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Abstract: Background/Objective: Immune checkpoint inhibitors (ICIs) have extended survival in patients with non-
small cell lung cancer (NSCLC) but their therapeutic benefit is limited to a proportion of patients. Predictive biomark-
ers based on tissue of origin of the tumor have their limitations, and thus there is a need for solid and minimally 
invasive predictive biomarkers. Our aim was to investigate serum proteomics via liquid biopsy for biomarker discov-
ery. Methods: In this retrospective extension of the TD-FOREKNOW trial, deep proteomic profiling was undertaken 
on pre-treatment serum samples of 72 patients with NSCLC receiving neoadjuvant therapy. Further quantitation of 
proteins in serum was performed by data independent acquisition mass spectrometry to obtain candidates associ-
ated with treatment outcome. Statistical regression was also used to screen for proteins related to ICI efficacy and 
a risk score composite model was set up to predict treatment response and prognosis. Results: From the 1,802 
analyzed serum proteins, 59 serum proteins were differentially expressed in patients receiving immunotherapy 
plus chemotherapy. Using univariate logistic regression followed by least absolute shrinkage and selection operator 
(LASSO) regression, three factors, SERPINE2, DAZAP1, and MGAT4B, were identified whose baseline expression 
was correlated with the response to ICI therapy. The risk score model using the three proteins was an effective 
biomarker in predicting ICI response with an area under the curve (AUC) of 0.946 (95% CI: 0.874-1.000). Its predic-
tive value for ICI response was validated in further survival analysis, showing that patients with a low risk score had 
significantly longer progression-free survival (HR = 0.13, 95% CI: 0.04-0.46, P = 0.002) and overall survival (HR = 
0.14, 95% CI: 0.03-0.62, P = 0.033) than those with a high risk score. Conclusion: A pre-treatment serum-based 
risk score that effectively predicts response to ICI therapy in patients with NSCLC was developed and validated. Our 
findings reveal the great prospect of human serum proteomics as a powerful liquid biopsy platform for biomarker 
discovery and construction of clinical prognostic models. 
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Introduction

In China, lung cancer is the second most com-
mon cancer and the leading cause of cancer 
death [1]. Five-year survival rate after diagnosis 
is only 10-20% [2]. The arrival of immune che- 
ckpoint inhibitors (ICIs) changed this land-
scape. Monoclonal antibodies targeting pro-
grammed cell death protein 1 (PD-1) or pro-
grammed cell death ligand 1 (PD-L1) have 
fundamentally altered how we treat locally 
advanced non-small cell lung cancer (NSCLC) 
[3]. Their mechanism of action lies in relieving 

tumor-induced suppression of T cells and  
reactivating the body’s antitumor immune 
response. Compared to chemotherapy alone, 
chemoimmunotherapy significantly improves 
the pathological complete response (pCR) rate 
in patients with resectable NSCLC. Studies 
such as CheckMate 816 and KEYNOTE-671 
have confirmed this potential [4, 5]. Our earlier 
TD-FOREKNOW trial also reached similar con-
clusions [6]. Meta-analyses of randomized tri-
als have demonstrated superior event-free  
survival and overall survival for the chemoim-
munotherapy arm, confirming its long-term ben-
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efit over chemotherapy alone [3]. In summary, 
chemoimmunotherapy demonstrates unique 
advantages in both short-term efficacy evalua-
tion and long-term survival benefits. However, 
most lung cancer patients remain unlikely to 
achieve a meaningful response to ICIs. The 
response rate is less than 50% in the first-line 
setting and merely 20% in the second-line set-
ting [7, 8].

Current biomarkers for optimization of patient 
selection include tumor mutation burden (TMB) 
[9], PD-L1 expression [10], and ENLIGHT-DP 
[11]. Most of these biomarkers show subopti-
mal predictive efficacy and their use is con-
strained by poor accessibility and temporal-
spatial heterogeneity. This highlights the im- 
portance of identifying novel biomarkers to 
accurately select patients who will benefit from 
this impactful but costly therapy.

Peripheral blood biomarkers offer a non-inva-
sive means to profile the tumor immune micro-
environment. These include exosomes [12], 
circulating tumor DNA [13], cell-free DNA [14], 
cell-free RNA [15], and peripheral blood pro-
teins. Among these, peripheral blood pro- 
teins play an “executive” role in cellular physio-
logical functions and may reflect the tumor 
immune microenvironment. Plasma-based pro-
teins have also been used as biomarkers to 

predict prognosis and monitor treatment effi-
cacy. A recent large-scale data-independent 
acquisition (DIA) proteomics study in prostate 
cancer identified a 16-protein plasma panel 
that effectively predicts biochemical recur-
rence [16]. Compared with traditional biomark-
ers, such as PD-L1 expression status, which 
are constrained by temporal and spatial hetero-
geneity, circulating biomarkers represent a 
promising alternative to address the limitations 
associated with tumor tissue analysis. Thus, 
plasma proteomics represents a powerful and 
novel platform for discovering clinically action-
able, protein-based biomarkers. This study  
was carried out with the objective of exploring 
serum proteomics for biomarker discovery to 
optimize patient selection for immunotherapy.

Materials and methods

The study design is shown in Figure 1 and is 
briefly described below.

Study population and data collection

This retrospective study is an analytical exten-
sion of the TD-FOREKNOW trial (ClinicalTrials.
gov Identifier: NCT04338620). The TD-FORE- 
KNOW trial was a randomized, multicenter, 
phase 2 clinical trial and is already publish- 
ed. In this trial, eligible participants with resect-
able stage IIIA or IIIB (N2) NSCLC were random-

Figure 1. Study workflow. DIA, data-independent acquisition; pCR, pathological complete response; MPR, major 
pathological response; Non-MPR, non-major pathological response.
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ized (1:1) to receive either three cycles of neo-
adjuvant camrelizumab plus nab-paclitaxel and 
platinum-based agents or three cycles of che-
motherapy alone, to evaluate the efficacy and 
safety of neoadjuvant camrelizumab combined 
with chemotherapy compared with neoadju-
vant chemotherapy alone [6].

Based on the patient cohort studied in the 
TD-FOREKNOW trial, we enrolled patients 
according to the following inclusion and exclu-
sion criteria to ensure the subsequent pro-
teomics analysis could be conducted:

Inclusion criteria: 1) Patients belonging to the 
cohort of the TD-FOREKNOW trial; 2) Comple- 
tion of all cycles of neoadjuvant therapy as  
per the trial protocol; 3) Completion of surgery 
with pathological evaluation results available 
for surgical specimens, whether pCR or major 
pathological response (MPR); 4) Well-preserv- 
ed serum samples collected prior to neoadju-
vant therapy that passed quality control before 
proteomics testing. 

Exclusion criteria: 1) Failure to complete all 
cycles of neoadjuvant therapy; 2) Absence of 
surgical intervention or postoperative patho-
logical evaluation results; 3) No serum samples 
collected prior to neoadjuvant therapy, or sam-
ples that failed quality control prior to pro-
teomics testing.

According to the inclusion and exclusion criteria 
outlined above, a total of 72 patients were 
enrolled in this study, with 36 cases in each 
group (Figure 2).

This retrospective analysis of anonymous data 
was approved by the IEC of Institution for 
National Drug Clinical Trials of Tangdu Hospital 
(Approval No. K202406-18) with a waiver of 
informed consent.

Clinical data collection

Patients’ clinical data included age at treat-
ment initiation, sex, Eastern Cooperative 
Oncology Group (ECOG) stage, pathology type, 

Figure 2. Selection of patients based on their clinical history.
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pathologic stage, best treatment response, 
date of disease progression, and/or date of 
death. These data were derived from our 
TD-FOREKNOW trial. The ECOG score was per-
formed within 7 days prior to the first dose by 
the attending physician based on the patient’s 
physical condition using the standard ECOG 
scoring scale. The pathological type was deter-
mined according to the pathology report per-
formed within 90 days before the first dose. 
Pathological staging was performed according 
to the eighth edition of the clinical TNM staging 
of tumors. Pathological response was deter-
mined based on the results of pathologic test-
ing of surgical specimens as pCR or MPR. pCR 
was defined as complete absence of viable 
tumor cells in the primary tumor specimen and 
all sampled regional lymph nodes. MPR was 
defined as the presence of ≤10% live tumor 
cells in the resected primary tumor specimen 
and sampled regional lymph nodes. Respon- 
ders were defined as having MPR, and non-
responders as failure to achieve MPR. The date 
of progression was recorded at follow-up. 
Progression-free survival (PFS) was defined as 
time from treatment initiation to disease pro-
gression or death. Overall survival (OS) was 
defined as the time from treatment initiation to 
death.

Blood sample collection and storage

All blood samples were collected in serum-sep-
arating plain tubes prior to neoadjuvant thera-
py. Following collection, they were incubated at 
37°C for 2 h and then centrifuged at 3,000×g 
for 10 min to separate plasma. The separated 
plasma was further centrifuged at 1,800×g  
for 8 min and stored at -80°C until further 
analysis.

Serum protein expression assay

Protein expression assay was performed at  
the Clinical Biomarker Facility of Shanghai Aki 
Biotechnology Co., Ltd. Proteolytic peptides 
were analyzed via liquid chromatography- 
tandem mass spectrometry (LC-MS/MS, tim-
sTOF Pro2, Bruker, Germany) using DIA mode 
and Spectronaut software (version 18.2. 
230802.50606; Biognosys AG) to identify and 
quantify the proteome and to obtain protein 
expression information. All the samples show-
ing proteins with ≥1 unique peptide were 

retained. Missing-value recoding (MVR) on the 
original data was performed using DIA mode 
and imputed using the half-minimum method.

Sample measurements were 25 µL each,  
which was protein-enriched, proteolyzed, and 
peptide desalted, and subsequently detect- 
ed via nanoLCMS/MS (timsTOF Pro2, Bruker, 
Germany). Mass spectrometry analysis was 
performed in data independence acquisition 
with parallel accumulation-serial fragmenta- 
tion (DIA-PASEF) mode with a scanning range  
of 100-1,700 m/z. During PASEF MS/MS  
scanning, collision energies increased linearly 
with ion mobility from 20 eV (1/K0 = 0.85 Vs/
cm2) to 59 eV (1/K0 = 1.30 Vs/cm2). Raw  
mass spectrum files were imported into 
Spectronaut (version 18.2.230802.50606; 
Biognosys AG) for database searching and 
qualitative analysis.

Differential protein screening

Differentially expressed proteins were screen- 
ed in two groups, viz. chemotherapy and im- 
munotherapy-combined with chemotherapy 
(immunochemotherapy) groups based on res- 
ponse status. The preliminary screening crite-
ria for efficacy-based differential proteins  
within the two groups were: 1) P-value <0.05 
based on Student’s t-test or chi-square test; 2) 
FOLD CHANGE ≤0.83 or FOLD CHANGE ≥1.2.  
In the chemotherapy group, a total of 337 dif-
ferentially expressed proteins were identified, 
among which 47 were upregulated and 290 
were downregulated in responders compared 
to non-responders. In the immunochemothera-
py group, 60 differentially expressed proteins 
were identified, with 41 upregulated and 19 
downregulated. To identify the potential predic-
tive protein biomarkers for immunotherapy effi-
cacy, 59 proteins showing significantly different 
expression in the immunochemotherapy group 
were selected. 

Construction of a risk score prediction model 
for immunotherapy efficacy

Raw data for protein expression were first nor-
malized by removing proteins with >30% miss-
ing values. The remaining missing values were 
imputed using 1/2 of the smallest expression 
value for each protein. Thereafter, univariate 
logistic regression was performed for each pro-
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tein showing a p-value of <0.05 using R soft-
ware. Subsequently, a least absolute shrinkage 
and selection operator (LASSO) regression was 
applied to prevent overfitting and select the 
most predictive features. This yielded a final 
model based on three proteins: SERPINE2, 
DAZAP1, and MGAT4B. The resulting risk score 
was defined as: Risk Score = -1.365144071 + 
(0.003770902) × SERPINE2 + (0.027029983) 
× DAZAP1 + (-0.021299981) × MGAT4B. The 
discriminatory performance of this model was 
evaluated by generating a receiver operating 
characteristic (ROC) curve and area under the 
ROC curve (AUC) using GraphPad Prism. The 
generalization ability of the model was evaluat-
ed using the hierarchical bootstrap method.

Prognostic analysis

To evaluate the prognostic value of the identi-
fied biomarkers, we calculated a risk score for 
each patient using the previously established 
three-protein model. Patients were then strati-
fied into high-risk and low-risk groups based on 
the median risk score. Survival outcomes, PFS 
and OS were compared between these groups 
using Kaplan-Meier curves with log-rank tests. 
Univariate Cox proportional hazards regression 
was applied to the full cohort to further assess 
the association between the risk score and sur-
vival outcomes.

Statistical analyses

Categorical variables are expressed as propor-
tions and comparisons between two categori-
cal variables were performed using Fisher’s 
exact test or chi-square test (as appropriate). 
For the chemotherapy group or the immuno-
therapy combined with chemotherapy group, 
differential proteins were preliminarily screen- 
ed based on therapeutic efficacy using the 
Student’s t-test (P<0.05) or chi-square test 
(P<0.05), with FOLD change criteria of ≤0.83  
or ≥1.2. Model construction employed univari-
ate logistic regression (P<0.05) and LASSO 
regression. Model validation utilized ROC 
curves and the stratified bootstrap method. 
Survival analysis was conducted using Kaplan-
Meier curves combined with the log-rank test, 
with validation performed through univariate 
Cox regression analysis. Statistical analys- 
es were performed using GraphPad Prism 

(V.10.0), SPSS (V.23), and R (V.4.4.3) statis- 
tical software. Statistical significance was 
defined as a two-tailed P<0.05. 

Results

Characteristics of study population

Among the total 72 patients with NSCLC 
enrolled in this study, 36 received neoadjuvant 
chemotherapy alone and 36 received neoadju-
vant immunochemotherapy. Among them 47 
patients (65.3%) were diagnosed with lung 
squamous cell carcinoma whereas, 22 (30.6%) 
were diagnosed with lung adenocarcinoma. 
According to the definition set for this study,  
30 patients were identified as responders, 
among which five belong to the chemotherapy 
group and 25 to the immunochemotherapy 
group. Forty-two patients were identified as 
non-responders, with 31 in the chemotherapy 
group and 11 in the immunochemotherapy 
group. Demographic and clinical characteris-
tics of the enrolled patients did not show sig- 
nificant differences between responders and 
non-responders (Table 1). 

Identification of serum proteins associated 
with immunotherapy efficacy

To identify serum protein biomarkers predic- 
tive of response to ICI therapy, we performed 
differential expression analysis across the 
1,802 quantified proteins. Comparative analy-
sis between responders and non-responders 
revealed 337 (47 upregulated and 290 down-
regulated) differentially expressed proteins 
(DEPs) in the chemotherapy-alone cohort, and 
60 DEPs (41 upregulated and 19 downre- 
gulated) in the immunochemotherapy cohort 
(P<0.05; FOLD change ≤0.83 or ≥1.2) (Figure 
3).

To specifically isolate a proteomic signature of 
ICI efficacy, we filtered for proteins uniquely 
associated with immunochemotherapy res- 
ponse. This yielded a refined set of 59 candi-
date biomarkers. These proteins were either 
exclusively differentially expressed in the im- 
munochemotherapy cohort or exhibited an 
opposite expression trend (i.e., upregulated vs. 
downregulated) compared to the chemothera-
py-alone cohort (Figure 4).
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Development and validation of a risk score for 
immunotherapy response

To develop a robust predictor of ICI efficacy, the 
59 candidate proteins were subjected to fur-
ther variable selection. Using univariate logistic 
regression, we found 18 proteins whose ex- 
pression levels correlated with treatment out-
come (P<0.05). LASSO regression then nar-
rowed these down to three key proteins: 
SERPINE2, DAZAP1, and MGAT4B. We defined 
the final risk score model as: Risk Score = 
-1.365 + (0.003771 × SERPINE2) + (0.02703 × 
DAZAP1) + (-0.02130 × MGAT4B).

The composite risk score predicted immuno-
therapy response with high accuracy, achieving 
an AUC of 0.946 (95% CI: 0.874-1.000). By 
comparison, when we applied the same score 
to the chemotherapy-alone cohort, the AUC 
dropped to 0.613 (95% CI: 0.380-0.846). The 
three-protein model performed better than any 
single protein alone. For comparison, the AUCs 
for SERPINE2, DAZAP1, and MGAT4B used indi-
vidually were 0.800, 0.867, and 0.778, respec-
tively (Figure 5). Hierarchical bootstrap valida-
tion (1,000 iterations) confirmed the model’s 

robustness, yielding a similar AUC of 0.946 
(95% CI: 0.855-1.000) (Figure 6).

The risk score prediction model can predict 
progression-free and overall survival

To explore the prognostic significance of the 
three-protein risk score model, correlation 
analysis was performed in the full patient 
cohort. Patients were stratified into high-risk 
and low-risk groups based on the median risk 
score. Kaplan-Meier analysis showed that the 
risk score was significantly linked to both PFS 
and OS. Patients in the low-risk group demon-
strated significantly longer PFS (HR = 0.13, 
95% CI: 0.04-0.46, log-rank P = 0.002) and OS 
(HR = 0.14, 95% CI: 0.03-0.62, log-rank P = 
0.033) than those in the high-risk group (Figure 
7). Univariate Cox regression confirmed that a 
low-risk score was independent predictor of 
both longer PFS (HR = 0.16, 95% CI: 0.04- 
0.57, P = 0.005) and longer OS (HR = 0.17, 95% 
CI: 0.04-0.76, P = 0.021). We further explored 
the individual contributions of the model com-
ponents to survival. Lower baseline expres- 
sion of DAZAP1 was significantly associated 
with longer OS (log-rank P = 0.033), while high-

Table 1. Baseline clinical characteristics of patients
Patient characteristics Overall (n = 72) Non-Responder (n = 42) Responder (n = 30) P value
Age (%)
    <60 29 (40.3) 17 (40.3) 12 (40.3) 0.968
    ≥60 43 (59.7) 25 (59.7) 18 (59.7)
Gender (%)
    Male 62 (86.1) 38 (90.5) 24 (80.0) 0.357
    Female 10 (13.9) 4 (9.5) 6 (20.0)
ECOG (%)
    0 71 (98.6) 41 (97.6) 30 (100.0) 1.000
    1 1 (1.4) 1 (2.4) 0 (0.0)
Treatment (%)
    Immunotherapy and chemotherapy 36 (50.0) 11 (26.2) 25 (83.3) <0.001
    Chemotherapy 36 (50.0) 31 (73.8) 5 (16.7)
Pathological type (%)
    Squamous 47 (65.3) 25 (59.5) 22 (73.3) 0.523
    Adenocarcinoma 22 (30.6) 15 (35.7) 7 (23.3)
    Other 3 (4.2) 2 (4.8) 1 (3.3)
Stage (%)
    IIIA 52 (72.2) 31 (73.8) 21 (70.0) 0.722
    IIIB 20 (27.8) 11 (26.2) 9 (30.0)
Note: Values outside parentheses in the table represent variable counts, while those within parentheses indicate proportions. 
Comparisons between two categorical variables were performed using Fisher’s exact test or chi-square test (as appropriate). 
Abbreviation: ECOG, Eastern Cooperative Oncology Group.
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Figure 3. Comparative analysis of serum proteins differentially expressed by treatment response in each cohort. Venn diagrams categorize proteins that were 
significantly upregulated (high) or downregulated (low) in responders versus non-responders within the chemotherapy-alone and immunochemotherapy groups. A. 
Proteins downregulated in the immunochemotherapy responders but upregulated in the chemotherapy responders (0 overlapping proteins). B. Proteins upregulated 
in the immunochemotherapy responders but downregulated in the chemotherapy responders (7 overlapping proteins). C. Proteins downregulated in responders 
in both treatment groups (1 overlapping protein). D. Proteins upregulated in responders in both treatment groups (0 overlapping proteins). Overlapping proteins 
represent shared response signatures, while non-overlapping proteins indicate treatment-specific biomarkers. For the chemotherapy group or the immunotherapy 
combined with chemotherapy group, differential proteins were preliminarily screened based on therapeutic efficacy using Student t-test (P<0.05) or chi-square test 
(P<0.05), with FOLD change criteria of ≤0.83 or ≥1.2.
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er baseline expression of MGAT4B was signifi-
cantly associated with longer PFS (log-rank P = 
0.037) (Figure 8).

Discussion

In this retrospective biomarker study, we were 
able to utilize high-depth serum proteomics to 
discover and validate a new three-protein sig-
nature-SERPINE2, DAZAP1 and MGAT4B-that 
accurately predicts response to neoadjuvant 
immunochemotherapy and stratifies survival in 
patients with NSCLC. To our knowledge, this 
was the first study to use DIA proteomics in 
serum sample to predict an immunotherapy 
outcome in patients with NSCLC, and the risk 
score model derived from it constructed a very 

by lowering immunogenicity and resistance to 
immunotherapy agents (ICI).

DAZAP1 is an RNA-binding protein with aber-
rant expression linked to proliferation, metas-
tasis and prognosis in colorectal cancer, ga- 
stric cancer and melanoma [20-22]. Most 
recently, in melanoma that is unresponsive to 
anti-PD-1 treatment, researchers reported that 
a cancer-specific lncRNA named LISRR has 
high expression. Under treatment pressure, 
LISRR recruits DAZAP1 to ribosomes of the 
endoplasmic reticulum to promote synthesis  
of an immunosuppressive translatome that 
helps tumor cells escape from T-cell recogni-
tion and attack. The translatome comprised 
two major elements: PD-L1 and glycocalyx syn-

Figure 4. Distinct serum proteomic signatures differentiate treatment re-
sponse in the immunochemotherapy cohort. The heatmap displays the ex-
pression levels of the 59 candidate biomarker proteins selected for their 
specific association with immunotherapy response. In the immunochemo-
therapy group, clear differences in protein expression are evident between 
responders and non-responders. In contrast, the same proteins either show 
no differential expression or exhibit an opposite expression trend in the che-
motherapy-alone group. Each column represents an individual patient, and 
each row represents a single protein.

accurate model (AUC, 0.946), 
highlighting its potential appli-
cation as a clinical ‘liquid biop-
sy’ test for patients.

SERPINE2 (also known as  
the protease linker protein 1 
PN-1) also emerged as a ma- 
jor predictive protein; higher 
baseline serum expression of 
SERPINE2 was associated 
with poor response and poor 
prognosis. Besides promoting 
tumor progression, SERPINE2 
has been shown to correlate 
with poor outcomes in lung 
adenocarcinoma, hepatocel-
lular carcinoma, and renal  
cell carcinoma [17-19]. Me- 
chanistically, knocking down 
SERPINE2 inhibited radiore-
sistance and DNA damage 
repair by regulating RAD51 in 
lung cancer. SERPINE2 in- 
teracted with ATM directly, 
which facilitated phosphoryla-
tion of ATM and homologous 
recombinational repair for 
DNA damage. In terms of 
immunotherapy, we speculate 
that SERPINE2 may increase 
the immunosuppressive tu- 
mor microenvironment by 
enhancing the survival of 
tumor cells and DNA repair 
capacity of tumor cells, there-
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thases. From these findings, we could reason-
ably assume that in patients with NSCLC under-

surface receptors, including integrins and 
growth factor receptors. These N-glycans carry 

Figure 5. Receiver operating characteristic (ROC) curve analysis of the predictive model. (A) ROC analysis of the 
composite three-protein risk score for predicting treatment response in the immunochemotherapy cohort. (B) Ap-
plication of the same risk score to the chemotherapy-alone cohort. (C-E) ROC curves for the individual model compo-
nents-SERPINE2 (C), DAZAP1 (D), and MGAT4B (E) when used as single biomarkers within the immunochemother-
apy cohort. The area under the curve (AUC) values demonstrate the superior predictive accuracy of the composite 
model compared to its individual constituents.

Figure 6. Hierarchical bootstrap AUC distribution.

going neoadjuvant immuno- 
therapy, under pressure of 
treatment, tumor cells may be 
activated by a similar LISRR-
DAZAP1 axis to upregulate 
PD-L1 and remodel surface 
glycocalyx structure of tu- 
mor cells, so as to establish  
an immunosuppressive tumor 
environment. This could open 
up another possibility for 
exploring the role of RNA-
binding proteins in regulating 
antitumor immunity.

MGAT4B is N-acetylglucosa- 
minyltransferase-IVb and cat-
alyzes β1-4 branching modifi-
cations of N-glycans on cell 
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modifications that affect tumor cell adhesion, 
signaling, invasion and immune surveillance 
[23-25]. Interestingly, in our cohort, a high 
baseline level of MGAT4B expression was cor-
related with a favorable response and improved 

PFS. Spatial transcriptomics analysis in immu-
notherapy for NSCLC highlighted MGAT4B as a 
specific gene associated with therapeutic effi-
cacy in lung squamous cell carcinoma, which 
may suggest the potential value of MGAT4B for 

Figure 7. Kaplan-Meier survival curves of patient subgroups stratified by model risk score. OS, overall survival; PFS, 
progression-free survival.

Figure 8. Kaplan-Meier survival curves for patients stratified by expression levels of the three proteins. OS, overall 
survival; PFS, progression-free survival.
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use as a predictive biomarker for selecting 
patients who might benefit from immunothera-
py. We speculate that MGAT4B-mediated glyco-
sylation enhances the presentation of tumor 
antigens or immune cell infiltration, which may 
sensitize the tumor to immune checkpoint 
blockade.

Our composite risk score based on these three 
proteins achieved superb predictive accuracy 
(AUC = 0.946) (i.e. better than any single pro-
tein), but more importantly, it could stratify 
patients into a group of high and low-risk 
patients with dramatically different PFS and 
OS. These findings suggest that this risk score 
could act as a non-invasive tool to assist in  
clinical decisions, for example, by identifying 
the patients who are most likely to have patho-
logical response after neo adjuvant immuno-
chemotherapy. Compared with existing mark-
ers such as PD-L1 expression and tumor 
mutational burden (TMB), both of which are 
constrained by tumor heterogeneity and sam-
ple dependency, our serum model in its current 
form has great advantages in terms of being 
minimally invasive, dynamic and representative 
of the host’s systemic immune state. Direct 
comparison of our results with those of PD-L1 
was precluded by incomplete data in our 
cohort; we think, however, that our three-pro-
tein signature complements rather than com-
petes with available biomarkers and may be 
useful in patient selection when used in 
combination.

Our study used DIA mass spectrometry to 
undertake quantitative analysis of 1,802 
serum proteins, and thus this study had ad- 
vantages over previous proteomics studies. By 
fully employing serum DIA proteomics, we  
elaborated proteomic characteristics associat-
ed with immune therapy responses in NSCLC. 
Our work promotes the big picture for the  
greater use of serum proteomics in biomarker 
research in immuno oncology.

Another limitation of this study is that our 
research is a retrospective study with a small 
cohort (sample number n = 72), leading to 
selection bias and risk of overfitting; although 
we did LASSO regression analysis and stratifi- 
ed Bootstrap internal validation, prospective 
validation in a larger cohort study still needs to 
be performed. Second, our study population 

included Chinese patients with resectable 
stage IIIA/IIIB NSCLC, which may not genera- 
lize the results to other races or advanced 
patients. Third, because of scarce tissue, the 
samples of 52.5% patients were without an 
expression of baseline PD-L1, so the compari-
son with our proteomics model cannot be 
made. Fourth, the mechanistic reason for the 
expression of SERPINE2, DAZAP1, MGAT4B 
and response to immunotherapy is presump-
tive and needs to be validated by functional 
experiments and single-cell transcriptome 
tests.

Conclusions

In summary, this study discovered a serum tri-
protein biomarker combination (SERPINE2, 
DAZAP1, MGAT4B) by analysis of DIA pro-
teomics, which could predict the effectiveness 
of immunotherapy, useful for stratification of 
patient survival of NSCLC. The composite risk 
score model is a promising, noninvasive tool  
for screening immunotherapy beneficiaries. 
The results of this study show the application  
of serum proteomics for translational biomark-
er discovery, and provide the basis for studying 
the mechanism of interaction between circulat-
ing proteins and antitumor immune response.
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