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Purpose: Tumor mutation burden (TMB) and tumor-infiltrating lymphocytes (TILs) have been well recognized as molecular
determinants of immunotherapy responsiveness. In this study, we aimed to construct a TMB prognostic model and explore biomarkers
that have predictive potential for prognosis and therapeutic effect in lung adenocarcinoma (LUAD).
Patients and Methods: The TCGA, GEO and Immport databases were used to analyze the mutation profiles and immune infiltration
of LUAD. TMB scores were calculated and differential analysis was conducted to identify TMB-related genes. Then, Cox regression
model and survival analysis were applied to identify the prognostic genes and construct a TMB prognostic model. The expression and
prognostic value of CD1B were further verified by immunohistochemistry (IHC) in 92 patient tissue samples. GSEAwas performed to
analyze the signaling pathways associated with CD1B expression.
Results: High-TMB samples exhibited higher infiltration of CD8+ T cells, CD4+ memory T cells, and M1 macrophages. A total of
397 TMB-related differentially expressed genes were identified, of which 47 were immune-related genes. Cox regression analyses
determined 3 hub TMB-related immune genes (CD1B, SCGB3A1, and VEGFD) with prognostic effects, and a TMB prognostic model
was constructed. The model demonstrated robust predictive ability in both the training (TCGA) and testing (GEO) datasets. Notably,
CD1B was identified as an independent prognostic factor. IHC of clinical samples showed that low expression of CD1B was related to
poor overall survival and advanced pathological stages. In addition, there was a strong positive correlation between CD1B and most
immune checkpoint molecules, including PD-L1. CD1B expression was associated with immune cell infiltration and immune
activation in LUAD.
Conclusion: Our study constructed a TMB prognostic model that effectively predicted the prognosis of LUAD patients. CD1B
expression is correlated with better prognosis and promotes antitumor immunity in LUAD, which may serve as a potential prognostic
biomarker and immune-related therapeutic target for LUAD.
Keywords: lung adenocarcinoma, tumor mutation burden, CD1B, prognosis, immune infiltrates

Introduction
Lung cancer is the leading disease worldwide in terms of the threat to human life and health.1 Non-small cell lung cancer
(NSCLC) accounts for approximately 85% of lung cancers, and lung adenocarcinoma (LUAD) is the most common
pathological subtype.2 Due to the high percentage of lung cancer patients diagnosed at locally advanced or extensive
metastatic stages, the prognosis in the majority of patients at the time of diagnosis is still poor.3 In recent years, advances
in immunotherapy have significantly improved the survival outcomes of LUAD patients.4 Immune checkpoint inhibitors
(ICIs) targeting programmed cell death 1/ligand 1 (PD-1/PD-L1) and cytotoxic T-lymphocyte antigen 4 (CTLA-4) exhibit
a potent and durable antitumor activity in LUAD patients.5 However, the overall response rate of ICIs is relatively low, and
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only a fraction of LUAD patients could benefit from ICI treatment.6 Therefore, identifying effective biomarkers for
prognostication and their application in combination with immunotherapy is of utmost importance.

To date, a series of biomarkers have been verified to predict the efficacy of ICI treatment including tumor mutation
burden (TMB), PD-L1 expression level, neoantigen load, gut microbiota, and tumor-infiltrating lymphocytes (TILs).7

Programmed cell death ligand-1 (PD-L1) is expressed in many solid tumors, including lung cancer. A number of clinical
trials revealed a positive association of PD-L1 expression levels with a better prognosis in lung cancer patients treated
with ICI therapy.8 TMB is associated with somatic mutations and is affected by many factors such as smoking and
ultraviolet radiation. Many studies have demonstrated that high TMB confers high response rates and sustainable
response to ICI therapy and can be used to screen beneficial populations in many tumor types, including lung cancer.9

Higher TMB in tumors tends to form more neoantigens that make tumors harbor higher immunogenicity and thus lead to
improved clinical response to immunotherapy.10 Immune checkpoint inhibitors (ICIs) are known to abrogate both T-cell
exhaustion and peripheral inhibition, leading to T-cell activation and thereby restoring antitumor immunity.11 In the
context of the cancer-immunity cycle,12 high TMB and ICIs are involved in multiple steps of the cycle; thus, their
combination could theoretically promote antitumor immunity.

Nevertheless, both PD-L1 and TMB are still not perfect biomarkers for patient selection and the prediction of curative
effects.13 The molecular mechanism of immunotherapy responsiveness is not yet clearly defined. Daniel et al14 proposed
three immune profile phenotypes that correlate with patients’ responses to immunotherapy. Given the limitation of
a single biomarker, prognostic molecules identified through integrated analysis of tumor mutation burden and immune
infiltration may guide immunotherapy more precisely. In this study, we systematically analyzed somatic mutations with
immune infiltration patterns in lung adenocarcinoma (LUAD) and constructed a TMB-related immune prognostic model
to estimate the prognosis of LUAD patients. More importantly, we identified CD1B as a predictive biomarker and
verified the expression and prognostic value of CD1B in clinical samples. We further elucidated the role of CD1B in
tumor-immunity interactions and its potential prognostic mechanisms in LUAD. Our findings might provide promising
biomarkers for prognostic stratification and immune-related therapeutic targets, which facilitate accurate management
and appropriate personalized therapies for LUAD patients.

Materials and Methods
Acquisition of Public Data
We downloaded the somatic mutations, transcriptome profiles and clinical information of LUAD from the TCGA
database. Somatic mutation data were available for 569 samples, and transcriptome RNA-seq data and corresponding
clinical data (age, gender, TNM stage, and survival outcomes) were available for 594 samples. Then, 510 matched
samples from mutation data, transcriptome data, and clinical data with the same sample ID were enrolled for subsequent
analysis. Besides, we downloaded three Gene Expression Omnibus (GEO) datasets, GSE11969, GSE30219, and
GSE72094, from the GEO database. In this study, TCGA data were applied as the training set, and GEO datasets
were applied as the validation sets.

Tumor Mutation Burden Analysis and Immune Infiltrate Analysis
The mutation profiles of LUAD were analyzed and visualized by R software with the “maftools” package. TMB was
defined as the total amount of nonsynonymous mutations per million bases of the genome examined, including coding
errors of somatic genes, base substitutions, insertions, or deletions.15 To calculate the TMB value of each LUAD patient,
the total number of mutations was divided by the length of the exome (38 million). Silent mutations failing to cause
a change in an amino acid were excluded. We classified the LUAD cases into high- and low-TMB groups according to
the median TMB value.

The CIBERSORT algorithm was used to estimate the proportion of tumor-infiltrating immune subsets by analyzing
the gene expression data. Here we constructed the abundance profiles of 22 kinds of immune cells in each LUAD sample
and divided the immune cell content matrix samples into low- and high-TMB subtypes according to the median TMB
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value. The Wilcoxon rank-sum test was used to compare the differential abundances of immune cell infiltrates between
the two groups.

Identification of TMB-Related DEGs and Functional Pathway Analysis
Differentially expressed genes (DEGs) between the low- and high-TMB groups were screened using the Wilcoxon rank-
sum test with |logFC|> 1 and False Discovery Rate (FDR) < 0.05 as the screening criterion. A heatmap was drawn to
show the difference in gene expression between the two groups. To explore the functions and signaling pathways of these
DEGs, Gene Ontology (GO) functional analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analysis were performed with the aid of the R language packages “clusterProfiler”, “enrichplot”, and
“ggplot2”. Only terms with p.adjust (FDR) < 0.05 were considered significantly enriched.

Construction and Validation of the TMB-Related Immune Prognostic Model
We downloaded a list of 2483 immune-related genes from the Immunology Database and Analysis Portal (Immport) and
selected the differentially expressed immune genes between the low- and high-TMB groups via the package
“VennDiagram”. Univariate Cox regression analysis and Kaplan-Meier survival analysis were performed to screen the
hub immune genes that were associated with survival outcomes. Multivariate Cox regression analysis was conducted to
obtain the respective coefficients (β) of the hub prognostic genes. Then the TMB prognostic model was developed based
on the hub prognostic genes, and the risk score of each patient was calculated based on the expression level of each
prognostic gene and its corresponding coefficient. Kaplan-Meier survival analysis and receiver operating characteristic
(ROC) curves were used to evaluate the accuracy of the prognostic model in predicting the outcomes of LUAD patients.
Finally, the prognostic effect of the model and other clinicopathological factors were analyzed by Cox analyses.

To determine the feasibility and reliability of the TMB-related prognostic model, patients in three GEO testing
datasets were divided into high- and low-risk groups according to the formula of risk score derived from the training
dataset, with the same methods as above. Kaplan–Meier analysis and ROC curves were used to evaluate the predictive
power of the gene signature.

Tissue Microarray and Immunohistochemistry (IHC)
The clinical significance of the hub immune genes was further validated in clinical tissue microarray samples. Tissue
microarray slides (HLugA180Su04; Outdo Biotech, Shanghai, China) with 92 matched pairs of LUAD samples and
adjacent normal tissues were purchased for immunohistochemistry (IHC) analysis. Specific primary antibodies against
CD1B (1:100, ab173576; Abcam, Cambridge, UK) and PD-L1 (1:100, ab205921; Abcam, Cambridge, UK) were used
for IHC. The expression levels of CD1B and PD-L1 in tissues were evaluated by the H-score. H-score = Σ π(i + 1), where
i is the intensity of the stained cells (0 for negative staining, 1 for weak staining, 2 for moderate staining, and 3 for strong
staining) and π is the percentage of stained cells with various intensities (0, <5% positive cells; 1, 6–25% positive cells;
2, 26–50% positive cells; 3, 51–75% positive cells; 4, >75% positive cells). The results were evaluated by two
pathologists who were blinded to the clinical information, and disagreement was resolved by a third pathologist. The
patients were divided into low- and high-expression groups based on the median level of expression.

R software and SPSS were used for all statistical analyses. The Wilcoxon rank-sum test and Student’s t test were used
to compare the differences between two groups, while the Kruskal–Wallis test was suitable for three or more groups. The
relationship between CD1B expression and clinicopathological features was analyzed by the chi-square test. The
correlations between CD1B expression and PD-L1 were estimated using Pearson correlation analysis and linear
regression analysis. Cox proportional regression models were performed to evaluate the prognostic potential of CD1B
expression. A p value<0.05 was considered statistically significant. R scripts and original data for this study are available
from Github page (https://github.com/Crystal5462).
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Functional Enrichment Analysis of CD1B and Its Association with PD-L1 and Immune
Cells
To further analyze the putative functional mechanisms of CD1B, gene set enrichment analysis (GSEA) was performed to
obtain the functions and pathways enriched by CD1B. The correlations between CD1B expression and common immune
checkpoints and immune-infiltrating cells were analyzed by the Wilcoxon test and Pearson test using the TCGA and
TIMER databases.

Ethics Statement
This study was approved by the Institutional Review Board of Tongji Hospital (IRB ID: TJ-C20151236) in accordance
with the ethical guidelines of the Declaration of Helsinki. Informed consent was obtained from all subjects.

Results
Landscape of Tumor Mutation Profiles in LUAD
Mutation files of the Simple Nucleotide Variation were available on 569 TCGA LUAD samples. The waterfall plot
showed the mutation information of each gene in each LUAD sample (Figure 1A), in which the top three frequently

Figure 1 Landscape of mutation profiles in LUAD samples. (A) The waterfall shows the mutation information of the top 30 mutated genes, and the percentage represents
the ratio of samples with this gene variation to total samples. Various colors with annotations at the bottom represent the different mutation types. (B–D) Classification of
mutation types according to different categories. (E and F) Tumor mutation burden in each sample.
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mutated genes were TP53 (47%), TTN (41%), and MUC16 (40%). We further classified these mutations according to
different categories and found that missense mutations occurred most frequently, followed by nonsense mutations
(Figure 1B). Single nucleotide polymorphisms (SNPs) accounted for the largest fraction of such variants (Figure 1C),
and C > A was the major type of single nucleotide variant (SNV) (Figure 1D). The number of mutated bases in each
sample could be observed in the boxplot (Figure 1E and F). In addition, the detailed clinical information of the training
cohort and validation cohorts are summarized in Table 1.

Functional Enrichment Analysis of TMB-Related DEGs
The TMB score in LUAD ranged from 0.03 to 60 per megabase, with a median of 4.23 per megabase (Table S1). A total
of 397 DEGs with FDR<0.05 and logFC>1 were identified by the differential analysis. The heatmap revealed that genes
in high-TMB samples showed commonly lower expression levels than those in low-TMB samples (Figure 2A and B),
which suggests that these DEGs were possibly determining factors for the status of TMB. GO pathway and KEGG
enrichment analyses indicated that DEGs were involved in immune-related functions, such as leukocyte-mediated

Table 1 Clinical Characteristics of LUAD Patients Included in This Study

Features Number (%)

Training Cohort Testing Cohort 1 Testing Cohort 2 Testing Cohort 3
TCGA (n=510) GSE11969 (n=94) GSE30219 (n=293) GSE72094 (n=398)

Age (years)
≤65 235(46.08) 60(63.83) 179(61.09) 118(29.65)

>65 275(53.92) 34(36.17) 114(38.91) 280(70.35)

Gender
Female 271 (53.14) 43(45.74) 43(14.68) 222(55.78)

Male 239 (46.86) 51(54.26) 250(85.32) 176(44.22)

AJCC stage
Stage I 272(53.33) 54(57.45) 194(66.21) 254(63.82)

Stage II 124(24.31) 13(13.83) 42(14.34) 67(16.83)

Stage III 85(16.67) 27(28.72) 47(16.04) 57(14.32)
Stage IV 22(4.31) 0(0) 8(2.73) 15(3.77)

Unknown 7(1.38) 0(0) 2(0.68) 5(1.26)
T stage

T1 168 (32.94) 42(44.68) 166(56.66) –

T2 276 (54.12) 38(40.43) 69(23.55) –
T3 47 (9.21) 9(9.57) 31(10.58) –

T4 19 (3.73) 5(5.32) 27(9.21) –

N stage
N0 335 (65.69) 62(65.96) 198(67.58) –

N1-3 175(34.31) 32(34.04) 95(32.42) -

M stage
M0 349 (68.43) 94(100.00) 282(96.25) -

M1 22 (4.31) 0(0) 8(2.73) -

Unknown 139(27.26) 0(0) 3(1.02) -
Survival status

Alive 184 (36.08) 51(54.26) 93(31.74) 285(71.61)

Dead 326 (63.92) 43(45.74) 200(68.26) 113(28.39)
TMB level

Low level 258 (50.59) - - -

High level 252 (49.41) - - -

Abbreviations: AJCC, American Joint Committee on Cancer; LUAD, lung adenocarcinoma.
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cytotoxicity and regulation of positive chemotaxis (Figure 2C and D). This suggested a potential correlation between the
TMB level and the immune response process.

Differential Abundance of Immune Cells in the Low- and High-TMB Groups
To further explore the relationship between TMB and immune infiltration in LUAD, we analyzed the proportion of 22
kinds of immune cells in each sample using the CIBERSORT algorithm and displayed the results in a barplot
(Figure 3A). Furthermore, the Wilcoxon rank-sum test revealed that the infiltration levels of 11 kinds of immune cells
were significantly different between the low- and high-TMB groups (Figure 3B and C). The high-TMB group had
a significantly higher proportion of CD8+ T cells, CD4+ memory activated T cells, follicular helper T cells, M1
macrophages and plasma cells than the low-TMB group, while the low-TMB group had a markedly higher proportion
of memory B cells, resting memory CD4+ T cells, monocytes, resting dendritic cells, activated dendritic cells and resting
mast cells. These results suggest that a high TMB promotes immune infiltration in patients with LUAD.

Identification of Hub TMB-Related Immune Genes and Prognostic Analysis
Since we have demonstrated that the TMB correlated with immune cell infiltrates and immune-related pathways, we
further identified 47 immune differential genes from the Immport database for subsequent analysis (Figure 4A). Through

Figure 2 Functional enrichment analysis of differentially expressed genes (DEGs). (A) Heatmap for DEGs generated by comparison of the high TMB group versus the low
TMB group. (B) Volcano plot showing the DEGs in LUAD. Red represents the up-regulated genes, and green represents the down-regulated genes. (C) GO enrichment
analysis for DEGs. Terms with p and q <0.05 were believed to be enriched significantly. (D) Enrichment analysis of KEGG pathways.
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univariate Cox regression analysis, we obtained 11 immune genes associated with prognosis in terms of overall survival
(Figure 4B). Three genes were found to be prognostic factors based on multivariate Cox analysis, and their risk
coefficients were calculated (Table 2). Kaplan-Meier analysis revealed that the expression of the three hub genes
correlated positively with prognosis (Figure 4C). Moreover, the expression of the three hub genes was positively
correlated with the abundance of CD4+ T cells, CD8+ T cells, and macrophages (Figure S1) and diverse forms of
mutations carried by hub genes commonly inhibit immune infiltrates (Figure S2).

Prognostic Value of the TMB-Related Immune Prognostic Model in the Training and
Validation Cohorts
Based on the multivariate Cox regression model, we constructed the TMB-related prognostic model as follows: risk
score=(−0.098029×EXPCD1B) + (−0.081438×EXPVEGFD) + (−0.000226×EXPSCGB3A1). Then, we calculated the risk
score of each LUAD patient in the training cohort (n=510) and divided them into high-risk and low-risk groups
according to the median risk score (cutoff value: 1.25). The Kaplan-Meier plot showed that patients with high risk
scores had worse survival outcomes than those with low risk scores (p=0.002, Figure 5A). The area under the ROC curve
(AUC) of 0.712 indicated that the model has a high prediction accuracy (Figure 5B). Additionally, the risk curve
indicated that the high-risk-score group had higher mortality and worse prognosis than the low-risk-score group
(Figure 5C). The heatmap shows the expression patterns of the 3 hub genes in patients with different risk scores
(Figure 5D). Univariate Cox analysis showed that T, N, pathological staging, and risk score had statistical significance

Figure 3 Relationship between TMB and immune cell infiltrates. (A) The barplot shows the proportion of 22 kinds of immune cells in each sample, where various colors
with annotations represent the different immune cells. (B) Vioplot showing the differences of 22 kinds of immune cells between low-(green) and high-(red) TMB samples.
The statistical significance is represented in red with p-value < 0.05. (C) Correlation between 22 kinds of immune cells. The numeric value in each tiny box indicates the
p-value of the correlation between two kinds of cells. The Pearson coefficient was used for the significance test.
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(Figure 5E), while multivariate Cox analysis showed that only pathological stage and risk score were independent
prognostic factors (p < 0.05, Figure 5F).

In line with the results in the training cohort, the three-gene signature can well stratify the samples in the three GEO testing
datasets into low-risk and high-risk groups. Patients in the low-risk group showed a significantly better prognosis than those in the
high-risk group (p < 0.05) (Figure 6A–C). TheAUCs for the three validation cohorts were 0.646, 0.700, and 0.651 (Figure 6D–F),
respectively, indicating that the TMB prognostic model was robust in predicting the overall survival of LUAD patients.

CD1B Expression Was Correlated with LUAD Prognosis and Tumor Stage in Clinical
Samples
From the above analysis, CD1B was found to be an independent prognostic factor. We further verified the expression of
CD1B in clinical samples. IHC analysis was performed on tissue microarrays containing LUAD tissues and

Figure 4 Identification of TMB-related immune genes. (A) Venn plot showing a total of 47 TMB-related immune genes shared by immune genes and DEGs. (B) The forest
plot of 11 prognostic TMB-related immune genes screened out by univariate Cox analysis. (C) Kaplan-Meier survival curves of 3 hub TMB-related immune genes with
a p-value of the Log rank test.

Table 2 Multivariate Cox Regression Analysis of Hub TMB-Related Immune Genes

Gene Symbol Coefficient HR Lower 95% CI Upper 95% CI P-value

CD1B −0.098029 0.861641 0.751963 0.987316 0.032055

VEGFD −0.081438 0.904208 0.847371 0.964857 0.002365
SCGB3A1 −0.000226 0.999708 0.999471 0.999945 0.015744

Abbreviations: HR, hazard ratio; CI, confidence interval.

https://doi.org/10.2147/IJGM.S352851

DovePress

International Journal of General Medicine 2022:153816

Li et al Dovepress

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

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


corresponding adjacent normal tissues from 92 patients. The results suggested that the expression level of CD1B in
cancer tissues was significantly lower than that in adjacent normal tissues (p < 0.001) (Figure 7B). Similar results were
observed in the pairing analysis between the normal and tumor tissues derived from the same patient (Figure 7C).
Representative images showed the cancer tissues and corresponding adjacent normal tissues stained with CD1B
(Figure 7A and D). Moreover, Kaplan-Meier survival analysis showed that patients with high CD1B expression had
longer survival than those with low CD1B expression (p=0.037, Figure 7E), which was consistent with the results of the
bioinformatics analysis. The chi-square test was used to analyze the association between CD1B and other clinicopatho-
logical factors (Table 3). In particular, the expression of CD1B declined with the progression of T stage (p=0.029) and

Figure 5 Construction and validation of the TMB prognostic model using the TCGA dataset. (A) Kaplan-Meier curves of overall survival for low- and high-risk groups
stratified by the TMB prognostic model, where patients with higher risk scores conferred poor survival outcomes (P=0.002). (B) ROC curve for evaluating the prediction
accuracy of the TMB prognostic model in LUAD. (C) The distribution of risk scores and the relationship between risk scores and survival times. (D) The expression patterns
of 3 hub genes in the high- and low-risk score groups. (E) The prognostic effect analyses of the TMB prognostic model and commonly used prognostic factors using
a univariate Cox regression model. (F) The independent prognostic effect analyses of the TMB prognostic model and common prognostic factors using a multivariate Cox
regression model.
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clinical stage (p=0.021, Figure 7F). The univariate Cox regression model revealed that age, T stage, N stage, clinical
stage, and CD1B expression were associated with the overall survival of LUAD patients, while multivariate analysis
indicated that only age was an independent prognostic factor (Table 4). The above results indicated that the expression of
CD1B was positively correlated with the prognosis of LUAD patients.

CD1B Was Correlated with Immune Checkpoint Expression in LUAD
We further examined the potential correlations between CD1B and immune-related molecules. First, we examined the
relationships between CD1B and common immune checkpoints in TCGA databases, and the results showed positive
correlations between CD1B and CTLA4, PD-L1, PD-1, PD-L2, TIM3, LAG3, TIGIT, OX40, and OX40L (Figure 8A).
Given the significant role of PD-L1 in immunotherapy, we further validated the correlation between CD1B and PD-L1
using IHC staining. Representative images showed the samples stained with CD1B and PD-L1 (Figure 8B). Samples
with positive CD1B expression tended to express higher levels of PD-L1 (Figure 8C). In all samples, Pearson correlation
analysis and linear regression analysis showed that CD1B expression was positively correlated with PD-L1 in LUAD
(r=0.27, p=0.027) (Figure 8D).

CD1B is Involved in Immune Activation Functions and Pathways in LUAD
Given that the expression of CD1B was correlated with the survival and TNM stages of LUAD patients, GSEA was
implemented to explore the mechanism of CD1B in LUAD. The results showed that genes positively related to CD1B were
significantly enriched in the immune response, antigen processing and presentation, IFN-γ-mediated signaling pathway, and

Figure 6 Validation of the TMB prognostic model in three GEO testing datasets. Kaplan–Meier survival curves showing overall survival outcomes of high- and low-risk
groups in GSE72094 (A), GSE11969 (B), and GSE30219 (C). The ROC curves for judging the predictive accuracy of the model in GSE72094 (D), GSE11969 (E), and
GSE30219 (F).

https://doi.org/10.2147/IJGM.S352851

DovePress

International Journal of General Medicine 2022:153818

Li et al Dovepress

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

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


T-cell activation (Figure 9A and B). In addition, Hallmark was performed using CD1B expression as the phenotype. The
results showed that highly expressed CD1B correlated with immune-related activities, such as allograft rejection, comple-
ment, and interferon responses, while poorly expressed CD1B was associated with metabolic pathways, such as glycolysis
(Figure 9C and D). These results revealed that CD1B plays a crucial role in immune activation in LUAD, suggesting that
CD1B may suppress the progression of LUAD through immune activation, which is consistent with previous results.

CD1B Expression is Associated with Immune Cell Infiltration in LUAD
We further explored the correlation of CD1B expression with tumor-infiltrating immune cells (TICs). The results of
difference and correlation analyses showed that a total of eight kinds of immune cells were correlated with the expression
of CD1B (Figure 10). Among them, memory B cell, memory CD4 T cells, monocytes, resting dendritic cells, and resting
mast cells were positively correlated with CD1B expression, while plasma cells, resting NK cells, and M0 macrophages were
negatively correlated. These findings further supported that the levels of CD1B affected the immune infiltration of LUAD.

Figure 7 IHC detection of CD1B in LUAD and its correlation with survival and clinicopathological characteristics. (A) Representative images of IHC staining of LUAD
tissues and corresponding adjacent normal tissues (original magnification ×200). (B) H-score of CD1B expression in cancer tissues and adjacent normal tissues. (C) Paired
differentiation analysis for the expression of CD1B in the normal and tumor samples derived from the same patient. (D) Higher CD1B expression and lower CD1B
expression in LUAD tissues (original magnification ×200). (E) Kaplan–Meier survival curves of LUAD patients with high CD1B expression and low CD1B expression.
Patients were labeled with high expression or low expression depending on the comparison with the median expression level. (F) The correlation of CD1B expression with
clinicopathological staging characteristics. Data are presented as the mean ± SEM. *** p<0.001.
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Discussion
In recent years, immunotherapy for the treatment of LUAD has rapidly developed. However, biomarkers are still needed
to identify patients who could respond to treatment and to avoid unnecessary costs and severe toxicities for nonrespon-
ders. TMB and TILs have been verified to herald the efficacy of immunotherapy. However, few relevant studies have
focused on the correlation of TMB with immune infiltrates in LUAD and the identification of related prognostic
molecules.

In the present study, we first analyzed the mutation landscape in LUAD and investigated the relationship between
TMB, immune-related genes, immune cell infiltration, and LUAD prognosis. Somatic mutations always occur during

Table 3 Correlation of CD1B Expression with Clinicopathological Factors

Parameters Number of
Patients

CD1B Expression p-value

Low High

Age (year)

≤65 57 28 29
>65 35 18 17 0.135

Gender

Female 41 17 24
Male 51 29 22 0.835

T

T1 + T2 68 29 39
T3 + T4 24 17 7 0.637

N

N0 47 22 25
N1 + N2 + N3 45 24 21 0.534

M

M0 90 44 46
M1 2 2 0 0.253

Clinical stage

I + II 62 24 38
III + IV 30 22 8 0.041*

Note: *Statistically significant.

Table 4 Univariate and Multivariate Analyses for LUAD Patients on Overall Survival in Tissue Microarray

Variables Univariate Cox Analysis Multivariate Cox Analysis

HR (95% CI) p-value HR (95% CI) p-value

Age (≤65 vs >65) 1.046(1.014–1.080) 0.005* 1.063(1.027–1.099) <0.001*

Gender
Female vs male 1.720(0.976–3.032) 0.061 1.798(0.953–3.390) 0.070

T

T1 vs T2 vs T3 vs T4 1.610(1.195–2.170) 0.002* 1.055(0.699–1.593) 0.799
N

N0 vs N1 vs N2 vs N3 1.871(1.359–2.575) <0.001* 1.393(0.756–2.568) 0.288

M
M0 vs M1 2.027(0.485–8.463) 0.333 0.546(0.088–3.399) 0.517

Clinical stage

I vs II vs III vs IV 2.053(1.492–2.824) <0.001* 1.855(0.897–3.839) 0.096
CD1B expression

Low vs High 0.833(0.722–0.962) 0.013* 0.942(0.814–1.089) 0.418

Note: *Statistically significant.
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cancer progression and are accompanied by mutated gene transcription, translation, and neoantigen peptide synthesis.16

Part of the neoantigens will then be processed and presented on the cell surface with MHC, which will be recognized and
targeted by the immune cells.17 Presenting heterogeneity variability among different types of tumors, the TMB level was
high in NSCLCs, malignant melanoma, and squamous carcinomas, while in leukemias and some childhood cancers,
TMB was low.18 A series of clinical trials showed that patients with a high TMB had a higher response rate and favorable
progression-free survival when receiving immunotherapy.9 The reason might be that highly mutated tumors are more
prone to form neoantigens, which can be recognized as foreign by the immune system, thus improving the anticancer
immune response and resulting in better prognosis.10

DEGs between the high- and low-TMB groups were ferreted out, and GO and KEGG analyses indicated that these
DEGs were mainly involved in immune-related functions, such as the regulation of positive chemotaxis and leukocyte-
mediated cytotoxicity. We further explored the relationship between the TMB level and immune cell infiltration. We
observed that the high TMB groups tended to have higher abundances of antitumor immune cells, such as CD8 T cells,
CD4 T cells, and M1 macrophage infiltration, indicating that immunocyte-killing activity was increased in high-TMB
patients. Consistent with previous mutation analysis, neoantigens carried by mutated tumors can be detected by the
immune system and lead to T-cell-mediated antitumor effects.19 Therefore, high TMB is the key mechanism of enhancing
immune cell infiltration and promoting antitumor immunity. Mahmoud et al found that the total number of CD8+ T cells

Figure 8 Correlation between CD1B and PD-L1 expression. (A) Correlation analysis of CD1B and common immune checkpoint expression in TCGA databases. (B)
Representative IHC images showing LUAD samples immunostained for CD1B and PD-L1 in the tissue microarray. (C) Expression of PD-L1 according to CD1B expression
status in the tissue microarray. (D) Correlation between CD1B and PD-L1 expression in the tissue microarray. * p< 0.05.
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was correlated with higher tumor grade and better patient survival.20 Similar conclusions were drawn by Matsumoto et al
that CD4+ and CD8+ T cells were key factors in tumor immunotherapy and that their high infiltration levels were
correlated with better prognosis in triple-negative breast cancer.21 Moreover, studies also suggested that macrophages
play an important role in activating tumor-specific anticancer defenses by influencing T- and B- cell functions.22

Other important findings of this study were that 3 prognostic hub immune genes were identified through univariate
and multivariate Cox regression analysis. In the subsequent validation of clinical samples in tissue microarray slides, we
finally focused on CD1B. CD1B is a member of group 1 in the CD1 family of transmembrane glycoproteins.23 It is
usually expressed on antigen-presenting cells (APCs), such as dendritic cells and monocytes/macrophages, and in many
human cancer cells.24 Different from the classical MHC class I and II molecules that recognize peptide antigens, CD1B
molecules recognize a wide array of self- and foreign-lipid antigens and present them to T-cell receptors (TCRs), making
them visible to the immune system by activating the cognate T cells.25,26 Recent studies have indicated that normal cells
have distinct expression patterns of CD1 molecules compared to tumor cells27 and decreased expression of CD1B is
associated with worse overall survival in prostate cancer.28 Similar conclusions were drawn by our study that low
expression of CD1B conferred adverse survival outcomes in LUAD. Moreover, studies have shown that CD1B regulates
the development of natural killing (NK) cells.29 Our study also revealed that CD1B was involved in multiple immune-
related pathways and the activation of immune cells. Therefore, CD1B plays an important role not only in the recognition
and presentation of nonpeptide antigens but also in other immune responses. In addition, PD-L1 is an important
immunomodulatory molecule, and the interaction between PD-1 and its ligands could attenuate the immune response
via evasion of immune elimination.30 Our results suggested that CD1B was significantly associated with PD-L1 and other

Figure 9 CD1B-related functions and pathways in LUAD. (A and B) GSEA enrichment results revealed that CD1B was closely related to the immune response and other
immune-related pathways in LUAD. (C) The enriched gene sets in the HALLMARK collection by the high CD1B expression sample. Each line represents one particular gene
set with a unique color. Only gene sets with p < 0.05 and q < 0.05 were considered significant. (D) Gene sets enriched in HALLMARK by samples with low CD1B
expression.
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immune checkpoints. PD-L1 or other immune checkpoints may have a modest effect on the function of CD1B, which in
turn has an impact on tumor immunity and clinical outcomes in LUAD patients. These data demonstrated the antitumor
potential of CD1B and its potential application in immunotherapy, providing possible biomarkers for predicting ICI
efficacy and a new target for immunotherapy in LUAD. This funding deserves further validation in patients receiving
immunotherapy.

SCGB3A1 belongs to the secretoglobin family, also known as HIN-1, which is related to the regulation of cell
differentiation and proliferation.31 Previous studies have found that SCGB3A1 possesses multiple tumor suppressor
functions, including inhibition of cell growth, migration, and invasion through the AKT signaling pathway.32 Moreover,
it has been reported that the SCGB3A1 gene is frequently methylated in lung tumors, and the downregulation of

Figure 10 Correlation of CD1B expression with the immune infiltration level in LUAD. (A) Violin plot showing the ratio differentiation of 22 kinds of immune cells between
LUAD tumor samples with low or high CD1B expression, and the Wilcoxon rank-sum test was used for the significance test. The statistical significance is represented in red
with p-value < 0.05. (B) Scatter plot showing the correlation of 8 kinds of immune cell proportions with CD1B expression (p < 0.05), and the Pearson coefficient was used
for the correlation test. (C) Venn plot displaying eight kinds of immune cells correlated with CD1B expression codetermined by difference and correlation tests displayed in
violin and scatter plots, respectively.
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SCGB3A1 expression caused by methylation is an important factor in predicting poor prognosis.33 VEGFD, also
known as FIGF, belongs to the vascular endothelial growth factor (VEGF) family. It could induce both angiogenesis
and lymphangiogenesis.34 A clinical study showed that low expression of VEGFD is a predictor of more survival
benefits from bevacizumab treatment for patients with colorectal cancer.35 Our results demonstrated that these hub
genes exhibit prognostic effects in LUAD. However, the mechanistic details of these hub genes require further
exploration.

Finally, we constructed a TMB prognostic model for survival prediction using the 3 hub immune genes. Our results
showed that the model could well stratify patients into high- and low-risk groups, and high-risk patients revealed worse
survival outcomes. The AUC of this prognostic model was 0.712, indicating high predictive accuracy. Univariate and
multivariate Cox analyses confirmed that the model can be used as an independent prognostic factor for predicting the patient
outcomes. Furthermore, we demonstrated that this classification was reproducible and predictable in three GEO test datasets.

Despite these findings, there are certain limitations in the present study. The lack of basic experimental research on
the correlation between hub immune genes and immune cell infiltration cannot be ignored. Further validation in patients
receiving immunotherapy will be required in the future. Otherwise, whether the prognostic model can be used to estimate
the prognosis of patients in clinical practice still needs a larger clinical queue for verification.

Conclusions
Our study analyzed the relationship between TMB and immune infiltration in LUAD and constructed a TMB prognostic
model that effectively predicted the prognosis of LUAD patients. CD1B expression was positively correlated with the
prognosis and immune activation of LUAD, suggesting that CD1B may serve as a potential prognostic biomarker and
immune-related therapeutic target for LUAD. Our research may provide novel insight into personalized prognosis
prediction and new therapies in LUAD.
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