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ABSTRACT

Background: Neoadjuvant chemoimmunotherapy has achieved high downstaging and pathologic response rates in nonsmall-
cell lung cancer (NSCLC), but outcomes vary significantly. Early identification of beneficiaries remains a challenge.

Methods: This study analyzed baseline transcriptomic data from 24 NSCLC patients (9 major pathological response [MPR], 15
nonmajor pathological response [NMPR]) treated with neoadjuvant chemoimmunotherapy, sourced from the GEO database.
Molecular analyses and immune infiltration analyses were performed using pathologic response as an endpoint. After identi-
fying the interferon signaling subset NeoIGS, we analyzed the relationship between NeoIGS and immune scores, immune cell
infiltration, and immunotherapy efficacy. A key gene in NeoIGS was screened by reveiver operating characteristic curve (ROC)
analysis. Subsequently, the expression of the key gene was assessed by immunohistochemistry in 53 NSCLC patients receiving
neoadjuvant chemoimmunotherapy.

Results: Interferon signaling pathway expression and CD8+ T-cell infiltration were higher in the MPR group. NeoIGS predicted
pathological response to neoadjuvant chemoimmunotherapy (AUC =0.926) and also demonstrated predictive value in the ICIs
monotherapy cohort. IPS and TIDE scores also confirmed NeoIGS's association with immunotherapy in the TCGA NSCLC data-
set. Furthermore, patients with higher NeoIGS scores had more immune cell infiltration and increased expression of ICI targets.
ROC analysis identified ATF3 as NeolGS's key gene. In the clinical cohort, ATF3 outperformed PD-L1 in predicting pathologic
response, with a 90.0% MPR rate in the high-expression group.

Conclusion: We established that a subset of interferon signaling pathways, NeoIGS, is closely associated with immunotherapy.
Among them, ATF3 is the most critical gene that accurately predicts pathological remission in neoadjuvant chemoimmunotherapy.
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1 | Introduction

Lung cancer is the leading cause of cancer morbidity and mor-
tality, resulting in a heavy social burden and significant eco-
nomic losses [1]. Nonsmall-cell lung cancer (NSCLC) is the
most common type of lung cancer, accounting for 85% of all
cases [2]. Despite significant advances in cancer treatment,
the clinical outcome of NSCLC remains far from satisfactory
[2, 3]. Recently, immune checkpoint inhibitors (ICIs) have
shown promising efficacy in patients with NSCLC, improving
clinical prognosis and inducing durable remissions, especially
in patients with good response [4-6]. Studies have shown that
ICIs can be safely and effectively used in combination with cy-
totoxic chemotherapy, making combination therapy the stan-
dard of therapy for most NSCLC patients [7]. However, it is
undeniable that even with the use of chemotherapy combined
with immunotherapy, a large proportion of patients still do
not achieve good clinical outcomes, especially in neoadjuvant
therapy [8, 9].

Biomarkers such as PD-L1 expression and tumor mutational
load (TMB) have been widely used to predict the effectiveness
of anti-PD-1/PD-L1 therapy. High PD-L1 expression is generally
associated with better outcomes in patients receiving anti-PD-1
monotherapy [10, 11]. In addition, numerous clinical trials have
shown that patients exhibiting high TMB derive greater thera-
peutic benefit from anti-PD-1/PD-L1 immunotherapy compared
to conventional chemotherapy [12-14]. However, a growing
number of clinical trials have shown that neither PD-L1 expres-
sion nor TMB levels are effective predictors of the efficacy of
chemotherapy in combination with ICIs [15-18]. Therefore, it is
imperative to identify biomarkers that can predict the efficacy of
chemoimmunotherapy.

Currently, a substantial body of research exploring predictive
biomarkers for immunotherapy efficacy primarily employs
assessments based on CT imaging as indicators of short-term
treatment outcomes. Nevertheless, this methodology may be
considered unreliable owing to the potential incidence of pseu-
doprogression as a result of immunotherapy [19]. In contrast,
the assessment of pathological responses in resected specimens
offers a more objective metric for determining therapeutic ef-
ficacy. Moreover, studies have shown a significant correlation
between increased pathological response and improved sur-
vival outcomes in patients with resectable NSCLC following
neoadjuvant chemoimmunotherapy [20, 21]. Therefore, this
study selects pathological response as a treatment outcome to
more accurately explore predictive biomarkers for the efficacy of
chemoimmunotherapy.

In this study, we retrospectively analyzed pretreatment tran-
scriptomic profiles of patients receiving neoadjuvant chemo-
immunotherapy to identify expression signatures associated
with pathologic response. We developed interferon signaling-
related features, termed NeolGS, to predict treatment efficacy
in NSCLC patients. Comprehensive evaluations were performed
to explore interrelationships among immune scores, immune
cell infiltration, and NeolIGS. In addition, we identified the
most predictive genes using subject receiver operating charac-
teristic (ROC) curve analysis. To corroborate these findings,

pretreatment biopsy samples from 53 patients undergoing neo-
adjuvant chemoimmunotherapy were analyzed. Protein expres-
sion, pathologic response, and prognosis were further assessed
using immunohistochemical staining.

2 | Materials and Methods
2.1 | Data Collection

To investigate tumor characteristics related to the pathological
response to chemotherapy combined with immunotherapy, we
downloaded the transcriptomic dataset GSE207422 (24 sam-
ples) from the GEO database (http://www.ncbi.nlm.nih.gov/
geo/) consisting of pretreatment samples from patients receiv-
ing neoadjuvant chemoimmunotherapy. All clinical informa-
tion, treatment regimens, and outcomes were obtained from
the corresponding publications [22]. All patients received
2-4cycles of PD-1 antibody plus platinum-based chemother-
apy. Among them, 9 patients achieved a major pathological
response (MPR), while 15 showed a nonmajor pathological
response (NMPR).

Additionally, to explore the ability of gene signatures in
predicting immunotherapy efficacy and prognosis, we
downloaded NSCLC datasets of patients treated with ICIs
monotherapy from the GEO database, including GSE135222
(27 samples) and GSE126044 (16 samples). We used the
ComBat function from the sva R package to remove batch ef-
fects [23], as the treatment methods and study endpoints in the
two datasets were consistent, combining them into a larger
Immune Monotherapy Cohort for further analysis, referred
to as Immune Monotherapy Cohort in the following text. Of
these, 13 patients acquired durable clinical benefit (DCB, re-
sponder) while 30 patients acquired nondurable benefit (NDB,
nonresponder).

To explore the potential mechanisms underlying gene signature-
based predictions of immunotherapy, the transcriptomic and
clinical data of NSCLC patients from TCGA-LUAD and TCGA-
LUSC were downloaded from the Genome Data Commons
(GDC) data portal (https://portal.gdc.cancer.gov), forming the
TCGA-NSCLC cohort (929 samples).

2.2 | Clinical Sample Collection at Our Institution

To validate our results, we retrospectively collected formalin-
fixed paraffin-embedded (FFPE) tissue samples from 53 early-
stage NSCLC patients who received 2-6cycles of neoadjuvant
chemoimmunotherapy at Daping Hospital, China, between
August 2017 and June 2024. Primary tumor samples from the
lungs and lymph nodes were staged according to the 8th edition
of the American Joint Committee on Cancer (AJCC) TNM stag-
ing system. Tumor response was assessed using the Response
Evaluation Criteria in Solid Tumors version 1.1 (RECIST 1.1).
Tumors with 0% viable cells were classified as having a patho-
logical complete response (pCR), and those with <10% viable
cells were classified as having a major pathological response
(MPR) [24]. The clinical characteristics, radiologic responses,
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TABLE1 | Clinical characteristics of 53 NSCLC patients.

Characteristics ALL (n=53) ATF3 high (n=30) ATF3 low (n=23) P
Age [mean (SD)] 61.6 (7.6) 60.8 (8.6) 62.6 (6.0) 0.405
Sex (%)
Female 6 (11.3) 4(13.3) 2(8.7) 0.928
Male 47 (88.7) 26 (86.7) 21 (91.3)
Smoking (%)
Never 11 (20.8) 6(20.0) 5(21.7) 1
Former or current 42 (79.2) 24 (80.0) 18 (78.3)
Pathology (%)
Adeno 15 (28.3) 7(23.3) 8 (34.8) 0.542
Squamous 38 (71.7) 23(76.7) 15(65.2)
Stage (%)
I 4(7.5) 3(10.0) 1(4.3) 0.682
I 12 (22.6) 6 (20.0) 6 (26.1)
111 37 (69.8) 21 (70.0) 16 (69.6)
Treatment cycles (%)
<2 31 (58.5) 20 (66.7) 11 (47.8) 0.272
>2 22 (41.5) 10 (33.3) 12(52.2)
PD1 antibody (%)
Nivolumab 4(7.5) 3(10.0) 1(4.3) 0.095
Pembrolizumab 6 (11.3) 1(3.3) 5(21.7)
Tislelizumab 43 (81.1) 26 (86.7) 17 (73.9)
Chemotherapy (%)
Docetaxel+platinum drug 3(5.7) 1(3.3) 2(8.7) 0.501
Paclitaxel+platinum drug 35(66.0) 22(73.3) 13 (56.5)
Pemetrexed+platinum drug 15(28.3) 7 (23.3) 8 (34.7)
BOR (%)
CR 2(3.8) 1(3.3) 1(4.3) 0.296
PR 40 (75.5) 25(83.3) 15 (65.2)
SD 11 (20.8) 4(13.3) 7(30.4)

Abbreviations: BOR, best overall response; PD, progressive disease; PR, partial response; SD, stable disease.

treatment regimens, and outcome data of the patients are sum-
marized in Table 1.

2.3 | Differential Gene Expression Analysis

RNA-seq data were normalized using the “limma” package in
R software. Differentially expressed genes (DEGs) were identi-
fied through the application of the DESeq2 package [25]. Genes
exhibiting an adjusted p-value of less than 0.05 and an absolute
log2 fold change (FC) greater than 2 between MPR and NMPR
patient groups were classified as DEGs.

2.4 | Functional Enrichment Analysis

Gene Set Enrichment Analysis (GSEA) [26], a widely used algo-
rithm to identify statistically enriched pathways in ranked gene
lists, was conducted using the R package clusterProfiler [27]. The
normalized enrichment score (NES) was employed to evaluate
the extent of gene set enrichment. In this investigation, a positive
NES signifies that the gene set is enriched in MPR/DCB patients,
whereas a negative NES denotes enrichment in NMPR/NDB pa-
tients. The gene set utilized for functional enrichment analysis
was sourced from the Molecular Signature Database (MSigDB,
www.broadinstitute.org/msigdb) [28].
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2.5 | Immune Infiltration Analysis

CIBERSORT is a widely used tool for deconvolution of the ex-
pression matrix of immune cells based on linear support vector
regression that quantifies the proportion of infiltrating immune
cells by marker gene expression [29]. In our study, we used
CIBERSORT to combine the expression of marker genes from 22
immune cells with transcriptomic data from all TCGA-NSCLC
patients to determine values for the distribution of tumor-
infiltrating lymphocytes. The ESTIMATE R software package
uses gene expression profiles to predict stromal and immune cell
scores and is also used to calculate the number of these two cell
types that allowed us to analyze TCGA-NSCLC purity [30]. In
addition, in this study, xCell was used to estimate the abundance
of immune cell infiltration in different populations [31].

2.6 | Immunotherapy Response Prediction
and Validation

The tumor immune dysfunction and exclusion (TIDE) algorithm
is an efficacy prediction tool developed based on TIDE charac-
teristics, which has been validated to efficiently predict thera-
peutic response to anti-PD-1/CTLA-4 ICIs in melanoma patients
[32]. In this study, the TIDE score, T-cell dysfunction score, and
T-cell rejection score of TCGA-NSCLC were downloaded from
the TIDE Database (http://tide.dfci.harvard.edu/). Patients with
a TIDE score >0 were categorized as immunotherapy nonre-
sponders according to established thresholds, whereas patients
with a score <0 were defined as potential responders. The im-
munophenotype score (IPS) has been shown to be a good predic-
tor of immunotherapy sensitivity and measures overall tumor
immunogenicity, with higher IPS scores indicating greater sen-
sitivity to immunotherapy [33]. The IPS scores of TCGA NSCLC
patients were obtained from TheCancerlmmumome Atlas data-
base (TCIA, https://tcia.at/).

2.7 | Immunohistochemistry (IHC)

The expression of ATF3 and PD-L1 proteins in tumor tissues
collected at baseline was assessed through a standardized THC
protocol. Slides were deparaffinized, rehydrated, and antigen
retrieved, followed by staining with either the ATF3 antibody
(catalog no. HPA001562) or the PD-L1 antibody (catalog no.
PTM-5075). The bound HRP antibody was detected using the
DAB solution (Cat# DA1010, Solarbio Life Science). Slides were
counterstained with hematoxylin and bluing reagent. The quan-
tification of ATF3 protein expression was performed by ana-
lyzing staining intensity (0-3) and tumor cell area percentage
(0%-100%) to calculate an THC score (0%-300%). Scores below
150% indicated low expression, while scores above 150% indi-
cated high expression, as previously defined [34]. The PD-L1
protein expression level was categorized according to the tumor
proportion score (TPS, the percentage of tumor cells with mem-
branous PD-L1 staining). A TPS score of > 50% indicated a high
expression group, while < 50% indicated a low expression group.
All the immunostaining results were examined and assessed
independently on the collected patient samples by two patholo-
gists who were blinded to the clinical characteristics and clinical
outcomes of the patients.

2.8 | Statistical Analysis

Statistical analyses were performed using R software (ver-
sion 4.4.0). Associations between clinicopathological data and
molecular characteristics were examined using the x? test for
categorical variables, while the Wilcoxon rank-sum test was
used for continuous variables exhibiting nonparametric distri-
butions. Survival analyses for progression-free survival (PFS)
and disease-free survival (DFS) were performed using Kaplan-
Meier estimation combined with the log-rank test. The predic-
tive value of quantitative indicators of candidate gene expression
was assessed using subject ROC curves, and the area under the
ROC curve (AUC) was used as an indicator for comparing the
strengths and weaknesses of the models. p-values of <0.05 were
considered to be statistically significant (*p <0.05; **p<0.01;
%D < 0.001; ¥ < 0.0001).

3 | Results

3.1 | Molecular Characteristics of NSCLC
Patients Pathologically Responding to Neoadjuvant
Chemoimmunotherapy

We obtained a dataset of pretreatment samples of NSCLC pa-
tients receiving neoadjuvant chemoimmunotherapy from the
GEO database (GSE207422). Patient demographics and dis-
ease characteristics were equally distributed across response
groups (Table S1). By comparing gene expression between pa-
tients who achieved major pathological response (MPR, n=9)
and those who did not (NMPR, n=15), 510 genes were found
to be significantly upregulated and 236 genes downregulated
in the MPR group(false discovery rate [FDR] <0.05, Benjamini-
Hochberg [BH] correction) (Figure 1A,B). Additionally, we used
CIBERSORT to explore the tumor immune landscape. Among
the 22 types of immune cells analyzed, the only significant dif-
ference was an increased abundance of CD8* T cells (Figure 1C).

GSEA revealed significant upregulation (FDR <0.05) in the
MPR tumor group, which were involved in the Allograft rejec-
tion, interferon alpha and gamma response, and complement
gene sets, while the NMPR tumor group was primarily enriched
in the MYC targets, G2M checkpoint, E2F targets, and epithelial
mesenchymal-transition gene sets (Figure 1D). Previous studies
suggest the interferon response pathway is crucial among en-
riched pathways [35-39]. Thus, we examined its potential in pre-
dicting immunotherapy efficacy using ROC curves. The analysis
revealed similar predictive performance for the interferon alpha
and gamma response pathways, with AUC values of 0.807 and
0.8, respectively (Figure S1A,B). In addition, the combination
of interferon alpha and gamma response pathways (interferon-
responsive pathway) also predicted the efficacy of neoadjuvant
immunotherapy with an AUC value of 0.822 (Figure 1E). In
another independent NSCLC immune monotherapy cohort
(Immune Monotherapy Cohort), GSEA analysis showed a sig-
nificant enrichment of the interferon response pathway in re-
sponders (Figure 1F), and ROC analysis demonstrated that
this pathway was effective in predicting the response to ICIs
therapy (Figure 1G). In conclusion, the enrichment of the inter-
feron response pathway was closely related to the response to
immunotherapy.
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FIGURE1 |
plot showing differentially expressed genes in MPR (n=9) compared with NMPR (n=15). Red and blue dots represent the significantly upregulated

Pretreatment tumor characteristics associated with differing efficacy of immunotherapy combined with chemotherapy. (A) Volcano

and downregulated genes, respectively. (B) Heatmap of pretreatment differentially expressed genes between MPR (n=9) and NMPR (n=15). (C)
The enrichment of tumor-infiltrating immune cells as determined by cibersort deconvolution. MPR (n=9); NMPR (n=15). (D) Bubble chart shows
the results of gene set enrichment. MPR (n=9) to NMPR (n=15) tumor groups, with MPR as reference. NES, normalized enrichment score. (E)
ROC curve is shown for INFERON RESPONSE pathway (Consisting of HALLMARK_INTERFERON_ALPHA_RESPONSE and HALLMARK_
INTERFERON_GAMMA_RESPONSE). AUC, area under the curve. (F) Bubble chart shows the results of gene set enrichment in the Immune
Monotherapy Cohort. DCB (n =13) to NDB (n=30) tumor groups, with DCB as a reference. (G) ROC curve is shown for INTERFERON RESPONSE
pathway in the Immune Monotherapy Cohort. AUC refers to the area under the curve. *p <0.05; **p <0.01; ***p <0.001; ****p <0.0001.
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Generate and validate expression signatures associated with MPR. (A) Flowchart illustrating the generation of the NeoIGS signature.

(B) Heatmap of genes incorporated in the NeoIGS signature. (C) Histogram shows the cumulative distribution of chmoimmunotherapy response in
patients in the NeoIGS-high group and NeoIGS-high group. (D) Predictive abilities of NeoIGS signature, INFERON RESPONSE signature, ISGs sig-
nature, and PD-L1 expression are compared by ROC curves. (E-G) NeoIGS was validated in the Immune Monotherapy Cohort. Cumulative distribu-
tion bar charts of the immunotherapy response in the NeolGS-high (n=14) and NeolGS-low (n = 29) groups (E), PFS curves (F), and ROC curves (G)
are shown. p-values for the KM analysis are derived from the log-rank test, while p-values in the bar charts represent Fisher's exact test. (H) Violin
plot shows the relationship between the NeoIGS score and IPS scores. (I) Waterfall plot of TIDE prediction scores for the TCGA-NSCLC cohort, with
red and blue representing responders and nonresponders, respectively. (J) Histogram showing the cumulative distribution of TIDE-predicted immu-
notherapy responses in the NeoIGS-high group versus the NeoIGS-low group.

3.2 | A Novel 12-Gene Signature Can Accurately
Predict the Response to ICB Combined With
Chemotherapy in Nonsmall-Cell Lung Cancer

Based on the potential value of the interferon signaling path-
way in predicting the efficacy of chemoimmunotherapy, we
sought to screen for key proteins with positive predictive ef-
fects. To this end, we collected three sets of interferon-related
genes “HALLMARK-INTERFERON-GAMMA-RESPONSE”,
“HALLMARK-INTERFERON-ALPHA-RESPONSE,” and ISG
[40], and by intersecting them with genes significantly upregu-
lated in patients with MPR, a subset of the interferon signaling
pathway, NeolGS, was obtained (Figure 2A). This subset con-
sisted of 12 genes: “LIPA, GMPR, SLC15A3, IL18BP, UNC93B1,

HLA-DMA, IFI30, LGALS3, CD74, JUNB, LGMN, and ATF3”
(Figure 2B).

We evaluated NeoIGS expression in each sample using ssGSEA,
defining the NeoIGS high group as patients within the third ter-
tile and classifying the remaining patients as the NeoIGS low
group [41]. A significantly higher proportion of patients with
high NeolGS (n=8) achieved MPR compared to those with low
NeolGS (n=16) (75.0% vs. 18.8%, p=0.021, Figure 2C). ROC
analysis showed that NeoIGS was the most effective genetic sig-
nature for distinguishing patients with MPR from those with
NMPR, with an AUC of 0.926 (Figure 2D). In addition, in the
immune monotherapy cohort (Immune Monotherapy Cohort),
there were more responders in the high NeoIGS (n=14) group
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FIGURE 3 | The intrinsic relationship between the NeoIGS signature and immunotherapy response. (A-D) The box plots show lower tumor
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than in the low NeolIGS (n=29) group (64.3% vs. 13.8%, p=0.001,
Figure 2E). High NeoIGS was associated with longer mPFS (8.6
vs. 1.5months, p=0.048, Figure 2F), and ROC curve analysis
showed that NeoIGS also predicted the efficacy of monotherapy
with ICIs (AUC =0.777, Figure 2G).

Additionally, we explored the correlation between NeolGS and
IPS [33] as well as TIDE [32] scores to validate the predictive
potential of NeoIGS in ICIs treatment. IPS and TIDE scores are
recognized predictors of immunotherapy, and we conducted the
analysis using the TCGA-NSCLC cohort. A higher IPS score
is generally associated with improved efficacy of ICIs therapy,
and our results demonstrated that the high NeoIGS expression
group exhibited higher IPS scores (Figure 2H). We next used
TIDE to predict the population that could benefit from immu-
notherapy and found that a higher proportion of patients with
high NeolGS scores benefited from treatment (53.3% vs. 39.0%,
p<0.001, Figure 2I). In summary, the NeoIGS signature can
identify responders to ICIs therapy in NSCLC and is associated
with longer PFS.

3.3 | The NeolGS Gene Signature Captures a
Unique Immune Microenvironment

The pattern of immune infiltration in the tumor microenvi-
ronment plays a key role in the efficacy of immunotherapy. We
performed the following explorations using the TCGA-NSCLC
cohort. First, the ESTIMATE function was used to assess the
proportion of stromal and immune cells infiltrated within
the tumor and to infer tumor purity. The results showed that
the NeolGS-high group had higher immune, stromal, and
ESTIMATE scores but lower tumor purity compared to the
NeolGS-low group (Figure 3A-D). In parallel, we used xCell
to assess the relative abundance of tumor-infiltrating immune
cell populations. The analysis showed that almost all immune
cell types were significantly more abundant in the NeoIGS-high
group (Figure 3E), which is consistent with the results of the
ESTIMATE assessment. Next, we analyzed the expression pro-
files of typical immune checkpoint molecules (PD-1, CD274,
PDCD1LG2, HAVCR2, CTLA4, LAG3, BTLA, and TIGIT) in
the two groups and found that the levels of immune checkpoint
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molecules were significantly upregulated in the NeoIGS-high
group (Figure 3F).

In addition, we calculated TIDE scores for both groups to assess
the potential of tumor immune evasion. A lower TIDE score was
associated with a higher likelihood of immunotherapy benefit.
The results showed that the TIDE score was significantly lower
in the NeoIGS-high group compared to the NeoIGS-low group
(Figure 3G-I). Meanwhile, we explored the correlation between
NeolGS score and TMB, and the results showed a weak correla-
tion between the two (Figure 3J), suggesting that NeoIGS score
may be a predictor of immunotherapy efficacy independent
of TMB.

In conclusion, these findings suggest that tumors with high
NeolIGS scores exhibit increased immune cell infiltration and
upregulation of immune checkpoint-associated molecules, indi-
cating greater sensitivity to immune checkpoint therapy.

3.4 | ATF3 Can Predict the Pathological Response
to Neoadjuvant Chemoimmunotherapy

In search of a more economical and efficient detection indica-
tor, this study evaluated the correlation between 12 NeolGS
genes and pathological responses by ROC curves. The results
showed that ATF3 exhibited the optimal predictive efficacy
(AUC=0.911, Figure 4A). Specifically, the expression level of
ATF3 was significantly higher in the MPR group compared to
the NMPR group (Figure 4B). Further analysis revealed that the
proportion of patients achieving MPR was significantly higher
in the ATF3 high-expression group (n = 8) than in the ATF3 low-
expression group (n=16) (87.5% vs. 12.5%, p <0.01, Figure 4C).
Additionally, we analyzed PD-L1, a clinically commonly used
predictive biomarker, and found no significant difference in
PD-L1 expression levels between the MPR and NMPR groups
(Figure 4D). Similarly, there was no significant difference in the
MPR rate between the PD-L1 high-expression group and the
PD-L1 low-expression group (Figure 4E). The above results sug-
gest that, compared to PD-L1, the transcriptional level of ATF3
in the tumor prior to treatment appears to be a better predictor
of the beneficiaries of neoadjuvant chemoimmunotherapy in
NSCLC patients.

Subsequently, we further explored the correlation between ATF3
and the efficacy of monotherapy in an independent dataset of
patients receiving ICIs (the Immune Monotherapy Cohort). The
results showed that Irrespective of the level of ATF3 expression,
no statistically significant difference was observed in the propor-
tion of patients experiencing DCB (Figure 4F). Survival analysis
showed no statistically significant difference in PFS between the
two groups (Figure 4G). This indicates that ATF3 exhibits lim-
ited predictive value for immune monotherapy efficacy.

In addition, we used CIBERSORT to assess the immune cell
populations in the TCGA-NSCLC cohort. the ATF3-high group
had more follicular helper T cells and resting NK cells, but fewer
regulatory T cells and resting mast cells (Figure 4H). The pres-
ence of Tregs in the microenvironment may be one of the key
factors that ultimately lead to drug resistance. Overall, these

findings suggest that ATF3 expression is strongly associated
with the effectiveness of neoadjuvant chemoimmunotherapy.

3.5 | Predictive Value of ATF3 Protein Expression

To further validate the findings from the transcriptome data,
we recruited 53 NSCLC patients who received neoadjuvant
chemoimmunotherapy and prospectively collected pretreat-
ment biopsy samples from these patients. This cohort included
6 females (11.3%) and 47 males (88.7%), with an average age of
61.6years (range: 46-77years). Squamous cell carcinoma (38/53,
71.7%) was the most common histological type, followed by
adenocarcinoma (15/53, 28.3%). All patients were at stages I-
ITII. All patients received ICIs combined with platinum-based
doublet chemotherapy. The majority received the tislelizumab
(43/53, 81.1%), while others received nivolumab (4/53, 7.5%) and
pembrolizumab (6/53, 11.3%). A swimmer plot summarized the
treatment details of the 53 NSCLC patients (Figure 5A). After
2-6c¢ycles of neoadjuvant chemoimmunotherapy, the radio-
graphic ORR (PR plus CR) was79.2% (42/53). The pathological
response of the 53 patients was then assessed by two indepen-
dent and well-trained pathologists, with 64% (34/53) and 36%
(19/53) of patients achieving MPR/pCR and NMPR, respectively
(Figure 5B,C).

We quantified the expression of ATF3 in each sample using im-
munohistochemistry (IHC). Among them, 56.6% of the cases
(30/53) exhibited high expression of ATF3 (IHC score >150).
Representative microscopic images of ATF3 IHC staining are
shown in Figure 6A. The ATF3-high and ATF3-low groups were
comparable in terms of gender, age, smoking status, tumor stage,
and treatment cycles (Table 1). Statistical analysis revealed that
the MPR rate of all patients was 64.2%, and the pCR and MPR
rate in the ATF3-high group was significantly higher than that
in the ATF3-low group (pCR: 66.7% vs. 21.7%, p=0.003; MPR
rate: 90.0% vs. 30.4%, p<0.001, Figure 6B,C). The ATF3 THC
score in the MPR group was significantly higher than that in the
NMPR group (204.3 vs. 23.0, p<0.001, Figure 6D). The cohort
had a median follow-up duration of 13.6months (range: 1.7-
63.2months). Within the ATF3-high expression group, the haz-
ard ratio (HR) for tumor recurrence was calculated to be 0.23
(95% CI: 0.07-0.76), and patients with elevated ATF3 expres-
sion experienced a significantly prolonged DFS (p=0.041). The
12-month DFS rate was 100.0% in the ATF3-high group, com-
pared to 71.8% (95% CI: 54.9%-93.8%) in the ATF3-low group.
Similarly, the 24-month DFS rate was higher in the ATF3-high
group than in the ATF3-low group (78.7% vs. 55.2%) (Figure 6E).

In addition, this study analyzed the correlation between PD-
L1 expression and pathological response. The results showed
that there was no significant difference in the pCR and MPR
rate between the PD-L1 high-expression group (TPS >50%) and
the low-expression group (TPS <50%) (pCR: 56.5% vs. 40.0%,
p=0.359; MPR rate: 69.6% vs. 60.0%, p=0.667), and there was
also no statistically significant difference in the DFS between
the two groups (Figure 6F-J). This reconfirmed the limited
predictive value of PD-L1 in immunocombination chemother-
apy treatment. In conclusion, consistent with the transcrip-
tomic data, ATF3 protein levels were effective in predicting the
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FIGURE 4 | The screening of ATF3 as the optimal predictor of therapeutic efficacy. (A) The ROC curve analyzed the predictive role of the 12
genes comprising the NeoIGS signature for the pathological response to neoadjuvant chemoimmunotherapy. (B) The mRNA expression levels of
ATF3 in the MPR (n=9) and NMPR (n=15) groups. (C) The histogram shows the cumulative distribution of pathological responses to neoadjuvant
chemoimmunotherapy in patients from the ATF3-high and ATF3-low groups. (D) The mRNA expression levels of PD-L1 in the MPR and NMPR
groups. (E) The histogram shows the cumulative distribution of pathological responses to neoadjuvant chemoimmunotherapy in patients from the
PD-L1-high and PD-L1-low groups. (F) The histogram shows the cumulative distribution of immunotherapy responders in patients from the Immune
Monotherapy Cohort, comparing the ATF3-high group with the ATF3-low group. (G) PFS curves of patients with high and low expression of ATF3 in
the Immune Monotherapy Cohort. (H) Using CIBERSORT deconvolution to measure the proportion of tumor-infiltrating immune cells in the ATF3-
high and ATF3-low groups. *p <0.05; **p < 0.01; ***p < 0.001; ****p <0.0001.
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pathological response and survival benefit of NSCLC patients to chemoimmunotherapy. We discovered that the enrichment

neoadjuvant chemoimmunotherapy. of pathways related to allograft rejection, IFN responses, and
complement genes correlates with a higher chance of achiev-
ing MPR post-treatment. Multiple studies have demonstrated

4 | Discussion that active IFN signaling in the tumor microenvironment is a
critical mediator and a positive predictor of tumor response to

ICIs have significantly improved clinical outcomes in NSCLC ICIs [35-39]. Consequently, the present study focused on assess-

and have become one of the most effective first-line cancer  ing the predictive significance of the IFN signaling pathway in

treatments [42]. However, traditional predictive biomarkers for chemoimmunotherapy.

ICI monotherapy, such as PD-L1 expression and TMB, have

limitations in predicting the efficacy of chemoimmunotherapy Additionally, different components of the IFN signaling path-

[15-18]. There is increasing evidence of a significant correlation way have been associated with ICIs responsiveness or resis-

between pathological response and patient prognosis [20, 21, 43]. tance mechanisms [44]. However, current studies have not yet
With the increasing use of chemoimmunotherapy in the clinic, elucidated which key proteins in the IFN signaling pathway are
reliable predictive biomarkers are needed to accurately assess effective in predicting the efficacy of chemoimmunotherapy,
treatment efficacy, especially pathological response. particularly the degree of pathological remission with neoadju-

vant therapy. In this study, we identified a subset of genes within
We retrospectively analyzed transcriptomic data from pre- the IFN signaling pathway, termed NeoIGS, by cross-analysis

treatment biopsies of patients undergoing neoadjuvant of differentially upregulated genes in MPR patients. NeoIGS
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effectively predicts the pathological response of NSCLC patients
to neoadjuvant chemoimmunotherapy, outperforming the IFN
signaling pathway itself and PD-L1. It also forecasts the efficacy
and prognosis of NSCLC patients receiving ICI monotherapy.
Both IPS [33] and TIDE [32] scores, validated as predictors of im-
munotherapy efficacy, showed that patients with higher NeoIGS
scores had higher IPS scores and lower TIDE scores, indicating
that these patients are more likely to benefit from immunother-
apy. Additionally, ESTIMATE and Xcell analyses suggest that
NeoIGS scores capture patients with immune cell infiltration.
Ongoing interactions between tumor cells and the tumor mi-
croenvironment drive tumorigenesis, progression, and response
to therapy [45, 46]. In addition, tumor-infiltrating lymphocytes
and their spatial distribution can predict pathological responses
to neoadjuvant immunotherapy [47]. Taken together, these find-
ings suggest that NeoIGS may serve as a promising biomarker
for immunotherapy in NSCLC patients.

Although many studies have attempted to identify beneficiaries
of immunotherapies through gene combinations, high testing
costs, lack of standardized protocols, and regulatory and ethical
challenges have prevented their widespread adoption in clinical
practice. Therefore, we identified the clinically applicable bio-
marker for chemoimmunotherapy, ATF3, an adaptive response
gene involved in cellular adaptation to external and internal
environmental changes such as DNA damage, cellular injury,
and oxidative stress [48], by ROC curve analysis. Recent stud-
ies have shown that ATF3 plays a key role in immunotherapy.
For example, Liu et al. reported that inhibition of ADORA1
promotes ATF3 binding to the PD-L1 promoter, thereby in-
creasing PD-L1 expression and facilitating immune escape [49].
Another study found that tumor RGS1 affects CD8* T cell in-
filtration and antigen processing by activating STAT1 and in-
ducing IFN-y-stimulated genes via the ATF3-IFNGR1 axis [50].
Our study showed that ATF3 appeared to regulate immune cell
infiltration, with lower Treg cell infiltration observed in the
high-expressing ATF3 group. Previous studies have shown that
lower intratumoral Treg/CD8* T-cell ratios are strongly associ-
ated with better immunotherapy outcomes [51]. Taken together,
ATF3 may facilitate chemoimmunotherapy by regulating PD-L1
expression and modulating immune cell infiltration.

This study also evaluated the predictive value of PD-L1 in neo-
adjuvant chemoimmunotherapy. The results showed that no
significant correlation was observed between PD-L1 expression
levels and pathological remission in either transcriptomic data
or clinical samples, which further supports the limitations of PD-
L1 as a predictive biomarker in chemoimmunotherapy and sug-
gests the need to develop more effective biomarkers to screen for
the beneficiary population of combination therapy. Notably, in
the cohort of 53 patients in this study, the MPR rate in the ATF3
high-expression group reached 90.0%. Despite the limited sample
size, it still suggests that ATF3 is expected to be a potential bio-
marker for the efficacy of chemoimmunotherapy. Interestingly,
immunohistochemical staining showed that ATF3 was mainly
localized in the nucleus of tumor cells, consistent with the results
of previous studies [52], and this subcellular localization feature
provides feasibility for clinical detection of ATF3 expression.

The present study has the following limitations: first, the small
sample size may affect the reliability of the conclusions, and

the predictive efficacy of ATF3 on pathological response and
prognosis needs to be verified by a multicenter large-sample
study. second, ATF3 is mainly applicable to the prediction of
chemoimmunotherapy combination therapy, and the predic-
tive efficacy decreases in single-agent therapy, which may
be related to its strong correlation with the response to che-
motherapy. Previous studies have shown that high ATF3 ex-
pression enhances the efficacy of cisplatin in lung [53, 54] and
gastric cancer [55] and increases the sensitivity of nasopharyn-
geal carcinoma cells to paclitaxel [56]. finally, the mechanism
of action of ATF3 has not yet been fully elucidated, and its bi-
ological function in neoadjuvant chemoimmunotherapy needs
to be further explored.

In summary, this study not only reaffirms the predictive value
of the IFN pathway, but also innovatively proposes a subset of
IFN signals that are closely related to immunotherapy and es-
tablishes ATF3 as a potential marker for predicting the efficacy
of neoadjuvant chemotherapy immunotherapy.
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