prognostic biomarkers to predict responses to a variety of chemotherapies
and immunotherapies. We termed this risk score the LUAD macrophage-related signature (LMS).

Our LMS model provides a new method for prognostic prediction in LUAD patients, as demonstrated by both
Kaplan—Meier analysis and risk curves. Meanwhile, we found that LMS score of the KRAS mutation group was higher
than that of the wild-type group. According to report, the activation of KRAS mutations can promote polarization of M1
to M2 macrophages.”” Combined with the result of more M2 macrophages in patients in the high-risk group, this may
explain the poor prognosis of patients in the high-risk group and suggest a potential link between oncogene somatic
mutations and LMS score.

Multivariate Cox regression analysis, which took patient age, gender, and tumor stage into account, confirmed the
robustness of the model as an independent prognostic biomarker for evaluating patient outcomes. Additionally, more M1
macrophages in the low-risk group and more M2 macrophages in the high-risk group indicated the rationality of
signature. Our model was robustly validated in four independent datasets. Time-dependent AUC showed that the
signature had high accuracy in predicting OS in four GEO datasets. We also built a nomogram showing perfect
consistency between the observed and predicted rates for 1-, 3-, and 5-year OS. Finally, the observed prognostic rates
with 1-, 3-; and 5-year operating conditions show excellent agreement. Hence, our LMS model was quite accurate.

The immune microenvironment of tumors plays a crucial role in the development and progression of various types of
cancers. We speculate that the accurate prediction of the prognosis of patients with lung adenocarcinoma by LMS model may
be related to the tumor microenvironment. Through the correlation analysis of various immune cells in the microenvironment,
we found that the LMS score was positively correlated with the degree of fibroblast infiltration, and negatively correlated with
the infiltration of myeloid dendritic cells, endothelial cells, neutrophils and T cells. Reports indicate that cancer-related
fibroblasts have been shown to promote tumor progression by various means, including the enhancement of malignant cells
and fibrosis within the interstitial TME.>* In contrast, dendritic cells act as antigen-presenting cells and play a crucial role in
initiating and controlling the immune response, serving as a bridge between the innate and acquired immune systems.**
Endothelial cells also play an active role in innate and acquired immune responses, performing many functions, such as
cytokine secretion, antigen presentation, and anti-inflammation.®® This is consistent with our speculation. In addition, we
found that immune pathways were more activated in low-risk patients. Activation of the immune pathway can enhance
immune surveillance and immune defense, thereby improving the survival status of patients. To some extent, these results
explain why the gene signature has a better prediction effect.

In clinical, ICIs that target programmed cell death 1 (PD-1) and PD-L1 have shown potent and durable anti-tumor activity
in patients with LUAD.?® However, the overall response rate of ICI treatment is relatively low, and only a subset of LUAD
patients can benefit from it.>” To date, a series of biomarkers, such as TMB, PD-L1 expression level and neoantigens, have
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been verified to be predictive of the efficacy of ICI treatment.*® However, the prediction of these indicators cannot achieve
good results. So, we want to explore the role of LMS model in predicting immunotherapy. Because the information on ICI
treatment was not available in the TCGA LUAD dataset, we used IPS as a surrogate for ICI treatment efficacy. The
development of IPS was primarily based on TCGA RNAseq profiles, which enables the quantitative prediction of patient
responses to anti-PD-1/PD-L1 and anti-CTLA4 therapies.>® We found that whether anti-PD1 or anti-CTLA4 therapy was used
alone or in combination, the IPS values were significantly higher in the low-risk group than another group, which indicated
that our signature might be useful for patient selection before ICI treatment. In addition, we introduced the IMvigor210 and
GSE135222 cohort of patients with LUAD to test the predictive value of the signature for immunotherapeutic effect. Patients
receiving anti-PD-L1 immunotherapy in the IMvigor210 cohort were assigned high or low ICI scores. Our observations
showed that the low-risk LMS group had a higher proportion of patients achieving complete or partial remission after
immunotherapy. We observed the same result in another cohort.

An increasing number of studies have employed the TIDE prediction score, which is a validated computational
framework developed for predicting immunotherapeutic outcomes.”**° In our study, the prediction of the TIDE algo-
rithm suggested that responses to immunotherapy varied widely between the high- and low-risk group, thereby
corroborating the validity of our signature. Additional analysis of drug sensitivity revealed that the gene signature
could be helpful in chemotherapeutic applications. Most drugs responded differently between the low and high-risk
group. Some drugs, such as gemcitabine, cisplatin, docetaxel, paclitaxel, and erlotinib, responded better in the high-risk
group than the low-risk group. Thus, the LMS model may provide clinicians with a tool by which to suggest appropriate
chemotherapies to patients for whom ICI is unlikely to be effective.

When further exploring internal mechanism of LMS score, we discovered a significant difference of TRIM28 expression
between normal and tumor tissues of LUAD and higher expression of TRIM28 predicted a worse prognosis. As a member of
a family of tripartite motif-containing (TRIM) proteins, TRIM28 has been reported to join in various aspects of cell biology to
promote cell proliferation and regulate the malignant progression of various tumors through different signal pathways.*’ In
hepatocellular carcinoma, TRIM28 interacts with UBE2S in nucleus to accelerate the cell cycle through the ubiquitination of
p27, thus promoting the development of cancer.*' In breast cancer, TRIM28 can accelerate cancer metastasis by stabilizing
TWIST!1 protein.*” In addition, TRIM28 facilitates the growth of cervical cancer via mTOR signal pathway.** However, there
are few studies on the role of TRIM28 in LUAD. In this study, we found that TRIM28 was closely associated with malignant
progression of LUAD, promoting proliferation, invasion and migration of LUAD cells. GSEA suggested that TRIM28 is
enriched into signal pathways such as cell cycle, DNA replication and nucleotide damage repair in LUAD, which may explain
phenomena above. Interestingly, down-regulation of TRIM28 gene transcriptional levels in A549 cells leaded to decreasing
transcriptional level of PD-L1. It reminds us of the possibility that TRIM28 upregulates expression of PD-L1 in tumor cells to
promote immune escape and thus the malignant progression of tumor. Our research did not explore the mechanism further,
which will be solved in future research.

Our study still has some limitations. First, we only used datasets from the online databases TCGA and GEO for the
analysis. More patient data from different regions are needed for proper validation. Furthermore, public databases and
samples used in our study were obtained retrospectively, which may contain some bias. Some data quality problems, such
as technical noise, batch effects, etc., may exist. At the same time, in spite of large samples in these databases, differences
between individuals are inevitable. These may have an impact on the universality and causing the prediction results to
deviate from reality. Hence, large-scale prospective studies and additional in vivo and in vitro experimental studies are
needed to confirm our findings.

Conclusions

We identified macrophage-related genes in LUAD patients. Furthermore, we established and validated the LMS model to
predict the OS of LUAD patients, and it showed good predictive ability. We also assessed the differences in immu-
notherapeutic response and chemotherapeutic drug sensitivity between LMS risk groups. Finally, TRIM28, a key gene in
the siganture was shown to promote the malignant progression of LUAD cells (Figure 8). The above results may help to
advance our understanding of the features of macrophage infiltration and offer the possibility of translating gene
signatures into clinical practice. In the future, genetic testing can be performed on clinical subjects and the results of
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LMS scores can be calculated to further stratify risk and provide personalized recommendations for different risk groups.
Anyway, we still need to integrate various clinical and environmental factors, verify the effect of the score through
in vivo experiments, develop targeted drugs, and conduct clinical trials to truly apply our findings to patient care.
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