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ABSTRACT

Objectives: The tumor microenvironment (TME) plays a critical role in tumor progression
and therapeutic response. We aimed to establish a TME-associated gene signature for lung
adenocarcinoma (LUAD) patients.

Materials and Methods: We comprehensively analyzed the gene expression data of 513
LUAD patients deriving from The Cancer Genome Atlas (TCGA) database. To estimate the
composition of TME, The Estimation of Stromal and Immune cells in malignant tumor tissue
using the expression data (ESTIMATE) algorithm was used. We then utilized protein-protein
interaction (PPI) analysis, modular analysis, least absolute shrinkage and selection operator
(LASSO), and COX regression to explore the related candidate genes with survival. Eventually,
a three-gene signature was constructed for risk stratification. Furthermore, we investigated
its predictive value in advanced LUAD patients who received chemotherapy alone or com-
bined with anti-PD-1 therapy.

Results: We identified three genes, namely CCR2, CD40LG, and CCL21, to construct a TME-as-
sociated risk stratification gene signature. This gene signature was independently linked to
patients’ overall survival (OS) among the TCGA dataset (HR, 1.99; 95% Cl:1.36-2.93, P < 0.001)
and GEO dataset (HR, 1.62; 95%Cl:1.19-2.20, P < 0.001). The addition of anti-PD-1 inhibitor
sintilimab to chemotherapy resulted in a significantly longer progression-free survival (PFS)
(HR, 0.33;95%CI:0.20-0.56, P < 0.001) and OS (HR, 0.56; 95%Cl:0.33-0.98, P=0.043) in low- risk
patients but not in those with high- risk (PFS: HR, 0.57; 95%Cl:0.24-1.31, P = 0.173; OS: HR,
0.66; 95% Cl:0.31-1.39, P=0.273). Moreover, in patients who received sintilimab combined
with chemotherapy, PFS (HR, 1.96;95%Cl:1.08-3.56, P=0.024) and OS (HR, 2.31;95% Cl:1.29-
4.14, P=0.004) were significantly longer in high-risk group than in low-risk group, whereas no
significant difference was found in chemotherapy alone.

Conclusions: This study generated a three-gene prognostic signature based on TME-as-
sociated core genes in patients with LUAD. This gene signature has a good value for prog-
nosis prediction. In addition, this signature was correlated with treatment outcomes among
patients treated with chemotherapy combined with anti-PD1 therapy.
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Introduction which comprises several immunocytes, growth fac-

Nowadays, lung cancer remains the primary
cause of cancer death, in which lung adenocarcino-
ma (LUAD) is the primary subtype [1]. Although the
tumor, node, and metastasis (TNM) classification
represents the fundamental nomenclature staging
system, it is still far from satisfying to reflect cancer
prognosis [2]. The tumor microenvironment (TME),

© 2025 The Author(s). Published by the University of Kansas Libraries.

tors, and cytokines, exerts a key role in tumor growth
[3-5]. It may provide important prognostic informa-
tion [6]. Thus, the incorporation of TME-associated
molecular biomarkers would be constructive.
Estimation of stromal and immune cells in ma-
lignant Tumor tissues using expression data (ESTI-
MATE) is an algorithm established to evaluate stro-
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mal and immune cell composition amongst TME
[7]. Previous studies have demonstrated an excellent
predictive value for this big-data-based algorithm in
assessing patients’ prognosis with malignant tumors
[8-12].

We utilized the gene expression data and corre-
sponding clinical profiles of 513 LUAD samples de-
rived from The Cancer Genome Atlas (TCGA) data-
base to explore TME-associated core genes, based on
the ESTIMATE algorithm. We generated a reliable
TME-associated three-gene signature with prognos-
tic value. Furthermore, this gene signature served as
an indicator to predict treatment benefit from the
addition of anti-PD-1 inhibitor therapy to standard
chemotherapy.

Materials and methods
Datasets

TCGA-LUAD dataset, comprising gene expres-
sions and clinical profiles, served as a training data
set. Kaplan-Meier (K-M) plot, an online search tool,
was used to validate the predictive value amongst
each gene in our gene signature. GSE68465, which
contained 442 LUAD samples was used as an external
validation dataset. In addition, 171 patients with avail-
able RNA-seq profiles derived from the ORIENT-11
clinical trial (ClinicalTrials.gov: NCT03607539) were
used to explore the potential predictive value of the
generated gene signature in patients treated with ei-
ther chemotherapy alone or in a combination of an-
ti-PD-1 inhibitor.

TME-associated gene determination stratified by
immune scores (IS) and stromal scores (SS)

The “estimate” R package was used to estimate the
IS, SS, and ESTIMATE scores (ES) for each case. ES
was calculated as IS plus SS. Patients were stratified
into low or high-score subgroups based on median
IS and SS. A subset of genes synchronously up-regu-
lated or down-regulated in the high IS/SS subgroup
were extracted, using package limma’ with thresh-
olds as fold change >2 and false discovery rate (FDR)
< 0.05. These genes were defined as TME-associated
genes. Gene biological functions were investigated by
Gene ontology (GO) term and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrichment
analyses, via R package ‘clusterProfiler; ‘enrichplot’
and ‘ggplot2’

PPI network and modular analysis for core gene
recognition

Candidate genes screened out above were sub-
jected to PPI network analysis, utilizing Search Tool
for the Retrieval of Interacting Genes (STRING,
https://string-db.org/) with confidence >0.4 as the
threshold. Isolated genes were removed. Then the re-
maining genes were visualized via Cytoscape software
(v. 3.7.2) Molecular Complex Detection (MCODE)
plug-in with the default parameters (degree cutoft =
2, node score cutoff = 0.2, k-core = 2, and max depth
= 100). MCODE score >10 was set as a threshold to
identify the most significant modules. Genes in these
models were deemed as core genes.

TME-associated gene prognostic signature
construction

We screened out genes with prognostic value for
overall survival (OS) using Cox regression through the
‘survival’ R package. For further narrowing down the
number of genes for final signature construction and
avoiding the overfitting problem, the least absolute
shrinkage and selection operator (LASSO) regression
was conducted via the ‘glmnet’ R package. Gene signa-
ture risk score was then calculated based on the final
selected genes and their corresponding coefficients,
as the following formula: Risk score=gene expression
Ixcoeflicient 1+ gene expression 2xcoefficient 2+---+
gene expression nxcoeflicient n. Receiver operating
characteristic (ROC) analysis (via ‘survivalROC’)
was performed to explore the optimal cut-off point,
which is represented by the Youden index (where
highest sensitivity+specificity—1) to stratify patients
into high or low-risk groups. K-M plot was used to
evaluate survival differences between each group.

Exploration of the potential relationship between
generated gene signature and immune indicators

Enrichment levels of 29 immune signatures (in-
cluding immune cells, immune-associated functions,
and pathways) were calculated for each LUAD sam-
ple through the single-sample Gene Set Enrichment
Analysis (ssGSEA) scores. We also extracted the
immune infiltrates data (including CD4+ T cells,
CD8+ T cells, B cells, neutrophils, dendritic cells, and
macrophages) of TCGA LUAD samples from Tu-
mor Immune Estimation Resource (TIMER, https://
cistrome.shinyapps.io/timer/) platform. Correlation
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analysis for risk score and these immune indicators
was generated through Spearman analysis.

Programmed death-ligand 1(PD-L1) detection
and RNA sequencing of tumor samples in the
ORIENT-11 study

PD-L1 tumor proportion scores (TPS) of base-
line tumor samples belonging to the ORIENT-11
study were determined by immunohistochemistry
using DAKO clone 22C3 pharmDx, as described be-
fore [13]. 171 qualified RNA samples were used for
[llumina sequencing via the NovaSeq 6000 system.
Raw counts were normalized with transcripts per
million (TPM) algorithms.

Statistical analysis

All statistical analyses were conducted by R pro-
gramming language v.3.6.1 and IBM SPSS v.23. Con-
tinuous variables were represented as mean + SD or
medians with interquartile ranges, while categorical
variables were represented as frequencies. For con-
tinuous variables, the Student-t-test or Wilcoxon
test was applied to test the differences. Correlation
analyses were performed using the Spearman rank
correlation test. Survival analysis was quantified us-
ing Kaplan-Meier and the difference was assessed by
Log-rank test. Univariate and multivariate regression
analyses were performed to evaluate the effects of
variables on survival. Two-sided P values < 0.05 were
considered statistically significant.

RESULTS

TME-associated gene identification based on the
ESTIMATE algorithm

Gene expression data of 513 LUAD patients were
retrieved from the TCGA database. Among these
patients, 504 patients with complete profiles were se-
lected for survival analysis. Patients” baseline charac-
teristics and demographic data are described in Table
1. K-M curves revealed that high SS (P = 0.021), high
IS (P =0.010), and high ES (P = 0.016) were correlat-
ed with better OS (Supplementary Figure S1). Female
patients had significantly higher IS, SS, and ES (P <
0.001) (Supplementary Figure S2C). Patients with
advanced TNM stage possessed lower IS (P < 0.01)
and ES (P < 0.01) (Supplementary Figure S2D). There
were no significant differences in these three scores
among patients under 60 years old and over 60 years
old (P > 0.05) (Supplementary Figure S2B). Accord-
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ing to median scores, we divided patients into high
or low IS/SS subgroups. We then compared different
expression genes between groups. As to SS, 640 genes
were up-regulated and 114 down-regulated in the
high-score group. In the case of IS, 690 genes were
up-regulated, and 141 genes were down-regulated
in the high-score group (Figure 1A). Venn diagrams
(Figure 1B) demonstrated that 338 intersection genes
were synchronously upregulated in the high IS/SS
group, whereas 58 were synchronously down-regu-
lated. Our subsequent analysis was focused on these
396 overlapped genes. Expression patterns were
shown as a heatmap (Supplementary Figure S2A), in
ascending order by ESTIMATE scores. Colors rang-
ing from blue to red represented the low to high gene
expression levels.

GO and KEGG analyses were performed to illu-
minate biological functions for the 396 intersection
genes. Figure 1C showed that these genes were main-
ly enriched in immune cell activation and cytokine
activation. The top KEGG enrichment pathways were
“hematopoietic cell lineage”, “cytokine-cytokine re-
ceptor interaction” and “viral protein interaction
with cytokine and cytokine receptor” (Figure 1D).

PPl network and MCODE module analysis

396 genes screened out above were subjected to
PPI analysis. 54 isolated genes without interaction
were removed (Supplementary Figure S3). Next,
module analysis was performed for the remaining
342 genes. After network parsing through the Cy-
toscape MCODE plug-in, three significant modules
with MCODE score >10 were identified, as shown in
Figure 2: Module 1; 28 genes with 378 edges; Module
2; 32 genes with 339 edges; Module 3; 39 genes with
276 edges. Therefore, we hypothesized that these total
99 prominent genes might exert relatively significant
roles in the LUAD microenvironment.

Screen out prognostic genes and construct a
three-gene prognostic signature

99 selected genes were included in the univariate
Cox model, and 46 genes were identified to be asso-
ciated with OS (Figure 3A). After performing LAS-
SO regression analysis of these 46 genes, we finally
identified three genes CCR2, CD40LG, and CCL21Ito
establish a three-gene prognostic signature (Figure
3B-3C). The prognostic value of CCR2, CD40LG, and
CCL21 was validated individually through the K-M
plotter Online Tool, which contained 719 LUAD
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Table 1. Clinicopathological characteristics of LUAD training and validation sets

Characteristics TCG&E?&Z?‘% set GSE 68465 validation set (n = 442)
Age

<60 157 (31.2%) 147 (33.3%)
>60 347 (68.8%) 295 (66.7%)
Gender

Male 234 (46.4%) 223 (50.5%)
Female 270 (53.6%) 219 (49.5%)
Race

White 388 (77.0%) 294 (66.5%)
Black 52(10.3%) 12 (2.7%)
Asia 7(1.4%) 6 (1.4%)
NA 57(11.3%) 130 (29.4%)
Smoke

Never 71 (14.1%) 51 (11.5%)
Ever 419 (83.1%) 300 (67.9%)
NA 14 (2.8%) 91 (20.6%)
Stromal Score 151.9 (-340.1-670.4)

Immune Score 1525.8 (937.7-2094.0)

Estimate Score 1724.4 (741.8-2697.3)

T stage

Tl 168 (33.3%) 150 (33.9%)
T2 272 (54.0%) 253 (57.3%)
T3 45 (8.9%) 28 (6.3%)
T4 19 (3.8%) 11 (2.5%)
N stage

NO 337 (66.9%) 302 (68.3%)
N1 94 (18.7%) 87 (19.7%)
N2 71 (14.0%) 53 (12.0%)
N3 2 (0.4%) 0 (0%)
M stage

MO 478 (94.8%) 434 (98.2%)
Ml 26 (5.2%) 8 (1.8%)
TNM stage

I 271 (53.8%) 115 (26.0%)
I 125 (24.8%) 257(58.2%)
11 82 (16.3%) 62(14.0%)
v 26 (5.1%) 8 (1.8%)

TCGA, the cancer genome atlas; GEO, gene expression omnibus
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Figure 1: Identification of TME-associated genes based on immune/stromal scores and functional analy-
sis. (A) Volcano plot of differentially expressed TME-associated genes in low versus high immune score/stromal
score groups. Significantly differently expressed genes are shown in red (high expression) and green (low ex-
pression). (B) Venn diagram analysis of intersection genes based on immune and stromal scores (338 up- and
58 down-regulated genes). (C) The top 30 significantly enriched GO terms of intersection genes. (D) TOP KEGG
pathways of intersection genes.
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samples in total with microarray gene chip expres-
sion data. As shown in Figure 4A, high expression of
CCR2 and CD40LG conferred an improved progno-
sis, while increased expression of CCL21 conferred
a poor prognosis. Risk scores for all cases were then
estimated using these genes and their corresponding
COX coefficients using the formula below:

Risk score= -0.289*CCR2-0.323*CD40LG+0.001*CCL21.

As shown in Supplementary Figure S4, a higher
risk score was demonstrated in patients with higher
TNM stage (P < 0.001) and younger age (P < 0.01).
Female patients tended to possess lower risk scores
(P < 0.001).

According to ROC curves, -2.56 was determined
as the optimal cut-off point for “risk score” to strati-
ty patients into high or low-risk subgroups (Supple-
mentary Figure S5). Patients in the high-risk group
had significantly shorter OS time than those in the
low-risk group, as shown in K-M curves (P < 0.001)
(Figure 4B). We further ranked the risk scores of pa-
tients and analyzed their distributions (Figure 4C).
The survival status was marked as a dot plot (Figure
4D). Furthermore, after taking clinical parameters
into account, univariate and multivariate analyses
were performed to explore the effect of risk score on
OS. As summarized in Table 2, the risk score was sig-
nificantly associated with OS (HR, 2.29;95%CI:1.56-
3.36, P < 0.001) in the univariate analysis. After ad-
justing with T, N, and M tumor stage, in multivariate
analysis, risk score remained as a significant prognos-
tic factor (HR, 1.99; 95%CI:1.36-2.93, P < 0.001).

Correlation of the three-gene signature and
immune indicators

The overall immunological status of each sample
was assessed using the ssGSEA approach, through
evaluating the expression profiles of 29 immunologi-
cal signature gene sets provided by He and colleagues
[14, 15]. Samples were ranked in ascending order ac-
cording to risk score, as colors ranging from blue to
red represent the low to high score levels. Heatmap
showed that 29 ssGSEA scores were disparate in pa-
tients with high or low-risk scores (Figure 5A). The
risk score was negatively associated with all 29 im-
mune-associated signatures. Corresponding correla-
tion coefficients and P-values are shown in Supple-
mentary Table S1.

The “Dift Exp module” of the TIMER database
showed that CCR2, CD40LG, and CCL21 were dif-
ferentially expressed between LUAD and normal
tissues (P < 0.001) (Supplementary Figure S6). Then,
we further confirmed the correlations between our
generated signature and the infiltration of immune
cells by analyzing LUAD data downloaded from this
database. As shown in Supplementary Figure S7, risk
score was highly negatively correlated with B-cells (r
= 0.433, P < 0.001), CD8+ T cells (r = =0.570, P <
0.001), CD4+ T cells (r = -0.631, P< 0.001), dendritic
cells (r = —0.727, P < 0.001) macrophages (r = —0.458,
P < 0.001) and neutrophils (r = —0.624, P < 0.001).

Validation of the predictive value of the gener-
ated signature in independent cohorts

Clinical and pathological characteristics of the
validation cohort GSE68465 are shown in Table
1. Consistent with the training set, high-risk pa-
tients possessed poorer prognoses compared with
the low-risk (P < 0.001) (Figure 4E-4G). Univariate
analysis showed that the high-risk score was related
to poor prognosis (HR, 1.83;95%CI:1.35-2.47, P <
0.001) (Table 2). Multivariate COX analysis further
confirmed risk score to be a significantly indepen-
dent prognostic factor (HR, 1.62;95%CI:1.19-2.20,
P <0.001) (Table 2). Additionally, the risk score was
negatively related to several infiltrated immunocytes
and immune activation (Figure 5B, Supplementary
Table S1). Thus, the stability of the TME -TME-asso-
ciated signature was further confirmed.

The three-gene signature was applicable to pre-
dict treatment outcomes for patients receiving
siltuximab combined with chemotherapy.
Following quality control, 171 samples from par-
ticipants in the ORIENT-11 study were suitable for
RNA sequencing. 58 patients were treated with stan-
dard chemotherapy plus placebo, while the remain-
ing 113 patients received chemotherapy combined
with PD-1 inhibitor sintilimab. We calculated the risk
score for each patient and classified them into high
or low-risk subgroups, according to the calculating
formula and threshold described above. Consistent
with the result in the TCGA and GSE68465 cohort,
in the ORIENT-11 cohort, the risk score was associ-
ated with the 29 immune signatures (Figure 6C, Sup-
plementary Table S1). In addition, low-risk group pa-
tients implied a higher PD-L1 positivity rate (= 1%)



Table 2. Cox regression analysis of risk score and clinical parameters for OS in training and validation cohorts
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Variables Univariate Multivariate
HR (95%CI) p HR (95%CI) p
Training Set
Age
(>60 vs. <60) 1.11 (0.81-1.53) 0.510
Gender
(aszeetle v ills) 0.94 (0.70-1.26) 0.688
Smoke 0.89 (0.59-1.34) 0.568
(yes vs. no)
Race
1.41 (0.86-2.31 .1

(white vs. others) (OS2 0517
T stage
(T3-4 vs T1-2) 2.34 (1.60-3.41) <0.001 1.74 (1.15-2.62) 0.009
N i . 2.55(1.91-3.43) <0.001 2.10 (1.49-2.97) <0.001
(positive vs negative)
M .. . 2.27 (1.36-3.80) 0.002 1.60 (0.89-2.87) 0.114
(positive vs negative)
TNM stage 1.67 (1.45-1.91) <0.001 1.24 (0.80-1.91) 0.337
(per stage)
Risk Score 2.29 (1.56-3.36) <0.001 1.99 (1.36-2.93) <0.001
(high vs low)
Validation Set
Age 1.71 (1.28-2.30) <0.001 1.03 (1.01-1.04) <0.001
(>60 vs < 60)
Gender 0.72 (0.55-0.93) 0.013 0.85 (0.65-1.10) 0.213
(female vs male) ’ ’ ’ ’ ’ ’ ’ :
Smoking 1.06 (0.92-1.21) 0.401
(yes vs no)
Race
(oot s ailies) 1.54 (0.75-3.14) 0.236
T stage
(T3-4 vs T1-2) 2.78 (1.92-4.03) <0.001 1.69 (1.12-2.56) 0.012
Lymphatic metastasis (positive vs negative) 2.77 (2.14-3.59) <0.001 2.05(1.48-2.84) <0.001
Di .

stant metastasis 2.67 (1.25-5.67) 0.011 0.65 (0.26-1.66) 0.368
(positive vs negative)
TNM

NM stage 2.15 (1.80-2.57) <0.001 1.61 (1.20-2.15) 0.001
(per stage)
Risk Score 1.83 (1.35-2.47) <0.001 1.62 (1.19-2.20) 0.002
(high vs low)

HR, hazard ratio; Cl, confidence interval.



MH

I \
!H” \W

W HM“IH[W h} Eh :

W\WW ] i

u Wq[VHH H“" I E%*Q |

—~‘:=__.=_——

” AT 1"
T

l\,J,

e TR uwuu‘“y T it |, =
M”M)W ‘J“ {! ." — & J}»’ '“;M -
I i it i > =
IM [‘ [ ’H ‘ ME 1 W :‘ﬂ\ ‘| 1 | (l“{ | lmm
)‘ ’H| i ” == * | , " | I 4 | |
* o ; | | I WA
C
Y ij'
I {| |1 “ | i) |

:_co_inhibition

B ol H M il

“'I.':"'(w]:*“”}L 'M”m.";w
\| 1t =
| IIW I =

| 'AHM”\" | :II\II(I [Mm e
Eﬂ\”“'lﬂ"“ M |”|1ﬂ -

Figure 5: Correlation of the three-gene risk signature and immune status. Heatmap showed h f k scores,
and immune status analyzed by ssGSEA in TCGA dataset (A), GEO validation dataset (B), a d O I d set (C).

Samples are ranked in ascending order according to the risk score. Colors ranging from blue d rep ted h I ow to high
sssssssssssss

Hﬁfﬂ‘ﬁﬁﬁ



SERICAN JOURNAL OF MEDICINE 11

B C =k Chemo = Combo

= Chemo = Combo

1.00 1.00

100 —

°

o
o
3

2 2

o 2

© ©

£Q 050 £ 050

o °

[ [
75— Q. Q.

[ [

w w

o o2 o o025

HR=0.33 (0.20-0.56) HR=0.57(0.24 - 1.31)

P<0.001 P=0173
z 0.00 000
g 50 —| 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 o 1 2 3 4 5 6 7 8 9 10
g Time (months) Time (months)
D = Low_Risk = High_Risk E ~ Low_Risk <= High_Risk
25— 1.00 1.00
0.75- 0.75:
£ z
= =
] 8
0— Q 050 2 050
o o
<) [
Q Q
[ I o %)
. . . w
High_Risk Low_Risk O oz Q oz
. HR=1.96 (1.08-3.56) HR=1.30 (0.61-2.78)
. PD-L1 positive P=0.024 P=0.492
0.00 0.00
. PD-L1 negative 5 1 2 3 4 5 6 7 8 5 fo1 21 14 6 1 2 3 4 5 6 7 & 8§ 1w
Time (months)

Time (months)

=k Chemo = Combo k- Chemo = Combo
100 1.00
075 0.75;
=
= =
2 3
Qo
© < o
3 0.50 E 0.50
o a
a (%]
(%} ¢}
O o2s 025
HR=0.56 (0.33-0.98) HR=0.66 (0.31-1.39)
P=0.043 P=0.273
0.00 0.00:
0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 32 34 36 38 40 0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
Time(months) Time(months)
H =k~ Low_Risk = High_Risk I = Low_Risk = High_Risk
1.00: 1.00:
075 0.75;
2 2
3 3
8 0.50 3 0.50:
<) [
a s
(7] (%]
o 025 o 0.25;
HR=2.31(1.29-4.14) HR=1.83 (0.90-3.74)
P=0.004 P=0.091
0.00 0.00:
02 46 5101214_161&202224252!303234363840 0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
Time(months) Time(months)
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compared with those in the high-risk group (75.4%
vs. 56.1%, P = 0.029) (Figure 6A). As shown in Fig-
ure 6B-6F, low-risk group patients showed PFS (HR
= 0.33; 95% CI:0.20-0.56, P < 0.001) and OS (HR,
0.56;95% CI:0.33-0.98, P = 0.043) benefit from com-
bination therapy compared to chemotherapy alone,
while in patients with high risk, no benefit was ob-
served (PES: HR, 0.57; 95%CI:0.24-1.31, P = 0.173;
OS: HR, 0.66; 95%CI:0.31-1.39, P = 0.273) (Fig-
ure 6C-6G). Furthermore, in patients who received
combination therapy, the high-risk group possessed
shorter PFS (HR, 1.96; 95% CI:1.08-3.55, P = 0.024)
and OS (HR, 2.31;95%CI:1.29-4.14, P = 0.004) com-
pared to the low-risk group (Figure 6D-6H). How-
ever, in patients treated with chemotherapy alone,
no significant difference was seen between high and
low-risk groups (PFS: HR, 1.30; 95% CI:0.61-2.78, P
= 0.492; OS: HR, 1.83; 95%CI:0.90-3.74, P = 0.091)
(Figure 6E-6I).

Discussion

TME is involved in the development, progres-
sion, and relapse of several malignant tumors [5]. As
significant components of TME, immune cells, and
stromal cells are commonly detected by immunohis-
tochemistry and flow cytometry [16]. However, the
utility of both immunohistochemistry and flow cy-
tometry is restricted by the limited number of mark-
ers for evaluating diverse immune cells simultane-
ously [17]. Alternatively, the estimation of immune
or stromal cells in the TME using gene expression
represents a rational option [7, 18, 19]. Accumulat-
ing evidence has demonstrated the prognosis value of
ESTIMATE algorithm-based scores in malignancies,
although contradicting conclusions have been drawn
into consideration as favorable or unfavorable factors
(8, 20].

The present study aimed to construct a prognos-
tic gene signature for patients with LUAD. First, we
used the ESTIMATE algorithm to assess the compo-
sition of TME in LUAD tumor tissue. Results indi-
cated that high SS, IS, and ES scores conferred longer
OS. In addition, these scores were associated with
multiple clinicopathological features such as gender
and TNM stage. Second, we identified intersected
genes that were expressed differentially between high
and low IS/SS groups, considering these genes were
most highly conserved. Functional analysis indicated
that these genes were significantly enriched in im-
mune-related processes. Through PPI and module
analysis, we further selected the core candidate genes

that could better represent TME. After performing
COX regression and LASSO regression, a TME-as-
sociated signature containing three genes was finally
generated, which showed a good prognostic value for
survival in patients with LUAD. Furthermore, this
gene signature displayed predictive value for treat-
ment outcomes in advanced LUAD patients who re-
ceived a combination of chemotherapy with an an-
ti-PD-1 inhibitor.

Our three-gene signature included three genes,
CCR2, the primary cytokine receptor responsible
for monocyte trafficking expressed in monocytes
and liver macrophages. A recent report showed that
this gene is associated with inflammatory activation
and tumor environment. However whether it has a
pro-tumoral or antitumoral function remained un-
clear [21, 22]. CD40LG encoded CD40 ligand, found
in the surface of immune cells, is primarily expressed
by activated CD4+ T cells [23]. In addition, CD40LG
mediates several essential functions in the regula-
tion of cellular and humoral immunity [24]. Much
of the works of literature on CD40LG were focused
on its association with several autoimmune diseases
including systemic lupus erythematosus and rheu-
matoid arthritis [23, 25, 26]. However, the relation-
ship between CD40LG and tumors has been rarely
reported. CCL21 seemed to assume double roles in
tumorigenesis and development. Vitro experiments
found that overexpression of CCL21 suppressed tum-
origenesis [27, 28]. It also plays an important role in
immune tolerance and downregulation of inflamma-
tory responses [29, 30]. This explained why CCL21
exhibited low expression in tumor tissue compared
with normal tissue. Nevertheless, our study showed
that high CCL21 was associated with a worse progno-
sis in LUAD patients. This may be because immune
tolerance generally means immune response down-
regulation. Higher CCL21 signifies a relatively low
anti-tumor immune response. Hence, LUAD patients
with high CCL2I may be more likely to develop re-
currence after operation and less likely to respond to
immunotherapy, thus worse prognosis would be ob-
tained.

Immunotherapy, especially immune checkpoint
inhibitors (ICIs) therapy, has marked a revolution
in lung cancer treatment [31, 32]. The so-called im-
mune phenotypes, which were classified based on
TME, have attracted wide attention for their associa-
tion with treatment response to ICIs [33, 34]. Tumors
with a higher degree of immune infiltrate, particular-
ly tumor-infiltrating lymphocytes (TILs), are known



as the “hot tumors” which are thought to respond
better to ICIs therapy, whereas tumors with a lower
level of immune infiltrate are referred to as “non-in-
flamed” or “cool tumors”, which are characterized to
be less efficacious to ICIs therapy. As indicated in our
study, our constructed three-gene signature was asso-
ciated with several immune indicators. Patients in the
high-risk group tended to have less tumor-infiltrating
immune cells and less active inflammatory response.
Thus, we considered this signature might serve as a
promising biomarker for guiding the application of
immunotherapy. Hence, we made preliminary ex-
plorations of its potential in predicting the outcomes
of LUAD checkpoint inhibitor therapy, based on 171
available RNA-seq profiles derived from the ORI-
ENT-11 study cohort. Results further validated its
association with immune indicators, such as 29 im-
mune signatures calculated by ssGSEA as well as PD-
L1. As we know, effective biomarkers for identifying
the most beneficiary population to receive immune
checkpoint inhibitor therapy combined with chemo-
therapy are still lacking [35]. Our current study indi-
cated that only patients in the low-risk group, but not
those in the high-risk group, gained benefit from the
addition of anti-PD-1 to chemotherapy. Moreover,
this signature was able to predict PFS and OS in the
combination therapy subgroup population, but not in
the chemotherapy alone subgroup population. These
results suggested the potential of this three-gene sig-
nature in distinguishing appropriate candidates to
adopt additional immune checkpoint inhibitors to
standard chemotherapy.

Currently, Cox regression remains the most pop-
ular approach in establishing prognostic models,
which plays an important role in guiding clinical de-
cision-making [36, 37]. The preliminary attempts at
artificial intelligence like random forest, neural net-
works have gradually been made [38, 39]. However,
they act like black boxes with inscrutable inner struc-
tures, which lead to obscure clinical interpretability
(40, 41]. In our current study, COX regression act-
ed as a basis in model construction, which was easy
to interpret and apply to clinical scenarios. To avoid
overfitting, LASSO regression was utilized [42]. This
model performed well in both the training set and the
validation set. Hence, we consider that our model is
rational.

Our present study has some limitations. Firstly,
this study was retrospective, clinical characteristics
of the included samples, especially those derived
from publicly available datasets were not compre-
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hensive, which might cause some bias. Secondly, var-
ious TME-associated signatures have been reported
in published literature [43-45]. The model discrep-
ancy may mainly be due to different approaches in
constructing models. Due to the lack of space, it is
unrealistic to comprehensively assess them. Large re-
al-world clinical datasets or system assessments like
meta-analysis may be feasible ways to address it.

Conclusions

The present study performed a comprehensive
analysis of gene expression profiles in patients with
LUAD, based on ESTIMATE algorithm-based scores.
We established a TME-associated signature contain-
ing three genes that could stratify patients with differ-
ent survival outcomes. This signature demonstrated a
close association with multiple immune indicators. It
also displayed promising potential to be a biomarker
for predicting anti-PD1 therapy benefits. The under-
lying molecular mechanism warranted further inves-
tigation to gain additional insight.
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