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Background: As the main executor of immunotherapy, T cells significantly affect

the efficacy of immunotherapy. However, the contribution of the T cell

proliferation regulator to the prognosis of lung adenocarcinoma (LUAD) and

immunotherapy is still unclear.

Methods: Based on T cell proliferation regulators, LUAD samples from The

Cancer Genome Atlas (TCGA) were divided into two different clusters by

consensus clustering. Subsequently, the T cell proliferation regulator (TPR)

signature was constructed according to the prognostic T cell proliferation

regulators. Combined with clinical information, a nomogram for clinical

practice was constructed. The predictive ability of the signature was verified by

the additional Gene Expression Omnibus (GEO) dataset. We also analyzed the

differences of tumor microenvironment (TME) in different subgroups and

predicted the response to immunotherapy according to the TIDE algorithm.

Finally, we further explored the role of ADA (Adenosine deaminase) in the lung

adenocarcinoma cell lines through the knockdown of ADA.

Results: According to the consensus clustering, there were differences in survival

and tumor microenvironment between two different molecular subtypes. T cell

proliferation regulator-related signature could accurately predict the prognosis

of LUAD. The low-risk group had a higher level of immune infiltration and more

abundant immune-related pathways, and its response to immunotherapy was

significantly better than the high-risk group (Chi-square test, p<0.0001). The

knockdown of ADA inhibited proliferation, migration, and invasion in lung

adenocarcinoma cell lines.
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Conclusion: T cell proliferation regulators were closely related to the prognosis

and tumor microenvironment of LUAD patients. And the signature could well

predict the prognosis of LUAD patients and their response to immunotherapy.

ADA may become a new target for the treatment of LUAD.
KEYWORDS

T cell proliferation regulator, lung adenocarcinoma, biomarker, tumor microenvironment,
ADA, immunotherapy
1 Introduction

Lung cancer is one of the malignant tumors with the highest

incidence rate and mortality rate, and about 1.6 million people die of

lung cancer every year in the world (1). With the increase in people’s

understanding of the molecular level, the treatment of lung cancer has

undergone profound changes. Compared with other pathological types

of non-small cell lung cancer (NSCLC), LUAD has many available

targets (2). The rapid development of targeted therapy and

immunotherapy has brought good news to LUAD patients (3).

However, due to the heterogeneity of tumor, whether targeted therapy

or immunotherapy, drug resistance will inevitably occur eventually (4, 5).

Therefore, there is an urgent need to explore new biomarkers to evaluate

the prognosis of LUAD patients and thus prolong their survival.

T cells are the main effectors of cellular immunity, which mainly

include two subgroups: CD4 expressing T helper (Th) cell and CD8

expressing cytotoxic T lymphocyte (CTL) (6). Th cells regulate

immune response by secreting various cytokines (7), while CTL

directly kills tumor cells as effector cells (8). In addition, regulatory

T cells (Treg) play an immunosuppressive role (9). The purpose of

immune checkpoint inhibitors (ICIs) is to reactivate T cells in the

autoimmune system and kill tumor cells. However, most patients did

not respond to immunotherapy (10). Low T cell infiltration was called

cold tumors, which may lead to the failure of immunotherapy. By

increasing the infiltration of T cells, cold tumors could be transformed

into hot tumors and reverse the low reactivity to immunotherapy (11).

Exploring the role of T cell proliferation regulators in cancer may have

an important impact on anti-tumor immunity.

In this study, we used T cell proliferation regulators to build the TPR

signature, which could well evaluate the prognosis of LUAD. In addition,

the analysis of the tumor microenvironment showed that there were

significant differences in immune cells and function between the two

subgroups.More importantly, the signature can guide the immunotherapy

of LUAD patients and provide new insights for individualized treatment.

Cytological experiments confirmed the role of ADA in LUAD.
2 Material and methods

2.1 Data collection and processing

The transcriptome data of LUAD comes from TCGA, and both

Count and TPM were collected. The count format was used for
02
difference analysis, and the TPM format was converted to log2(TPM

+1) for subsequent analysis. TCGA-LUAD cohort was used as

training sets. To reduce the impact of non-tumor factors, we

excluded the samples with missing survival data and overall

survival (OS) of less than 30 days. Finally, we collected 485

LUAD and 59 normal samples. 398 LUAD patients from

GSE72094 were used as validation sets. 35 T cell proliferation

regulators were from previous studies (12).
2.2 Consensus cluster analysis

Based on the expression of T cell proliferation regulators, the TCGA

cohort was classified using the consensus clustering algorithm, which was

performed through ‘ConensusClusterPlus’ package (13). Using

agglomerative pam clustering with a 1-pearson correlation distance

and resampling 80% of the samples for 1000 repetitions to ensure the

stability of the classification. The optimal number of clusters was

determined using the empirical cumulative distribution function plot.
2.3 Function and pathway enrichment
analysis

Based on the ‘limma’ package (14), the differential genes between

different clusters were identified (p-value < 0.05 and log2 | fold

change | > 1), and then the GO/KEGG enrichment analysis of these

genes was carried out through the ‘clusterProfiler’ package (15).
2.4 Construction and validation of the
T cell proliferation regulator signature

Differentially expressed T cell proliferation regulators (Fold

Change=1.5, false discovery rate, FDR < 0.05) were identified by

differential analysis. Then, the T cell proliferation regulators related

to OS were further screened by univariate cox regression analysis,

and they were included in the LASSO regression analysis in the next

step. LASSO regression is a generalized linear model, which can

reduce the overfitting of variables. When lambda takes the

minimum value, the best genes and their coefficient are obtained.

Risk score = GeneA*expA+GeneB*expB+ … Genen*expn. Then the

patients were divided into the high- and low-risk group according
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to the median risk score. Kaplan-Meier (KM) survival analysis was

used to test the survival difference between the two subgroups. In

addition, we utilized ROC curves to compare the effectiveness of our

model with previous studies (16–19).
2.5 Establishment and evaluation of
the nomogram

To evaluate whether the TPR signature was affected by other

clinical factors, we conducted the cox regression analysis based on

the signature and combined them to build a nomogram through

‘regplot’ package. The nomogram’s prediction ability was evaluated

by the ROC curve and calibration curve.
2.6 Gene set enrichment analysis

To further understand the differences in biological functions

between different subtypes, GSEA (version 4.2.3) software was used

for GO/KEGG enrichment analysis (20). The threshold value was

set at p < 0.05 and FDR < 0.25.
2.7 Assessment of tumor
microenvironment

Single sample gene set enrichment analysis (ssGSEA) is an

extension of GSEA method, which calculates the enrichment

fraction of each sample and gene set pair (21). We used the

dataset related to immune cell markers to carry out ssGSEA

through ‘GSVA’ R package. The ESTIMATE algorithm is a

method that uses the expression of gene to infer the proportion

of the intermediate and immune cells in tumor samples (22). We

predict the immune score and matrix score of LUAD through the

‘estimate’ package. TISCH is an online single-cell database focused

on tumor microenvironment (23). GSE131970 dataset contains 44

LUAD samples, totaling 203298 cells. According to the information

provided by this database, the uniform manifest approximation and

projection (UMAP) were utilized to reduce the dimension further

and visualize the clustering results. Based on the TISCH database,

we analyzed the expression of the key genes constituting the

signature in the GSE131907 dataset. The scMetabolism is a

calculation method for quantifying single-cell metabolism. We

downloaded single-cell data containing three LUAD samples from

GSE117570 and calculated T cell-related metabolic pathways at the

single-cell level through the scMetabolism algorithm (24).
2.8 Prediction of immunotherapy

On the ground of the expression of transcriptome data, we used

Tumor Immune Dysfunction and Exclusion (TIDE) algorithm to

evaluate the response of LUAD patients to immunotherapy (25).

The higher TIDE score means that patients are more prone to

immune escape during immunotherapy.
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2.9 Chemotherapy sensitivity analysis

The half-maximal inhibitory concentration (IC50) of common

chemotherapeutic drugs for LUAD was calculated by ‘pRRophetic’

package, which was derived from the expression matrix and drug

response information in the Cancer Genome Project (CGP) plan,

including 138 anticancer drugs against 727 cell lines (26).
2.10 Cell culture and small-interfering
RNA transfection

Xinyuan Biotech Co. Ltd. (Shanghai, China) provided the lung

adenocarcinoma cell lines H1299 and PC9 with authentication

using short tandem repeat profiling. DMEM (Gibco, Grand

Island, NY, USA) containing 10% fetal bovine serum (Sigma,

USA) and 5% CO2 was used to culture H1299 and PC9 cells.

The sequences of siRNA targeting ADA were cloned into H1299

and PC9 cells. Using Lipofectamine 3000 (Invitrogen, USA), the

siRNA transfection process was conducted as instructed by

the manufacturer.
2.11 Western blotting

RIPA buffer (Promoter, Wuhan, China) with PMSF and

protease inhibitor cocktail (MCE, USA) were used for dissociating

the protein. BCA kit (Servicebio, Wuhan, China) was used to

measure protein concentration in the supernatant after removing

the precipitate. Electrophoresis was used to transfer the protein

samples onto PVDF membranes after boiling the protein. At 4°C

overnight, the membranes were incubated with primary antibodies.

The membranes were washed three times with TBST and then

incubated with secondary antibodies for one hour. The antibodies

used in this study were as follows: anti-ADA (Proteintech, 17479-1-

AP), anti-GAPDH (Proteintech, 60004-1-Ig).
2.12 Cell counting kit-8 assay

Cell Counting Kit-8 (CCK-8) was used to measure cell

proliferation (JingXin Biological Technology, Guangzhou, China).

Cell suspensions with a density of 5 x 105 cells/ml of H1299 and

PC9 cells were prepared. 96-well plates (1 × 103 cells/well) were

filled with cell suspension (0.2 ml) and cultured in a 5% CO2

incubator at 37°C. The culture was repeated for 1, 2, 3, 4, and 5 days.

Before measuring the absorbance, add 10 ml of CCK-8 solution to

each well. With a microplate reader, the absorbance at 450 nm was

measured after incubation for 2 hours.
2.13 Migration and invasion testing

Transwell plate (Corning, NY, USA) with 8-um pores was used

to perform migration assays in vitro. Cells (5×104) in serum-free
frontiersin.org
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DMEM medium (200ul) were placed on the upper layer of the

chamber, and the medium containing 10% FBS was added to the

lower chamber. After 36 hours of culture, cells in the upper chamber

were removed, and cells in the lower chamber were stained and

counted. Matrigel coating chambers (BD Biosciences) are used for

invasion assay, cells (1.5×105) in serum-free DMEM medium

(200ul) were placed on the upper layer of the chamber, and the

medium containing 10% FBS was added to the lower chamber.

After 36 hours of culture, cells in the upper chamber were removed,

and cells in the lower chamber were stained and counted. Four

visual fields were taken in each plate, and the cells were counted

with Image J. Each experiment was repeated three times.
2.14 Statistical analysis

All data analysis and graphs were completed by R software

(version: 4.13). The chi-square test was used for categorical

variables. The continuous variable was used by Wilcoxon test.

Kaplan-Meier analysis and Log-rank test were used for survival

assessment. Risk factors for LUAD were established by cox

proportional hazards regression analysis. Only p < 0.05 was

considered statistically significant.
3 Results

3.1 Characteristics of T cell
proliferation regulators

First, we explored the expression of T cell proliferation

regulators in LUAD and normal tissues. Most of them showed

clear differences (Figure 1A). A total of 23.16% of LUAD had

mutations of T cell proliferation regulators, of which AHNAK had

the highest mutation rate, reaching 11% (Figure 1B). The position of

35 T cell proliferation regulators on chromosomes was shown in

Figure 1C. Through the analysis of CNV in TCGA database, we

found that except ITM2A, other genes had a higher proportion of

CNV gain (Figure 1D).
3.2 Consensus clustering and GO/KEGG
enrichment analysis

Consensus clustering was used to classify LUAD patients based

on the expression levels of T cell proliferation regulators. According

to the consensus matrix (Figure 2A), consensus CDF curves

(Figure 2B), and relative change in the area under the CDF

curves, the optimal division (K = 2) represented the ideal number

of clusters (Figure 2C), indicating that patients could be well

segregated into the two molecular subtypes. The expression of T

cell proliferation regulators showed significant differences between

the two clusters (Figure S1). More importantly, a significant

difference of survival was found between the two subtypes (p =

0.011, Figure 2D). The relationship between the TNM stage and
Frontiers in Immunology 04
clusters was shown by Sankey diagram (Figure 2E). To explore the

differences of potential pathways between different clusters, we

analyzed the differentially expressed genes (DEGs) between the

two clusters (p < 0.05, Table S1). FGB, MAGEA3, and MAGEA6

were the most significantly upregulated. The SFTPC, SCGB1A1, and

ADH1B with the most significant downregulate. Then, GO and

KEGG enrichment analysis of these genes were carried out. GO

enrichment analysis showed that in Cluster2, the up-regulated

DEGs were closely related to the cell proliferation pathway

(Figure S2A), and KEGG enrichment analysis also obtained

similar results (Figure S2B). In Cluster1, GO enrichment analysis

found that a large number of immune-related pathways were

activated (Figure S2C). KEGG enrichment analysis showed that

the up-regulated DEGs were mainly concentrated in the

complement, coagulation pathway, and cell adhesion-related

pathways (Figure S2D). These results showed that the activation

of the tumor proliferation process was the main feature of Cluster2,

and the activation of immune system was the main feature of

Cluster1. Then we used ssGSEA to analyze the differences between

the two clusters of 28 kinds of immune cells and found that almost

all immune cells increased significantly in Cluster1 (Figure 2F),

which just confirmed the results of enrichment analysis.
3.3 Development and validation of the T
cell proliferation regulator signature

Among 35 T cell proliferation regulators, 20 were differentially

expressed. Subsequently, the genes related to OS were screened out

through univariate cox regression analysis (Figure S3) and included

in the LASSO Cox regression model (Figures 3A, B). Finally, four

key genes and their coefficients were obtained. The risk score of

each LUAD patient = ADA*0.21074646-CD19*0.17404017

+CDK1*0.12803755-CYP27A2*0.08014371. On the basis of the

median risk score, LUAD patients were divided into high-risk

and low-risk groups. The prognosis of the high-risk group was

significantly better than that of the low-risk group (p=0.00029,

Figure 3C), and there were significantly more deaths in the high-

risk group (Figure 3D). The heatmap showed the expression

difference of four key T cell proliferation regulators between the

two subgroups (Figure 3E). The prediction ability of signature had

been further verified in the GSE72094 dataset, and the low-risk

group had better OS (p = 0.00027, Figure 3F). The distribution of

risk score and the expression of four key genes were almost

consistent with the training set (Figures 3G, H). Furthermore, we

compared the TPR signature with others’ signatures in the past, and

the results showed that our signature has quite good prediction

ability (Figure S4).
3.4 Establishment of the nomogram

Univariate and multivariate cox regression analysis showed that

signature was a reliable prognostic marker (Figures 4A, B). Then,

based on clinicopathological features and risk score, the nomogram
frontiersin.org
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A

B

DC

FIGURE 1

The expression and genomic features of T cell proliferation regulators in LUAD. (A) The differential expression of T cell proliferation regulators
between tumor and normal samples. (B) Mutation landscape of T cell proliferation regulators in TCGA. (C) Chromosome position and alteration of
T cell proliferation regulators. (D) The CNV mutation frequency of 35 T cell proliferation regulators. *p < 0.05, ***p < 0.001, ****p < 0.0001.
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FIGURE 2

Consensus clustering analysis based on T cell proliferation regulators. (A) Consensus clustering matrix at k = 2. (B) The CDF curves for clusters from
k = 2 to 9. (C) The relative change in the area under the CDF curve from k = 2 to 9. (D) Kaplan-Meier survival analysis between two clusters.
(E) Sankey diagram showed the relationship between TNM stage and two clusters. (F) The proportion of 28 kinds of immune cells in two clusters.
*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
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FIGURE 3

Construction and validation of T cell proliferation signature. (A) 10-fold cross-validation in the LASSO model. (B) Coefficient distribution of key T cell
proliferation regulators. (C) The K-M survival analysis showed the difference of prognosis in TCGA cohort. (D) Distribution of risk score and survival status
in TCGA cohort. (E) Heatmap showing 4 T cell proliferation regulators in TCGA cohort. (F) The K-M survival analysis showed the difference of prognosis
in GSE72094. (G) Distribution of risk score and survival status in GSE72094. (H) Heatmap showing 4 T cell proliferation regulators in GSE72094.
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was constructed to predict the 1-, 3-, and 5-year survival rate of

LUAD patients (Figure 4C). The correction curve showed that the

predicted results were highly consistent with the actual results

(Figure 4D). The area under curves (AUC) of the nomogram in

1-, 3-, 5-year were 0.750, 0.754, and 0.738 respectively (Figure 4E).

The above results showed that the nomogram had excellent

prediction ability.
3.5 Gene set enrichment analysis

To explore the difference in potential pathways between

different subgroups of signature, we used GSEA to conduct GO/

KEGG enrichment analysis. The GO enrichment analysis results

showed that the high-risk groups were mainly enriched in DNA

replication and cell proliferation pathways (Figure 5A), while the

KEGG results showed similar results (Figure 5C). As mentioned

above, T cell proliferation regulators and immune-related pathways

were closely related, and GO enrichment analysis of the low-risk

group confirmed this result (Figure 5B). The KEGG results showed

that the low-risk group was closely related to the metabolism of

multiple nutrients (Figure 5D).
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3.6 Difference in the tumor
microenvironment and prediction of
immunotherapy response

The state of tumor microenvironment significantly affects the

development of tumor and the efficacy of immunotherapy. We used

ssGSEA to analyze the differences between 16 immune cells and 13

immune-related pathways. In the low-risk group, many kinds of

immune cells and pathways were enriched, which were in the state

of immune activation (Figures 6A, B). In addition, the ESTIMATE

algorithm showed that the risk score was significantly negatively

correlated with the ESTIMATE score, immune score, and normal

score, while it was significantly positively correlated with the tumor

purity (Figures 6C–F). Next, we used the GSE131907 dataset in the

TISCH database to analyze the differences of the four key T cell

proliferation regulators in TME at the single cell level. The

distribution of various cell types was shown in Figure 6G. ADA

was mainly expressed in CD8T, CD8Tex, and plasma; CD19 was

mainly expressed in B cell; CDK1 was mainly expressed in plasma

and epinephrine cell; CYP27A1 was mainly distributed in Mono/

Macro, DC, and Fibroblasts (Figure 6H). In addition, we used

scMetabolism to explore T cell-related metabolic pathways and the
A B

D

E

C

FIGURE 4

Development of the nomogram to predict the prognosis. Univariate (A) and multivariate (B) Cox regression analysis. (C) Nomogram for the prediction of
1-, 3- and 5-year survival probability. (D) Calibration curves for evaluating the accuracy. (E) ROC curves of the nomogram. **p < 0.01, ***p < 0.001.
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results indicated that T cell were closely related to the starch and

sucrose metabolism at the single-cell level (Figure S5).

Subsequently, we calculated the TIDE score of each LUAD

patient using the TIDE algorithm. The high-risk group had a

higher TIDE score and exclusion, which indicated that the high-

risk group was more likely to have immune escape (Figure 6I). In

the prediction of the efficacy of immunotherapy, we found that a

higher proportion of people in the low-risk group responded to

immunotherapy (47.3% vs 27.7%, c2 test: p < 0.0001, Figure 6J).

These results meant that the low-risk group was in the state of

immune act ivat ion, and thus had a better response

to immunotherapy.
3.7 Chemotherapy sensitivity analysis

As an important adjuvant treatment, chemotherapy is still

indispensable in the treatment of LUAD. We explored the

sensit ivi ty of different subgroups to commonly used

chemotherapy drugs. The results showed that patients in the

high-risk group were more sensitive to many kinds of

chemotherapy drugs (Figures 7A–H).
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3.8 ADA knockdown inhibited cell
proliferation, migration, and invasion of
lung adenocarcinoma in H1299 and
PC9 cell lines

Western blot confirmed that ADA was successfully knocked

down (Figure 8A). The proliferation of H1299 and PC9 cells was

significantly inhibited when ADA was knocked down in CCK-8

assays (Figures 8B, C). Additionally, the knockdown of ADA

dramatically inhibited migration of lung adenocarcinoma

(Figures 8D, E) and also inhibited its invasive ability (Figures 8F,

G). Overall, our findings indicated that ADA may promote the

proliferation, migration, and invasion of lung adenocarcinoma.
4 Discussion

More and more studies have confirmed the important role of

the tumor microenvironment in the process of anti-tumor

immunity (27). Reactivating the immune system to kill tumor has

become the focus of lung cancer treatment research. The emergence

of ICIs and adoptive cellular immunotherapy had greatly improved
A B

DC

FIGURE 5

Potential pathways analysis based on GSEA. Analysis of GO enrichment in high-risk group (A) and low-risk group (B). Analysis of KEGG enrichment in
high-risk group (C) and low-risk group (D).
frontiersin.org

https://doi.org/10.3389/fimmu.2023.1171145
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


Chang et al. 10.3389/fimmu.2023.1171145
A B

D E F

G

I

H

J

C

FIGURE 6

Differences of TME in two risk groups. (A) The differences in the proportions of 16 immune cells. (B) The differences of 13 immune-related pathways.
Correlation between risk score and ESTIMATE score (C), immune score (D), stromal score (E), and tumor purity (F) in two groups. (G) The annotation
of celltypes in GSE131907. (H) The expression of key T cell proliferation regulators in GSE131907. (I) The differences of TIDE score. (J) Response to
immunotherapy based on the TIDE algorithm. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
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the prognosis of lung cancer patients (28). However, it is frustrating

that only a small number of patients respond to immunotherapy

(29). How to improve the response of patients to immunotherapy is

pressing. T cell is the key factor that destroys tumors during

immunotherapy, and its infiltration degree reflects the type of

tumor- hot or cold (30), while the effect of immunotherapy is

poor for cold tumor due to lack of T cell infiltration (31). Increasing

the degree of T cell infiltration and improving the activity of T cells

contribute to improving the efficacy of immunotherapy.

In this study, we analyzed the characteristics of T cell

proliferation regulators in LUAD, including differences in

expression level, prognosis, and tumor microenvironment. The

prognostic model was constructed through four key T cell

proliferation regulators, which had the excellent ability to predict

the survival of LUAD patients and had been verified in the

GSE72094. GSEA showed that there were significant differences

in pathways between the two different subgroups. There were a

large number of cell proliferation and cancer-related pathways in

the high-risk group, which meant that the tumor cells in the high-

risk group proliferate actively, hence the prognosis was worse. In the

low-risk group, a large number of immune pathways were activated,

and rich infiltration of immune cells is beneficial to improve the

prognosis of patients. Finally, we further explored the role of ADA

in the progression of LUAD through cytological experiments.

The signature was composed of four T cell proliferation

regulators, including ADA, CD19, CDK1, and CYP27A1.

Adenosine is an important factor in regulating immune response,

and its metabolites can interfere with the proliferation and function

of T cells. ADA can control the immune response by regulating the

metabolism of adenosine (32). We found that ADA could affect the

proliferation, invasion, and migration of LUAD through the
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knockdown of ADA. Therefore, targeting ADA may be a new

target for the treatment of LUAD. CD19 is mainly expressed by B

cells. It participates in the signal transduction pathway of B cells and

mediates the killing of target cells by T cells. Previous experiments

have proved that CD19-specific CTL modified by genetic

engineering can effectively kill CD19+tumor lines (33). CDK1 is

necessary for cell cycle, which promotes the initiation of M phase in

mitosis. CDK1 in tumors is dysfunctional due to genetic changes.

Clinical trials targeting CDK1, the key enzyme in the process of

tumor proliferation, to induce cell cycle arrest are being carried

out extensively (34). CYP27A1 is the key enzyme for the synthesis

of 27-hydroxycholesterol. Macrophages treated with 27-

hydroxycholesterol significantly inhibit the expansion of T cells

and reduce the activity of their immune response (35). In addition,

inhibiting the expression of CYP27A1 can reduce the metastasis of

LUAD (36).

Our research also emphasized the key role of TME. The complex

components in the TME affect the occurrence, development, and

immune response of tumor. Regulating the components in the TME

andmodifying the immune function of the body is gradually becoming

a new breakthrough in the process of tumor treatment (37). We found

that the low-risk group had higher abundance of immune cells and

richer immune-related pathways, which means that the low-risk group

was in a state of immune activation and was conducive to improving

the prognosis of LUAD. In addition, the infiltration level of immune

cells reflects the efficacy of immunotherapy to a certain extent.

According to the TIDE algorithm, compared with the high-risk

group, the low-risk group had a better response to immunotherapy,

which provides a reliable basis for the clinical application of the TPR

signature. Chemotherapy, as a traditional treatment strategy, still plays

an important role in cancer. Therefore, we analyzed the sensitivity of
A B D

E F G H

C

FIGURE 7

Differences in sensitivity analysis of chemotherapy. (A) Cisplatin. (B) Docetaxel. (C) Doxorubicin. (D) Etoposide. (E) Gemcitabine. (F) Paclitaxel. (G)
Vinblastine. (H) Vinorelbine.
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LUAD patients to multiple chemotherapy drugs. Surprisingly, the

high-risk group patients were more sensitive to many

chemotherapeutic drugs. Several phase III clinical trials have

confirmed that immunotherapy combined with chemotherapy had

brought superior efficacy to NSCLC patients (38–41). In this research,
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patients in high-risk group were relatively insensitive to

immunotherapy, but more sensitive to chemotherapy. Based on this,

we speculate that if patients in the high-risk group take the treatment

plan of immunotherapy combined with chemotherapy, it may

significantly improve their prognosis. In a short, the above results
A B

D E
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C

FIGURE 8

Experimental validation of the role of ADA in LUAD cell lines. (A) The knocking down efficiency by specific siRNA against ADA was confirmed by western
blot. (B, C) The proliferation ability of PC9 and H1299 cells was measured by the CCK-8 assay after transfecting ADA siRNAs. PC9 and H1299 cell migration
assay (D, E) and invasion assay (F, G) were performed in control and siADA groups. *p < 0.05; **p < 0.01; ****p < 0.0001. nc: negative control.
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provide accurate treatment suggestions for different patients, and our

signature can accurately identify patients who are sensitive to different

treatment schemes, thus promoting personalized treatment and

reducing the burden of patients.

This study has some limitations. The transcriptome data used in

this study were all from public databases. It is necessary to conduct

transcriptome sequencing for LUAD patients in the real world to

further analyze and verify. In addition, the role of ADA in the

development of LUAD has only been preliminarily verified by some

in vitro experiments. Its role in vivo is not clear, but it is worth

further exploration.
Conclusion

We have constructed a reliable prognostic signature related to T

cell proliferation regulators, which can accurately predict the

response of patients to different treatment strategies. ADA

knockdown experiments showed that ADA can be a new target

for LUAD treatment.
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