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molecular mechanisms of immunotherapy resistance in
patients with oesophageal squamous cell carcinoma

LIJUAN GAO and YONGSHUN CHEN

Department of Clinical Oncology, Renmin Hospital of Wuhan University,
Wuhan University First Clinical College, Wuhan, Hubei 430060, P.R. China

Received November 8,2022; Accepted February 24, 2023

DOI: 10.3892/br.2023.1619

Abstract. Systemic chemotherapy, the standard first-line treat-
ment option for patients with advanced oesophageal squamous
cell carcinoma (OSCC), results in a median survival of ~1 year.
Immune checkpoint inhibitors are a breakthrough oncology
treatment option; however, most patients with advanced OSCC
develop primary and acquired resistance to programmed
death receptor-1 (PD-1) monoclonal antibody, severely
affecting their prognosis. Therefore, there is an urgent need to
investigate the molecular mechanism underlying resistance to
treatment. The present study aimed to explore the mechanism
of resistance to PD-1 monoclonal antibody. Plasma samples
were collected from patients with OSCC treated with immuno-
therapy, who achieved pathological response/partial response
(CR/PR) or stable disease/progressive disease (SD/PD) after
the fourth treatment cycle. TM-widely targeted metabolomics,
widely targeted lipidomics, and DIA proteomics assays were
performed. Differential metabolites were screened based on
fold change (FC) =1.5 or <0.67 and a VIP =1; differential
proteins were screened based on FC >1.5 or <0.67 and P<0.05.
The identified metabolites were annotated and mapped using
the Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway databases. The differential proteins were annotated to
the Gene Ontology and KEGG pathway databases. A correla-
tion network diagram was drawn using differential expressed
proteins and metabolites with (Pearson correlation coefficient)
r>0.80 and P<0.05. Finally, 197 and 113 differential metabo-
lites and proteins were screened, respectively, in patients with
CR/PR and SD/PD groups. The KEGG enrichment analysis
revealed that all of these metabolites and proteins were

Correspondence to: Professor Yongshun Chen, Department of
Clinical Oncology, Renmin Hospital of Wuhan University, Wuhan
University First Clinical College, 238 Jiefang Road, Wuhan,
Hubei 430060, P.R. China

E-mail: 2018203020082@whu.edu.cn

Key words: oesophageal squamous cell carcinoma, immunotherapy,
PD-1 monoclonal antibody, proteomics, metabolics

enriched in cholesterol metabolism and in the NF-«B and
phospholipase D signalling pathways. The present study is
the first to demonstrate that PD-1 inhibitor resistance may be
attributed to cholesterol metabolism or NF-xB and phospho-
lipase D signalling pathway activation. This finding suggests
that targeting these signalling pathways may be a promising
novel therapeutic approach in OSCC which may improve
prognosis in patients undergoing immunotherapy.

Introduction

Systemic chemotherapy, the first-line standard treatment for
advanced oesophageal cancer, leads to a median survival
of only ~1 year. Immune checkpoint inhibitors (ICIs) have
emerged as a breakthrough therapy for tumours resulting
in impressive progress in the treatment of multiple tumour
types (1-3). Commonly used ICIs include anti-cytotoxic T
lymphocyte antigen-4 (CTLA-4), anti-programmed death
receptor-1 (PD-1), and anti-programmed death receptor
ligand-1 (PD-L1) antibodies. Anti-PD-1 monoclonal anti-
bodies significantly improve therapeutic efficacy in advanced
oesophageal cancer, and three phase III clinical trials,
KEYNOTE-181 4), ATTRACTION-3 (5), and ESCORT (6),
have confirmed that second-line treatment with anti-PD-1
monoclonal antibodies significantly improved the survival
benefit in some patients with advanced oesophageal cancer,
confirming the important role of anti-PD-1 monoclonal anti-
bodies in the treatment of advanced oesophageal cancer. The
recent KEYNOTE-590 (7) and ESCORT-1st (8) studies also
found that anti-PD-1 monoclonal antibodies in combination
with chemotherapy as first-line treatment of advanced oesoph-
ageal cancer significantly prolonged overall survival (OS) and
led to a median OS of 13-16 months. However, the tumour
overall response rate (ORR) and median progression-free
survival (mPFS) in patients with advanced oesophageal cancer
undergoing second-line treatment with anti-PD-1 monoclonal
antibodies were ~20% and ~2 months, respectively. The
corresponding data for patients with advanced oesophageal
cancer undergoing first-line treatment with anti-PD-1 mono-
clonal antibodies combined with chemotherapy were ~50%
and ~6 months, respectively (7,8). These findings indicate
that most patients with advanced oesophageal cancer develop
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primary and acquired resistance against anti-PD-1 monoclonal
antibodies. Therefore, it is important to examine the molecular
mechanisms of anti-PD-1 monoclonal antibody resistance in
oesophageal cancer to improve patient prognosis.

Metabolomics is an emerging histological discipline that,
together with genomics and proteomics, forms the cornerstone
of systems biology. It analyses the metabolic status of the whole
or the system by means of high-throughput detection and assess-
ment of the dynamics of thousands of low-molecular-weight
metabolites that are formed via chemical transformation under
certain metabolic conditions (9,10). More precisely, metabolo-
mics is used to identify and quantify metabolites for revealing the
association between metabolite changes and pathological states,
or for revealing the effects of external factors. Metabolomics
holds great application potential as an advanced analytical
technique and bioinformatics tool for the diagnosis of various
cancers, such as non-small cell lung cancer (11), colorectal
cancer (12) and gastric cancer (13). Analytical techniques in
metabolomics mainly include nuclear magnetic resonance
(NMR), gas chromatography-mass spectrometry (GC-MS), and
liquid chromatography-mass spectrometry (LC-MS), which
have different characteristics and technical limitations. In
particular, MS techniques, such as GC-MS and LC-MS, have the
advantages of high sensitivity and a wide detection range with a
simple and useful database for metabolite identification (14-18).
NMR spectroscopy allows rapid and high-throughput detection
with relatively high reproducibility while requiring a small
number of samples and being non-destructive to the samples,
and is therefore suitable for tissue analysis (19).

Data-independent acquisition mass spectrometry
(DIA-MS) is anext-generation proteomic method that generates
permanent digital proteomic maps, allowing highly reproduc-
ible retrospective analysis of cell and tissue samples (20).
The technology has been widely used in oncology research
to elucidate the mechanisms of cancer development (21),
mechanisms of drug resistance, molecular classification of
cancer, and screening of cancer biomarkers (22). The number
of applications of DIA-MS to cancer proteomics has continu-
ally increased since the introduction of this technology in
2012 and includes different cancer types such as colorectal
cancer (23,24), hepatocellular carcinoma (25), pancreatic
cancer (26), prostate cancer (27), and follicular thyroid
tumours (28).

In the present study, plasma samples were collected from
15/16 patients with a pathological report confirming complete
response/partial response (CR/PR) or stable disease/progres-
sive disease (SD/PD) after immunotherapy. Metabolomic and
proteomic assays were performed on the plasma samples to
elucidate the changes in protein expression and metabolite
expression within the CR/PR group vs. the PD/SD group.
This is the first time a multi-omics technique has been used
to explore proteins and metabolites associated with resistance
to PD-1 monoclonal antibody in patients with oesophageal
squamous cell carcinoma (OSCC).

Materials and methods
Study design. In order to explore the molecular mechanism

of immunotherapy resistance in OSCC, plasma samples were
collected from patients with OSCC who underwent treatment

with an anti-PD-1 monoclonal antibody combined with chemo-
therapy after the fourth treatment cycle between January 2021
and January 2022. The cohort was comprised of 31 patients
including 8 females and 23 males. Their ages ranged from 42
to 80 with a median age of 65 years. The inclusion criteria
were as follows: i) Age, 18 to 80 years; ii) Eastern Cooperative
Oncology Group (ECOG) performance status (PS) score 0 to
1 (29); iii) history or pathology confirmed ESCC; iv) chemo-
therapy regimen consisted of cisplatin plus 5-fluorouracil; and
v) no previous tumor-related treatments. The exclusion criteria
were: 1) esophageal adenocarcinoma and small-cell carcinoma;
and ii) incomplete follow-up data. The treatment efficacy was
evaluated by the Responsive Evaluation Criteria in Solid
Tumours (RECIST) 1.1 (30) at the same period. Finally, the
plasma samples were divided into the CR/PR group (n=15)
and the SD/PD group (n=16). Subsequently, the differentially
expressed proteins (DEPs) and differentially expressed
metabolites (DEMs) between the two groups, which may be
the main contributing factors to immunotherapy resistance,
were determined using proteomic (DIA proteomics) and meta-
bolic analysis (including TM-widely targeted metabolomics
and widely targeted lipidomics). Furthermore, the DEPs and
DEMs were annotated to Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analysis and the molecular
mechanisms were elucidated by conjoint analysis of the DEPs
and DEMs. The study work flow is illustrated in Fig. 1.

Sample collection. A total of 31 plasma samples of oesopha-
geal squamous cell carcinoma, including 15 CR/PR and 16
SD/PD who underwent PD-1 monoclonal antibody combined
with chemotherapy were collected. The CR, PR, SD, PD was
determined using RECIST 1.1. TNM staging was performed
according to the sixth Union for International Cancer Control
(UICC) TNM classification system (31) due to the large span
of diagnosis. All oesophageal samples were collected from
patients at Renmin Hospital of Wuhan University (Wuhan,
China) between January 2021 and January 2022. Blood was
collected after obtaining written informed consent from the
participants. All patient consents were provided by the partici-
pants themselves or their guardian. The present study was
performed in accordance with the Declaration of Helsinki,
and the study was approved (approval no. WDRY2020-K212)
by the Bioethics Committee of Renmin Hospital of Wuhan
University (Wuhan, China). Detailed clinicopathological data
and qualified blood samples were available for all participants.
The sample details are provided in Table I. All samples were
immediately stored at -80°C until further analysis. The work-
flow of the present study is presented in Fig. 1.

TM-widely targeted metabolomics

Sample extraction. The steps for sample extraction were as
follows: i) The sample was removed from the -80°C refrig-
erator and placed on ice until no pieces of ice were observed
in the sample (all subsequent operations were required to be
performed on ice). ii) After thawing, the sample was shaken
on a vortex mixer for 10 sec to ensure thorough mixing, and
then 50 ul of the sample was transferred to a centrifuge tube
numbered correspondingly. iii) A metabolite extraction agent
(300 pl, 20/80 acetonitrile/methanol solution) containing
internal standards was added to the centrifuge tube, shaken
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Figure 1. Workflow of the present study. The plasmas of patients with oesoph-
ageal squamous cell carcinoma, who were treatment with anti-programmed
death receptor-1 monoclonal antibody combined with chemotherapy after
the fourth treatment cycle, were collected. The curative effect was simultane-
ously determined by the Responsive Evaluation Criteria in Solid Tumours 1.1
at the same period. Finally, the plasma samples were divided into a complete
response/partial response group (n=15) and a stable disease/progressive
disease group (n=16). The DEPs and DEMs between the two groups, which
may mainly contribute to the immunotherapy resistance, were then identi-
fied by proteomic (data-independent acquisition proteomics) and metabolic
(including TM-widely targeted metabolomics and widely targeted lipidomics)
analysis. Furthermore, conjoint analysis of the DEPs and DEMs included
Kyoto Encyclopedia of Genes and Genomes enrichment pathway analysis
and correlated analysis was used to elucidate the molecular mechanisms.
CR/PR, complete response/partial response; SD/PD, stable disease/progres-
sive disease; DEPs, differentially expressed proteins; DEMs, differentially
expressed metabolites; DIA, data-independent acquisition; KEGG, Kyoto
Encyclopedia of Genes and Genomes.

on the vortex mixer for 3 min, and centrifuged at 1,609.92 x g
for 10 min at 4°C. iv) Following centrifugation, 200 pl of the
supernatant was transferred into another correspondingly
numbered tube, which was then allowed to stand for 30 min
at -20°C in the refrigerator. v) The aforementioned tube was
centrifuged at 1,609.92 x g for 3 min at 4°C, then 180 pl of
supernatant was transferred into the liner tube of the corre-
sponding injection vial for instrumental analysis.

LC-MS operating conditions for metabolite detection. The
samples were firstly analysed by a non-targeted metabolite
to enlarge the database for widely targeted metabolites.
Non-targeted metabolite detection was conducted using ultra
performance liquid chromatography (UPLC; ExionL.C AD;
https://sciex.com.cn/) coupled with quadrupole-time of flight
mass spectrometry (TripleTOF 6600; AB SCIEX). The oper-
ating conditions of UPLC were as follows: ACQUITY HSS
T3 columns (2.1x100 mm, 1.8 xm), 0.1% formic acid/water as
mobile phase A, 0.1% formic acid/acetonitrile as mobile phase
B, column temperature of 40°C, flow rate of 0.35 ml/min, and
injection volume of 5 ul.

The data acquisition instrumentation system for widely
targeted metabolomics primarily comprised a UPLC instru-
ment (ExionLC AD; https://sciex.com.cn/) coupled with a
tandem mass spectrometry (MS/MS) instrument (QTRAP®;
https://sciex.com/).

Chromatographic separation conditions were as follows:
i) a Waters ACQUITY UPLC HSS T3 C18 column (1.8 ym,;
2.1x100 mm) as the chromatography column; ii) ultra-pure

water (containing 0.1% formic acid) as phase A and aceto-
nitrile (containing 0.1% formic acid) as phase B; iii) a
mobile-phase gradient with water/acetonitrile (V/V) of
95:5 at 0 min, 10:90 at 11.0 min, 10:90 at 12.0 min, 95:5 at
12.1 min, and 95:5 at 14.0 min; and iv) mobile-phase flow rate
of 0.35 ml/min, column temperature of 40°C, and injection
volume of 2 pl.

MS conditions. The electrospray ionization (ESI) source
temperature was 500°C, with an ion spray voltage of 5,500V
for the positive mode and -4,500V for the negative mode.
The ion source gas I (GS I) and gas II (GS II) pressures were
both 50 psi, and the curtain gas (CUR) pressure was 25 psi.
Collision-activated dissociation (CAD) parameters were set
to high values. In the triple quadrupole (Qtrap), each ion pair
was scanned for detection based on the optimized declustering
potential (DP) and collision energy (CE).

Widely targeted lipidomics

Sample extraction. The steps for sample extraction were as
follows: i) The sample was removed from the -80°C refrig-
erator and placed on ice until no pieces of ice were observed
in the sample. ii) After thawing, the sample was shaken on
a vortex mixer for 10 sec to ensure thorough mixing, and
then 50 pl of the sample was transferred to a centrifuge tube
numbered accordingly. iii) To the centrifuge tube 1 ml of
lipid extraction buffer (methyl tert-butyl ether/methanol=3:1,
V/V) was added containing internal standards, followed by
shaking the resulting mixture on a vortex mixer for 15 min.
iv) To the above mixture 200 pl of water was added, and
the new mixture was shaken on a vortex mixer for 1 min,
followed by centrifugation at 1,609.92 x g for 10 min at 4°C.
v) Following centrifugation, 200 pl of the supernatant was
transferred into a correspondingly numbered centrifuge
tube and concentrated until completely dry. vi) To the
aforementioned centrifuge tube, 200 ul of mobile phase B
was added, and the mixture was shaken on a vortex mixer
for 3 min, followed by centrifugation at 1,609.92 x g for
10 min at 4°C, and then by sampling of the supernatant for
LC-MS/MS analysis.

Data acquisition conditions of metabolites. The data acquisi-
tion instrumentation system consisted primarily of a UPLC
instrument (ExionLC AD) coupled with a tandem mass spec-
trometry (MS/MS) instrument (QTRAP®).

Liquid phase conditions were mainly the following: i) A
Thermo Accucore™ C30 column (2.6 ym, 2.1x100 mm) as
the chromatography column; ii) acetonitrile/water (60/40,
V/V; containing 0.1% formic acid and 10 mmol/l ammonium
formate) as mobile phase A, and acetonitrile/isopropanol
(10/90, V/V) (containing 0.1% formic acid and 10 mmol/I
ammonium formate) as mobile phase B; iii) a mobile-phase
gradient with A/B (V/V) of 80:20 at 0 min, 70:30 at 2 min,
40:60 at 4 min, 15:85 at 9 min, 10:90 at 14 min, 5:95 at 15.5 min,
5:95 at 17.3 min, 80:20 at 17.5 min, and 80:20 at 20 min; iv) a
mobile-phase flow rate of 0.35 ml/min, column temperature of
45°C, and injection volume of 2 pl.

MS conditions were mainly the following: The ESI source
temperature was 500°C, with an ion spray voltage of 5,500 V
for the positive mode and -4,500V for the negative mode.
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Table I. Clinicopathological characteristics of patients with
oesophageal squamous cell carcinoma.

CR/PR (n=15) SD/PD (n=16)

Age (%)
<65 10 (66.7) 8 (50.0)
>65 5(33.3) 8 (50.0)
Sex (%)
Female 2 (13.3) 6(37.5)
Male 13 (86.7) 10 (62.5)
TNM stage (%)
Stage 1 1(6.7) 0(0.0)
Stage 11 2 (13.3) 2(12.5)
Stage 111 4(26.7) 8 (50.0)
Stage IV 8(53.3) 6 (37.5)

CR/PR, complete response/partial response; SD/PD, stable disease/
progressive disease.

The ion source GS I and GS II pressures were 45 psi and
55 psi, respectively, and the CUR pressure was 25 psi. CAD
parameters were set to medium values. In the Qtrap, each
ion pair was scanned for detection based on the optimized
DP and CE.

Metabolite identification and quantification and data
analysis. After MS data were analysed with software Analyst
1.6.3 (AB SCIEX), substances were accurately identified by
mass-to-charge ratio (m/z) and RT of multiple ion pairs and
second spectra of the identified metabolites using the self-built
target standard database MWDB (including secondary spectra
and RT), the public MHK database compiled by Metware
[comprising Metlin, Human Metabolome Database (HMDB),
and KEGG databases and including secondary spectra and
RT], and the MetDNA algorithm.

After screening the characteristic ions of each substance by
triple quadrupole, the signal strength of characteristic ions in
the detector was obtained. Subsequently, through integrating
and correcting chromatographic peaks using the software
MultiQuant (version 3.0.3; AB SCIEX), the relative content of
the corresponding substance represented by the area of each
chromatographic peak, was obtained.

Significantly regulated metabolites between groups
were determined by variable importance in projec-
tion (VIP) =1 and absolute Log2FC =1.5 or <0.67. VIP
values were extracted from Orthogonal Partial Least
Squares Discriminant Analysis (OPLS-DA) results,
which also contain score plots and permutation plots,
and permutation plots were generated using R package
MetaboAnalystR (version 1.0.1; https://www.metaboana-
lyst.ca/). The data was log transformed (log2) and mean
centering was performed before OPLS-DA. In order to
avoid overfitting, a permutation test (200 permutations)
was performed. Metabolite annotation was performed
based on the KEGG compound database (http://www.
kegg.jp/kegg/compound/).

Quantitative proteomics

Sample extraction. Lysis solution (8 M urea/100 mM Tris-Cl)
was added to the sample. The resulting mixture was sonicated
in a water bath and incubated with dithiothreitol (DTT) for 1 h
at 37°C. Next, iodoacetamide (IAA) was added and the alkyla-
tion reaction was allowed to take place at room temperature
in the dark to block the sulfhydryl groups. Protein concen-
tration was determined using the Bradford method. After
protein quantification, 50 ug of the protein sample was used
for sodium dodecyl-sulphate polyacrylamide gel electropho-
resis (5% concentrated gel; 12% separation gel), which was
based on observation of Coomassie brilliant, blue-stained
protein bands. After sample reduction and alkylation, 100 mM
Tris-HCI was added to the sample to dilute the urea concentra-
tion to <2 M. Trypsin was added at an enzyme-to-protein mass
ratio of 1:50 and the mixture was incubated overnight at 37°C
for enzymatic protein cleavage, which was terminated the next
day by adding 10% TFA. The supernatant was desalted with
Sep-Pak C18, suction-dried, and stored at -20°C for later use.

MS detection.MS data were acquired using an Orbitrap Exploris
480 mass spectrometer in tandem with an EASY-nLC 1200
LC system (Thermo Fisher Scientific, Inc.). Peptide samples
were solubilized by a loading buffer, aspirated by an autos-
ampler, and loaded to an analytical column (75 ym x25 cm,
C18,1.9 ym, 100 A) for separation. Two mobile phases (mobile
phase A, 0.1% formic acid; mobile phase B, 0.1% formic acid
with 80% acetonitrile) were used in a gradient. The flow rate
of each liquid phase was set to 300 nl/min. MS data were
acquired in DIA mode, with each scan cycle consisting of
one MS1 scan (R=60K, AGC=3e6, Max IT=30 msec, scan
range=350-1,250 m/z) and 40 MS2 scans of variable windows
(R=30K, AGC=1,000%, Max IT=50 msec). High field asym-
metric waveform ion mobility spectrometry (FAIMS) was
operated (CV-45) and the collision energy was set to 30.

Data analysis. Raw DIA data were analysed using software
DIA-NN (v1.8) (32) according to the following steps: i) A
spectral library was predicted from the Swiss-Prot human
database (which was reviewed on March 12, 2021) by using
the DL algorithm of DIA-NN; ii) protein and peptide ions
were identified from the predicted library using the match
between run (MBR) algorithm with the raw DIA data; iii) the
protein and peptide ion identifications were filtered at a 1%
false discovery rate (FDR) to obtain quantitative proteomic
information for subsequent analysis.

A sample reproducibility test was performed using PCA
analysis and correlation coefficient analysis (Pearson correlation
test) based on the relative quantification results of protein. The
mean expression level of a given protein across all biological
replicates in one group was divided by the counterpart in the other
group, and the ratio was defined as the fold change (FC), with FC
<0.67 or FC >1.5 as the threshold for differential expression of
proteins in the two groups. A T-test on the FC data, with P<0.05
considered indicative of statistical significance, was performed
to identify differentially expressed proteins DEPs. Functional
enrichment analysis of DEPs was performed to identify the
Gene Ontology (GO; http:/www.geneontology.org/) categories
and KEGG pathways (clusterProfiler 3.10.1; https://biocon-
ductor.org/packages/release/bioc/html/clusterProfiler.html).



BIOMEDICAL REPORTS 18: 36, 2023

A B
I I . Tamine T
| | . 4
I I .
6-\ I | TG(16:0_22:6_22:6)
= ° 3 PC(14:0_20:5)
3 2 ry 1 |°o...... .:. LNAPE(20:5/N-18:1 °
< . . o ¢ TG( 12:0 ;:J
% . 1 L.... . . 0 I; .‘,
g |- b . 22 .
<] -— S Giycoursodeaxycholic aci 9 | Class
Q. | I .'\ . o i » Others
£ .. I | . - * Top down
8 . 1 * Top up
E P I A
5 | |
£ I I 0
% I | TG(18:2_18:2_18:3)
= | [ e
) * Down: 16 B 70 g
> | | Insignificant: 840 _1 : Eﬁitafl'\”z‘g‘zmg:‘
0 | | o Up: 47 weliss)
1 1 5 4 0 250 500 750
Log,FC Rank
C Vitamin digestion and absorption- o
Thermogenesis ()
Steroid biosynthesis
Serotonergic synapse- P-Value
Retrograde endocannabinoid signaling- 2 1.00
Regulation of lipolysis in adipocytes - [ ) 075
Pathogenic Escherichia coli infection ’
Metabolic pathways{ @) 0.50
Lipid and atherosclerosis [ ] 0.25
Kaposi sarcoma-associated herpesvirus infection . 0.00
Insulin resistance- ) '
Glycosylphosphatidylinositol (GPI)-anchor biosynthesis 4 Count
Glycerolipid metabolism () ® 10
Fat digestion and absorption+ o ® 20
Cholesterol metabolism+ o ® =0
Bile secretion+ .
Autophagy-other- 40
Autophagy-animal
Arachidonic acid metabolism+
alpha-Linolenic acid metabolism+
0.08 0.10 0.12 0.14
Rich factor

Figure 2. Metabolic change analysis of stable disease/progressive disease vs. complete response/partial response using TM-widely targeted metabolomics.
(A) The volcano plot shows the DEMs in the two groups. Each dot in the volcano map represents a metabolite, with the green dots representing downregulated
differential metabolites, the red dots representing upregulated differential metabolites, and the grey dots representing detected but not significantly different
metabolites. The x-coordinate represents the logarithmic value (log2FC) of the multiple of the relative content difference of a certain metabolite in the two
groups of samples. The greater the absolute value of the x-coordinate is, the greater the relative content difference of the substance between the two groups
of samples. Under VIP + FC (fold change) double screening conditions: The ordinate represents the VIP value, and the larger the ordinate value, the more
significant the difference, and the more reliable the differentially expressed metabolites obtained by screening. (B) The top 10 up- and downregulated DEMs
of the two groups. The horizontal coordinate represents the cumulative number of substances ordered according to the difference multiple from the smallest
to the largest, and the vertical coordinate represents the pair value with the difference multiple as base 2. Each point represents a substance; the green points
represent the top 10 downregulated substances, and the red points represent the top 10 upregulated substances. (C) The Kyoto Encyclopedia of Genes and
Genomes pathway enrichment analysis of the DEMs. The rich factor is the ratio of the number of DEMs in the corresponding pathway to the total number of
metabolites detected by the pathway. The higher the value, the greater the enrichment degree. The abscissa represents the rich factor corresponding to each
pathway; the ordinate represents the pathway name; the colour of the dots is the P-value; the redder it is, the more significant the enrichment is. The size of the
dot represents the number of enriched differential metabolites. DEMs, differentially expressed metabolites; VIP, variable importance in projection.

Results and PD/SD groups of patients with OSCC to elucidate the
metabolomic differences between the two groups. A total of
904 metabolites belonging to the lipid family, including sterol
lipid, fatty acyl class, glycerol phospholipids, sphingolipid,
and glyceride class were identified by wildly targeted lipids.

Metabolomic changes in the SD/PD group relative to the
CR/PR group. Widely targeted metabolomics and lipido-
mics were performed on the plasma samples of the CR/PR
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Figure 3. Metabolic change analysis of stable disease/progressive disease vs. complete response/partial response using widely targeted lipidomics. (A) The
Volcano plot shows the DEMs in the two groups. Each dot in the volcano map represents a metabolite, with the green dots representing downregulated
differential metabolites, the red dots representing upregulated differential metabolites, and the grey dots representing detected but not significantly different
metabolites. The x-coordinate represents the logarithmic value (log2FC) of the multiple of the relative content difference of a certain metabolite in the two
groups of samples. The greater the absolute value of the x-coordinate is, the greater the relative content difference of the substance between the two groups
of samples. Under VIP + FC (fold change) double screening conditions: The ordinate represents the VIP value, and the larger the ordinate value, the more
significant the difference, and the more reliable the DEMs obtained by screening. (B) The topl0 up- and downregulated DEMs of the two groups. The
horizontal coordinate represents the cumulative number of substances ordered according to the difference multiple from the smallest to the largest, and the
vertical coordinate represents the pair value with the difference multiple as base 2. Each point represents a substance; the green points represent the top 10
downregulated substances, and the red points represent the top 10 upregulated substances. (C) The Kyoto Encyclopedia of Genes and Genomes pathway
enrichment analysis of the DEMs. The rich factor is the ratio of the number of DEMs in the corresponding pathway to the total number of metabolites detected
by the pathway. The higher the value, the greater the enrichment degree. The abscissa represents the rich factor corresponding to each pathway; the ordinate
represents the pathway name; the colour of the dots is the P-value; the redder it is, the more significant the enrichment is. The size of the dot represents the
number of enriched differential metabolites. DEMs, differentially expressed metabolites; VIP, variable importance in projection.

A total of 1,517 metabolites were detected by TM-widely  differentially expressed metabolites were mainly Carnitine
targeted metabolomics, including bile acids, amino acid, C6:1, TG(16:0 22:6), PC(14:0-20:5), LNAPE(20:5/N-18:1),
phenolic acids, nucleotide, and its metabolites. TG(10:0-12:0_14,0), PC(15:0_20:5), TG(14:0,_14:1_18:1),

As shown in the volcano plot, a total of 16 downregulated  PI(18: 0,_20:5), PE(20:5_18:1), and PE(16:0_20:5), and
metabolites and 47 upregulated metabolites were detected the downregulated differentially expressed metabolites
by widely targeted lipidomics (Fig. 2A). The upregulated  were mainly LPI(20:3/0:0), PE(18:2,_19:1), PC(15:0_20:3),
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Carnitine C10:1-OH, PC(O-18:1_18;2), PC(O-18:0-20:3), expressed metabolites showed that these were mainly enriched
TXB2, PE(O-17:1_20:4), PI(18:1_20:2), and PE(P-17:0_20:4;  in the primary bile acid biosynthesis pathway and the bile
(Fig. 2B). KEGG enrichment analysis of the differentially = secretion pathway, as well as the cholesterol metabolism
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pathway (Fig. 2C). This suggests that the poor prognosis of
patients in the SD/PD group may be related to these three
pathways.

Moreover, widely targeted metabolomics showed that a
total of 74 metabolites were downregulated and 60 metabolites
were upregulated (Fig. 3A). The top ten up or downregulated
metabolites are shown in Fig. 3B. KEGG enrichment analysis
of the differentially expressed metabolites showed that these
were mainly enriched in the ‘NF-kappaB signaling pathway’,
the ‘primary bile acid biosynthesis’, the ‘cholesterol metabo-
lism’ (Fig. 3C), suggesting that the poor prognosis of patients
in the SD/PD group may be related to these pathways.

Proteomic changes of the SD/PD and CR/PR groups after
immunotherapy. Quantitative proteomic analysis was
performed on the plasma samples of both groups to eluci-
date the proteomic changes in the SD/PD group. MS data
were acquired using the DIA mode, which combined the
advantages of traditional shotgun proteomics with those
of the selected/multiple reaction monitoring (SRM/MRM)
technique, a technique considered as the ‘gold standard’ for
MS-based absolute quantification. The entire scan range of the
mass spectrometer was divided into several windows by m/z,
and all parent ions in each window were then fragmented and
detected, followed by collecting and using the fragmentation
information of all parent ions for protein characterization
and quantification. First of all, data were searched against the
Swiss-Prot Human database and the results were filtered at
1% FDR, which identified 12,365 peptides and 1,535 proteins.
Second, 113 differentially expressed proteins were identified,
comprising 50 upregulated proteins and 63 downregulated
proteins (Fig. 4A). For better observation of protein change
patterns, proteins with significant differential expression were
normalized and a clustered heat map was generated. This
showed that protein expression profiles were significantly
different between the CR/PR and SD/PD groups (Fig.4B). Next,
all differentially expressed proteins were subjected to enrich-
ment analysis for GO categories using ClusterProfiler (33) and
the results are shown in Fig. 4C. KEGG pathway enrichment
analysis revealed that differentially expressed proteins were
mainly enriched in the ‘PI3K-Akt signaling pathway’, the
‘NF-kappaB signaling pathway’, and the ‘phospholipase D
signaling pathway’ (Fig. 4D).

Combined metabolomic and proteomic analysis. Correlation
analysis between proteomic and metabolomic data was
performed to elucidate the mutual regulatory relationship
between differentially expressed proteins and metabolites.
First of all, the common KEGG pathways wherein both differ-
entially expressed proteins and metabolites were enriched
were identified according to KEGG pathway enrichment
analysis. The combined analysis of widely targeted proteomic
and lipidomic data showed that DEMs and DEPs were
enriched in the ‘cholesterol metabolism’ pathway (Fig. 5A).
The combined analysis of widely targeted metabolomic and
proteomic data showed that DEPs and DEMs were enriched in
the ‘NF-kappaB signaling pathway’ and in the ‘phospholipase
D signaling pathway’ (Fig. 5B). The results indicated that the
PD-1 monoclonal antibody resistance may be attributed to the
three metabolic signalling pathways.

Cholesterol metabolism, NF-kappaB, and phospholipase D
signalling pathway analysis. Considering that cholesterol
metabolism, NF-kappaB, and phospholipase D signalling
pathways play important roles in PD-1 monoclonal antibody
resistance in patients with OSCC, the enrichment of DEMs
and DEPs was then analysed in these pathways in detail. The
heatmap showed that the expression of triglyceride, choles-
teryl ester, and apolipoprotein H (APOH) was upregulated
in the SD/PD group (Fig. 6A), indicating that the cholesterol
metabolism signalling pathway was correlated with the poor
prognosis of patients with OSCC treated with immunotherapy
combined with chemotherapy. The expression of IGHV6-1,
IGHV3-72, IGHV1-18, IGHV3-11, IGHV2-70, IGHV1-2,
LY96, IGHV2-5, KIT and d-myo-inositol-1,4,5-triphosphate
enrichment in the NF-kappaB and phospholipase D signalling
pathway was also upregulated (Fig. 6B and C), suggesting
that the NF-kappaB and phospholipase D signalling pathway
was activated to promote the immunotherapy and chemo-
therapy resistance of OSCC. The process described above
indicates that the proteins target metabolites to regulate a
series of pathways. Clarifying the correlation between the
proteins and metabolites is essential for further screening
of the mechanisms of resistance to the PD-1 monoclonal
antibody in patients with OSCC. The results showed that
TG, CE, glycochenodeoxycholic acid, glycocholic acid, and
taurocholic acid were co-regulated by APOH (Fig. 6D and E),
indicating that APOH may contribute to the immunotherapy
and chemotherapy resistance by regulating the metabolism
of TG, CE, glycochenodeoxycholic acid, glycocholic acid,
and taurocholic acid. Cholesterol metabolism is described in
Fig. 6F.

Discussion

In recent years, an increasing number of studies have used MS
to identify biomarkers of oesophageal cancer. In one study,
non-targeted metabolomics was performed on tumour tissues
from 15 patients with stage I, II, III, and IV OSCC and 15
control individuals with normal oesophageal tissues, and
the results showed that glycerophosphate metabolism played
an important role in the development and progression of
OSCC (34). A database search showed that glycerophospholipid
metabolism genes, phosphatidylserine synthase 1 (PTDSSI)
and lysophosphatidylcholine acyltransferase 1 (LPCAT1),
can predict prognosis in patients with OSCC (34). A targeted
LC-MS/MS assay performed on serum samples from
320 patients with oesophageal cancer and 323 healthy indi-
viduals revealed that d-mannose was significantly upregulated
in the serum of patients with oesophageal cancer and could be
used as a potential biomarker for the diagnosis of oesophageal
cancer (35). Liquid chromatography-quadrupole/time-of-flight
mass spectrometry (LC-Q/TOF-MS)-based non-targeted
metabolomic examination of the serum samples of 40 patients
with OSCC and 10 healthy individuals revealed that phospha-
tidylcholine metabolism was significantly abnormal in the
serum of patients with OSCC (36). LC-MS and NMR analysis
revealed that metabolites abnormally expressed in patients with
oesophageal adenocarcinoma included B-hydroxybytyrate,
lysine, glutamine, citrate, creatinine, lactate, and glucose (37).
Furthermore, serum proline was found to be expressed at
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reduced levels in patients with oesophageal cancer and can
be used as a risk marker for early diagnosis of patients with
oesophageal cancer (38). A total of seven glycoproteins and
13 glycopeptides were found to be upregulated in patients
with oesophageal cancer (39). An LC-MS-based study identi-
fied 20 OSCC-related biomarkers, of which nine metabolites
were associated with in sifu tumour metastasis, lymph node
metastasis, and OS. Glutamate was associated with in situ
tumour metastasis; oleic acid, LysoPC (15:0), uracil, inosine,
and choline were associated with lymph node metastasis; and
glutamine, kynurenine, serine, and uracil were associated with
OS 40).

Numerous studies have been conducted in recent years
to explore the proteomic changes of patients with oesopha-
geal cancer (41-44). By using Isobaric Tags for Relative
and Absolute Quantification (iTRAQ), one study identified
516 differentially expressed proteins in oesophageal cancer
tissues and normal tissues adjacent to the cancer, in which
N-alpha-acetyltransferase 10 (NAA10) was expressed at
reduced levels in oesophageal cancer tissues and NAA10
inhibited the proliferation of OSCC cells; this suggests
that NAA10 may serve as a suppressor of OSCC and a new
potential diagnostic biomarker for OSCC (45). In addition, the
regulatory mechanism of MARCHS has been elucidated using
the iTRAQ technique (46). A combined application of iTRAQ
and 2D-LC-MS/MS identified 90 differentially expressed
proteins in 28 patients with OSCC and healthy individuals,
including extracellular matrix protein 1 (ECM1) and lumican
(LUM), which were subsequently shown to promote the
proliferation and metastasis of OSCC cells (47). Using iTRAQ
proteomics, one study identified 431 proteins differentially
expressed in OSCC tissues relative to paracancerous tissues,
such as 4-hydroxylase subunit a-1, prolyl4-hydroxylase subunit
a-2, calponin-2, immunoglobulin superfamily containing
leucine-rich repeat protein, and 3-hydroxylase 1 (48). Liu ef al
used large-scale and high-resolution MS-based proteomics to
classify oesophageal cancer into two subtypes, SI and S2, with
the S2 subtype characterized by upregulation of spliceosomal
and ribosomal proteins as the biomarker (49). A total of 9,042
proteins and 26,892 phosphosites were identified through
extensive proteomic and phosphoproteomic analysis based on
iTRAQ, including 556 differentially expressed proteins and
1,691 differentially expressed phosphorylation sites; protein
levels of the spliceosome pathway and phosphorylated protein
levels were significantly upregulated in patients with stage 111
oesophageal cancer with the poorest postoperative prognosis,
and CDC-like kinase may serve as a potential therapeutic
target for patients with OSCC (50).

The NF-«B pathway plays an important role in the develop-
ment and progression of tumours. Activation of this pathway
can upregulate downstream pro- and anti-apoptotic gene
expression and can regulate a range of signalling pathways
to promote tumour cell proliferation and inhibit apoptosis,
including the signalling pathways of STAT3, API, interferon,
regulatory factors, NRF2, Notch, WNT-f-catenin, and
p53 (51-54). In addition, the NF-kB pathway and inflammation
can promote genomic, epigenetic, and metabolomic alterations
that lead to the epithelial-to-mesenchymal transition (EMT),
metastasis, and invasion of tumour cells, resulting in tumour
resistance to immune drugs (55-57). Bulk and single-cell

transcriptomic analyses revealed that clinical patients treated
effectively with anti-CTLA4 and anti-PD1 showed upregula-
tion of NF-kB pathway genes in both tumour cells and immune
cells (58). Moreover, a large number of NF-«B-regulated
cytokines and chemokines were up- or downregulated in
patients who responded well to immunotherapy (59). CD28
binding leads to activation of the NF-kB pathway through
a number of processes, which plays an important role in the
in vivo anti-PD-1 treatment of mice (59). In addition, two clas-
sical NF-xB pathway-dependent genes, IFNy and CD127, can
enhance the efficacy of dual CTLA-4/PD-1 inhibition (60). It
has been widely demonstrated that activation of the NF-kB
pathway significantly enhances the efficacy of tumour immu-
notherapy (61-63). Numerous studies have shown that inhibitors
of the NF-«B pathway can inhibit tumour cell survival, prolif-
eration, and invasion both in vivo and in vitro, possibly by
promoting the maturation of DC cells and enhancing the
antitumor activity of T and NK cells (64-66).

The phospholipase D family is widely distributed in cells.
Phospholipase D isoforms (PLDs) and their hydrolysis product
phosphatidic acid (PA) have been shown to be involved in
the proliferation and metastasis of a variety of cancers. Both
PLDs and PA can promote the activation of mTOR and can
promote the expression of growth factor receptors, forming
positive feedback with the wingless-related integration
site protein (Wnt)/p-catenin/transcription factor 4 (TCF-4)
pathway, thereby promoting tumour cell survival. They can
also act as second messengers for numerous growth factors
to promote cascade signal amplification. PLDs and PAs can
promote tumour cell survival under nutrient deficiency. In the
case of insufficient glucose levels, PLD-1 can provide energy
to tumour cells by activating autophagy (67). In addition,
PLDs and PAs are involved in mitochondria-mediated apop-
totic processes. Mitochondrial cardiolipin deficiency leads to
the downregulation of cytochrome, which causes activation
of caspase-9 and caspase-3 and in turn activation of caspase
cascade reaction, thereby promoting apoptosis (68). PA is an
important intermediate metabolite for cardiolipin synthesis.
Conversely, PLDs and PA can promote tumour invasion
and metastasis. In particular, PLD2 plays an important role
in SNAIl1 and SNAI2-mediated EMT (69). PLDs and PA
can promote the binding of NF-kB with specificity protein
1, which in turn promotes the expression of SP1, thereby
increasing the degradation of the extracellular matrix (70).
By regulating the PI3K/Akt and mitogen-activated protein
kinase/ERK pathways, PLDs and PA can activate HIFs
to promote the production of pro-angiogenic downstream
targets and the phosphorylation of sphingosine kinase to
sphingosine-1-phosphate, thereby activating VEGF receptors
to promote tumour angiogenesis. The metastasis of vascular
endothelial cells was promoted by upregulating the expression
of MMPs and releasing Cripto-1. Some inhibitors of PLDs,
such as resveratrol, quercetin, and honokiol have also been
shown to have antitumor effects (71-73).

Cholesterol is a precursor of bile acids and cholesterol
hormones, and has been shown to promote the develop-
ment and progression of colon, breast, and prostate cancers.
It also regulates tumour development and progression by
modulating a range of signalling pathways involved therein.
Tumour cells require large amounts of cholesterol to meet
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the metabolic requirements of their rapid proliferation, such
as the requirements for cell formation and other physiological
functions (74). For example, 6-oxo-cholestan-33,5a-diol has
been revealed to be highly expressed in patients with breast
cancer (75), and to promote tumour progression by binding to
the glucocorticoid receptor. Therefore, cholesterol metabolism
can promote tumour progression, including tumour cell prolif-
eration, metastasis, and invasion (76-79). During cholesterol
metabolism, immunosuppressive cells such as neutrophils (80),
myeloid-derived suppressor cells (81), and tumour-associated
macrophages (82) may be recruited to the tumour microenvi-
ronment, where they promote tumour progression, or suppress
tumour regression by enhancing the function of T cells (83).
In short, due to the important role of cholesterol metabolism
in tumour progression, its inhibitors such as strains (84), lipo-
philic statins (85), R408-8071 (86), and zaragonic acids (87)
are mostly used in the clinical treatment of tumours.

The NF-«xB pathway, phospholipase D family and choles-
terol metabolism pathway play an important role in the tumour
progression. In the present study, the three aforementioned
signalling pathways were identified using metabolomics and
proteomics as being involved in the molecular mechanisms
of anti-PD-1 monoclonal antibody resistance in patients
with OSCC. More importantly, it was hypothesized that
the resistance of anti-PD-1 monoclonal antibodies induced
by cholesterol may be regulated by APOH. APOH also
promotes progression in various cancers. For example, it
was negatively related to prognosis in colorectal cancer (88)
and hepatocellular carcinoma (89). In addition, APOH may
be a promising non-invasive biomarker for renal cancer (90).
A previous study found that as an immune-related gene,
APOH could predict prognosis in early stage lung squamous
cell carcinoma (91) and gastric cancer (92). However, the
present study was limited by the small sample size and the
lack of validation samples. Therefore, plasma samples from
patients with OSCC undergoing treatment with anti-PD-1
monoclonal antibodies will be collected in the future to
perform targeted metabolomics and proteomics to clarify
the metabolites, metabolic pathways, and molecular mecha-
nisms involved in anti-PD-1 monoclonal antibody resistance
in patients with OSCC. Animal models of OSCC where
the mice are treated with PD-1 monoclonal antibody alone,
chemotherapy alone, and their combination will also be
examined using metabolic/proteomic analysis to elucidate
the DEPs and the DEMs between the chemoresistance alone
group and the combination resistance group, and between
the PD-1 monoclonal antibody resistance group and the
combination resistance group, and thus investigate the
potential interactions between the two therapies which lead
to the immunotherapy resistance. Animal models and cell
lines of OSCC will also be used to elucidate the molecular
mechanisms of immunotherapy resistance in OSCC, and in
addition, a search for low-molecular-weight drugs affecting
metabolic pathways will be performed in order to enhance
the sensitivity of immunotherapy in OSCC, and improve the
prognosis of OSCC patients.
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