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ABSTRACT

Background Advanced gastric cancer (aGC) exhibits
substantial heterogeneity in response to combination
immunotherapy. Circulating cell-free DNA (cfDNA) enables
non-invasive profiling of tumor dynamics and may provide
biomarkers for response prediction.

Methods We enrolled 94 patients with aGC undergoing
combination immunotherapy and assigned them to

a discovery set (n=49) and an internal validation set
(n=45). Plasma cfDNA was collected pre-treatment and
post-treatment and profiled by low-pass whole-genome
sequencing and whole-genome bisulfite sequencing in the
discovery set, with targeted bisulfite sequencing used in
the validation set.

Results The discovery set included 34 responders

and 15 non-responders, and the validation set included
30 responders and 15 non-responders. We found that
responders showed longer cfDNA, lower cfDNA tumor
fraction (median: 0.06 vs 0.01, p<0.001), reduced
chromosomal instability (median genomic instability
index: 0.026 vs 0.007, p<0.001), and higher global
methylation (median: 0.715 vs 0.724, p=0.007).
Additionally, the differentially methylated region (OMR) at
chr20:25849353-25849490 consistently showed higher
methylation in responders in both the discovery (adjusted
p=0.006) and validation sets (adjusted p=0.049). A
predictor based on this DMR outperformed programmed
death-ligand 1 (PD-L1) combined positive score (CPS)
with area under the curve (AUCs) of 0.79 (discovery:
95% Cl 0.65 to 0.93)and 0.72 (validation: 95% Cl 0.54

t0 0.91). When integrating PD-L1 GPS with this DMR, the
AUCs were 0.81 (discovery: 95% Cl 0.67 to 0.95)and
0.75 (validation: 95% CI 0.56 to 0.94), respectively.

For on-treatment monitoring, three DMRs increased
specifically in responders; among them, increased
methylation of chr8:110479193-110480324 and
chr8:50891437-50892120 was associated with improved
progression-free survival (median: 4.90 vs 11.57 months,
p<0.001; median: 5.20 vs 10.20 months, p=0.007).
Conclusion Integrated cfDNA profiling captures
immunotherapy-associated molecular dynamics in

aGC. A single pretreatment cfDNA methylation marker
(chr20:25849353-25849490) improves response
prediction beyond PD-L1 CPS and represents a potential
predictive biomarker for combination immunotherapy.

1,2,4

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Currently, programmed death-ligand 1 (PD-L1)
combined positive score, tumor mutation burden,
and microsatellite instability are regarded as the
most reliable predictive biomarkers for response to
immunotherapy. However, significant intrapatient
heterogeneity and the lack of adequate tumor tissue
may limit their effectiveness in clinical practice.

WHAT THIS STUDY ADDS

= This study establishes a novel multidimensional cir-
culating cell-free DNA (cfDNA) profiling framework
that integrates fragment length, chromosomal insta-
bility, global methylation, and specific differentially
methylated regions (DMRs).

= It identifies baseline methylation at
chr20:25849353-25849490 as a predictive bio-
marker (area under the curve (AUC)=0.79), which
demonstrates enhanced predictive power when
combined with PD-L1 combined positive score
(CPS) (AUC=0.81).

= Longitudinal analysis reveals dynamic shifts in
methylation at chr8:110479193-110480324 post-
treatment, which correlate with survival benefits.
These findings provide mechanistic insights into the
epigenetic regulation of immunotherapy response.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= The cfDNA-based integrative model challenges
current single-biomarker paradigms and advocates
for the adoption of multimodal liquid biopsy in clin-
ical decision-making. The validation of the synergy
between chr20 DMR and PD-L1 CPS could refine
patient stratification in clinical trials, while the dy-
namics of chr8 methylation may guide adaptive
treatment monitoring. These findings position cfDNA
methylation as a guideline-relevant tool aimed at
accelerating the development of precision oncology
frameworks for advanced gastric cancer.

INTRODUCTION
The advent of immune checkpoint blockade
targeting the programmed cell death protein
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1 (PD-1)/programmed death-ligand 1 (PD-L1) axis
has revolutionized oncology, ushering in a new era of
cancer therapeutics characterized by durable responses
and distinct biological mechanisms of action." Immu-
notherapy, particularly immune checkpoint inhibitors
(ICIs), has dramatically transformed the treatment
landscape for various malignancies, including advanced
gastric cancer (aGC),”* a disease historically associated
with dismal survival outcomes and limited therapeutic
options.* > Unlike molecularly targeted therapies that
focus on defined oncogenic drivers, ICIs frequently
induce long-lasting remissions and lower recurrence
rates, underscoring their unique and multifaceted mech-
anisms of antitumor activity.®

Following regulatory approval of anti-PD-1/PD-L1 anti-
bodies for a broad spectrum of solid tumors, recent phase
III clinical trials have demonstrated their clinical efficacy
in aGC." Biomarkers such as tumor mutational burden
(TMB) and PD-L1 expression have been endorsed by
the US Food and Drug Administration for predicting ICI
benefit.” ® Additionally, hematologic indices, including
platelet-to-lymphocyte ratio, neutrophil-to-lymphocyte
ratio, and Systemic Immune-Inflammation Index, along-
side conventional tumor markers like carcinoembryonic
antigen, carbohydrate antigens (CA72-4, CA125, CA19-
9), and alpha-fetoprotein, are frequently used for disease
monitoring and therapeutic assessment.”! However,
these approaches face significant limitations, including
inherent biological variability, the necessity for invasive
tissue sampling for molecular analyses, and interpretive
challenges inherent to immunohistochemical assays.'' '
Additionally, pronounced spatial heterogeneity between
primary and metastatic lesions erodes biomarker accu-
racy, accentuating the critical need for minimally invasive,
temporally dynamic predictive biomarkers to guide ICI
therapy."

Emerging liquid biopsy technologies, particularly the
interrogation of circulating cell-free DNA (cfDNA), have
emerged as promising tools for tumor detection and
monitoring."* "> Tumor-derived ¢fDNA (circulating tumor
DNA (ctDNA)) harbors unique genetic and epigenetic
alterations, enabling serial, real-time molecular profiling
of cancer dynamics.'°'” Notably, among the characteristics
of ctDNA, methylation patterns demonstrate particular
clinical potential: these epigenetic modifications mani-
fest earlier than somatic mutations during tumorigen-
esis, exhibit tissue-specific patterns, maintain exceptional
stability in biofluids, and are minimally affected by clonal
hematopoiesis.'* ' In the context of metastatic castration-
resistant prostate cancer, methylation-sensitive restric-
tion enzyme quantitative PCR analyses of liquid biopsies
have identified three genes (AKRIBI, LDAH, KLFS) that
effectively differentiate responders from non-responders
following treatment.” However, current methodologies
for methylation detection remain constrained by technical
limitations; locus-specific assays,” methylated DNA immu-
noprecipitation sequencing,” and reduced representa-
tion bisulfite sequencing® lack the resolution required

for comprehensive epigenomic profiling. Previous liter-
ature has reported multiple studies using whole-genome
bisulfite sequencing (WGBS) to investigate the landscape
of cfDNA at single-base resolution, identifying differen-
tially methylated regions (DMRs) by integrating informa-
tion from multiple individual cytosine-phosphate-guanine
(CpG) sites.”* Collectively, these studies have established a
growing consensus in the field that, due to the inherently
noisy nature of cfDNA, combining data from neighboring
CpG sites yields more reliable and robust outcomes.** *
Nevertheless, the genome-wide methylation landscape of
cfDNA at single-base resolution remains largely underex-
plored in the context of gastric cancer.

In this study, we performed low-pass whole-genome
sequencing (LP-WGS) and WGBS of cfDNA in a
discovery set comprising 49 patients with aGC with
98 plasma samples. For validation, targeted bisulfite
sequencing was conducted on 90 plasma samples from
45 immunotherapy-treated patients with aGC (figure 1).
This study aimed to characterize genome-wide methyla-
tion signatures in cfDNA, establish their predictive value
for immunotherapy response, and develop dynamic
monitoring frameworks for precision immuno-oncology
applications.

METHODS

Study design and patient

Between December 2020 and October 2023, a total of
94 patients with aGC who met eligibility criteria were
enrolled from The First Affiliated Hospital of Nanjing
Medical University (ChiCTR2000034109°) and The Affil-
iated Cancer Hospital of Nanjing Medical University. The
patients were divided into a discovery set (n=49) and an
internal validation set (n=45). The inclusion criteria were
as follows: (1) confirmed metastatic or recurrent gastric
adenocarcinoma; (2) at least one measurable lesion as
defined by the Response Evaluation Criteria in Solid
Tumors (RECIST) V.1.1%, (3) age of 18 years or older;
(4) adequate organ function as per-protocol; and (5) an
Eastern Cooperative Oncology Group performance status
of 0 or 1; (6) none of the patients had previously received
treatment with ICIs.

All patients, including those in the discovery and
internal validation sets, received combination therapy
consisting of PD-1 inhibitors (nivolumab, tislelizumab, or
camrelizumab) along with platinum-based chemotherapy
(oxaliplatin, fluorouracil, or capecitabine), with or
without angiogenesis inhibitors (anlotinib or apatinib),
until disease progression or intolerable toxicity occurred.

This prospective biomarker study analyzed 188 plasma
samples from: (1) a discovery set comprising 49 patients
with aGC and 98 longitudinal samples subjected to multi-
omics profiling; (2) an internal validation set consisting of
45 patients with aGC with 90 longitudinal samples under-
going validation. Comprehensive molecular characteriza-
tion included LP-WGS and WGBS for the discovery set,
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49 Patients with metastatic and/or recurrent unresectable
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Figure 1 Study design. cfDNA, cell-free DNA.

followed by targeted bisulfite sequencing in the internal
validation set (figure 1).

Response assessment and patient stratification

Tumor responses were assessed by radiographic evalua-
tion using computed tomography (CT) every 6weeks in
accordance with RECIST V.1.1 guidelines. At baseline,
all lesions were reviewed and classified as either measur-
able or non-measurable. Measurable lesions were defined
as non-nodal lesions with a longest diameter of >10mm
or malignant lymph nodes with a short-axis diameter of
>15mm. Lymph nodes with short-axis diameters ranging
from 210mm to <15mm, as well as all lesions measuring
<10mm, were classified as non-measurable.

For patients with measurable disease, up to five target
lesions in total (with a maximum of two per organ) were
selected at baseline to represent the overall tumor size.
For each target lesion, the longest diameter was measured
for non-nodal lesions, while the short-axis diameter was
measured for lymph nodes. The baseline sum of diam-
eters was calculated as the total of these measurements
and served as the reference for all subsequent compari-
sons. Follow-up tumor assessments adhered to the same
measurement criteria, and changes in the sum of diame-
ters were used to determine objective response or disease
progression.f

The best overall response (BOR) is the best response
recorded from the start of the study treatment until
the end of treatment. Patients classified as responders
achieved either a complete response (CR), which is
characterized by the complete disappearance of all
target lesions, or a partial response (PR), defined as a
minimum 30% reduction in the sum of the diameters of
target lesions compared with the baseline sum of diame-
ters. Additionally, stable disease (SD), defined as neither
sufficient shrinkage to qualify for PR nor sufficient
increase to qualify for progressive disease (PD), with a
progression-free survival (PFS) of 6 months or longer,

45 Patients with metastatic and/or recurrent unresectable
(30 Responder, 15 Non-responder)

A 4

A 4

cfDNA target methylation sequencing
17 baseline DMRs + 3 paired DMRs

Predicting model validated
(6 Responder and 2 Non-
responders exclued cause not
captured)

Monitoring model validated
(1 Responder exclued cause not
captured)

also categorizes patients as responders. Conversely,
patients exhibiting SD with a PFS of less than 6 months
or those with PD, defined as at least a 20% increase in
the sum of the diameters of target lesions compared
with the smallest sum observed during the study or the
emergence of one or more new lesions, are categorized
as non-responders.*®

PD-L1 status classification

PD-L1 protein expression was evaluated in formalin-
fixed paraffin-embedded (FFPE) tumor specimens
using the clinically validated 22C3 pharmDx immu-
nohistochemistry assay (Agilent Technologies, Santa
Clara, California, USA). Stained sections were system-
atically analyzed using the combined positive score
(CPS) quantification system, calculated as follows:
CPS = (PD-Ll'tumor cells+PD-L1 lymphocytes+PD-
L1 'macrophages) /total viable tumor cellsx100. Speci-
mens demonstrating a CPS >1 were considered PD-L1
positive.*?

Microsatellite instability profiling

The microsatellite instability (MSI) status of tumor
tissue was determined through two approaches: immu-
nohistochemical (IHC) evaluation and next-generation
sequencing (NGS). For the IHC evaluation, sequential
4pm FFPE sections were stained with monoclonal anti-
bodies against mismatch repair proteins, specifically
MLH1, MSH2, MSH6, and PMS2.*' In the NGS approach,
DNA from tumor-normal pairs underwent hybrid capture,
targeting 706 cancerrelated genes and 39 intronic
regions, achieving a mean coverage of 21000x. MSI scores
were calculated using the formula: MSI score=(unstable
loci/total evaluable loci)x100. Tumors exhibiting more
than 15% locus instability were classified as microsatellite
instability-high (MSI-H) in comparison to corresponding
peripheral blood samples.™

Fang J, et al. J Immunother Cancer 2026;14:€013792. doi:10.1136/jitc-2025-013792



Plasma biospecimen processing

Peripheral venous blood (8mL) was collected from the
study patients (N=94) using standardized phlebotomy
protocols at both baseline and post-treatment. In our
study, the pretreatment sample was defined as plasma
collected within 7days prior to the initiation of immu-
notherapy (from day -7 to day 0). The post-treatment
sample was collected on completion of two standard
21-day treatment cycles, specifically within 7 days before
the start of the third cycle (from day -7 to day 0 relative to
cycle 3). The samples were immediately aliquoted into 10
mL K2 EDTA Vacutainer tubes (BD Biosciences, Franklin
Lakes, New Jersey, USA) and maintained vertically at 4°C
during transport. Plasma isolation was initiated within
2hours post-collection through a sequential centrifuga-
tion process: primary separation involved centrifugation
at 3,000 rpm for 10 min at 4°C, followed by clarification at
16,000xg for 10 min at 4°C to effectively remove residual
cellular components.”

cfDNA isolation

cfDNA was isolated from 500pL of plasma using the
MiniMax High Efficiency ¢fDNA Isolation Kit (Apostle,
San Jose, California, USA), following the manufacturer’s
protocol with a modification for protease digestion. The
concentrations of DNA were quantified using a Qubit
V.2.0 Fluorometer (Thermo Fisher Scientific, Waltham,
Massachusetts, USA). The purified cfDNA was then resus-
pended in a final volume of 20 pL and stored at -80°C
until further analysis.

Plasma cfDNA was extracted and quantified prior to
library preparation. To minimize variability caused by
differencesin cfDNA concentration across samples, cfDNA
input was normalized before downstream processing. For
each sample, approximately 5ng of cfDNA was used for
library construction.

cfDNA LP-WGS library preparation and data analysis

The sequencing library preparation was performed
following standard low-input cfDNA library construction
protocols. Briefly, 12.5 pL. of cfDNA samples was subjected
to end repair and A-tailing using the KAPA HyperPlus kit
(Roche Diagnostics, Basel, Switzerland) following the
manufacturer’s instructions. Subsequently, adapter liga-
tion and amplification were performed using the KAPA
HIFI HotStart ReadyMix (Roche Diagnostics, Basel, Swit-
zerland). The libraries were then purified, quantified,
and pooled for sequencing on the Illumina NovaSeq 6000
with paired-end 150bp mode. For individual samples,
LP-WGS yielded a median sequence coverage of approx-
imately 3.9x.

The cfDNA fragment size profiles were generated
from paired-end LP-WGS data. After the removal of
adapter sequences, the reads were aligned to the hgl9
reference genome using BWA-MEM, followed by the
elimination of PCR duplicates using Picard Tools “Mark-
duplicates”. The fragment size distributions were quan-
tified from the deduplicated BAM files using Picard’s

“CollectlnsertSizeMetrics” tool. This analysis produced
genome-wide cfDNA fragment length profiles without
stratification by chromosome or region. The median
size of ¢fDNA fragments® and the proportions of frag-
ments ranging from 20 to 150bp,” as well as the ratio
of fragments measuring 100-150bp to those measuring
151-220 bp,*® were subjected to statistical analysis.

CNA analysis and quantification of tumor-derived cfDNA
based on LP-WGS

Somatic copy number alterations (CNAs) and tumor
fraction (TF) were inferred from cfDNA LP-WGS data
using “ichorCNA” (https://github.com/broadinstitute/
ichorCNA, V.0.2.0), a tool specifically developed for the
detection of CNAs and estimation of TFs in cfDNA without
prior knowledge of tumorspecific mutations.” Briefly,
paired-end reads with a mapping quality of >20 were
counted in non-overlapping 1Mb genomic bins using
the “readCounter” tool from the “HMMcopy” Suite.”
Bins overlapping centromeric regions and genomic gaps
were excluded. To correct for systematic technical biases,
read counts were normalized for guanine-cytosine (GC)
content and mappability using locally estimated scatter-
plot smoothing (LOESS) regression, and further normal-
ized against a reference panel generated from LP-WGS
data of 22 healthy donors processed using the same
experimental and computational pipeline. Log2 copy
-ratio values were then computed for each bin relative to
the healthy reference.

“ichorCNA” employs a hidden Markov model-based
Bayesian framework to segment the genome into discrete
copy-number states, including deletions, copy-neutral
regions, gains, and amplifications. The cfDNA signal is
modeled as a mixture of tumor-derived and non-tumor-
derived DNA fragments, allowing for the estimation
of the TF as the inferred proportion of ctDNA in each
sample. The model jointly estimates CNA states, TF, and
tumor ploidy. Only large-scale CNAs were considered in
this analysis; allele-specific imbalance and copy-neutral
loss of heterozygosity were not assessed due to the limited
allelic resolution of LP-WGS data.

Chromosomal instability (CIN) was quantified using the
Genomic Instability Index (GII), which summarizes the
overall burden of somatic CNAs across the genome. For
each sample, the GII was calculated from segmented CNA
profiles generated by “ichorCNA”, adhering to previously
published methodologies.” Briefly, for each genomic
segment, we evaluated the absolute log2 copy-ratio rela-
tive to the diploid baseline and identified segments whose
deviations exceeded a predefined threshold. The GII was
subsequently defined as the proportion of all assessed
genomic segments that surpassed this deviation threshold,
thereby reflecting the overall extent of genome-wide copy
number gains and losses and providing a quantitative
measure of chromosomal instability.

Chromosome arm-level alterations, along with statis-
tically significant amplifications and deletions, were
identified and visualized using “GISTIC” V.2.0 (https://
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genepattern.broadinstitute.org/) with the following
parameters: 0.95 confidence level, 0.25 amplification and
deletion thresholds, and a 0.25 significance threshold for
q values.*

cfDNA WGBS library preparation and data analysis

Library preparation included end repair, A-tailing, and
adapter ligation, performed according to previously
established methods. The sequencing library prepara-
tion followed standard procedures, including end repair,
A-tailing, and adapter ligation as previously described.
Subsequently, plasma-derived cfDNA underwent bisul-
fite conversion using the EZ DNA Methylation-Lightning
Kit (Zymo Research, Irvine, California, USA). Amplifica-
tion steps were executed using the KAPA HIFI HotStart
ReadyMix (Roche Diagnostics, Basel, Switzerland). Then,
the libraries were purified, quantified, and pooled for
sequencing on Illumina NovaSeq 6000 with paired-end
150 bp mode. For individual samples, WGBS produced a
median sequence coverage of approximately 38.3x.

The sequencing quality and raw reads trimming were
performed as previously described. Subsequently, we
adhered to the standard “Bismark” workflow to perform
mapping to the hgl9 reference genome, PCR dedupli-
cation, and methylation extraction (https://github.com/
FelixKrueger/Bismark, V.0.24.2) for all WGBS samples."'
Only CpG sites were used for subsequent analysis and
visualization.

cfDNA targeted bisulfite sequencing library preparation and
data analysis

End repair, A-tailing, adapter ligation, bisulfite conver-
sion, PCR amplification, purification, and quantifica-
tion were performed according to established protocols.
According to the manual, pre-library samples are mixed
in equal amounts to create a pool for every 12 samples,
with each pool containing a total cfDNA input of approx-
imately 1,500ng. Hybridization capture is subsequently
performed using the QuarHy One Reagent Kit (Dyne-
gene, Guangzhou, China). The libraries are then purified,
quantified, and pooled for sequencing on the Illumina
NovaSeq 6000 in paired-end 150bp mode. For indi-
vidual samples, targeted bisulfite sequencing produced a
median of approximately 9.64 million reads.

The sequencing quality, raw read trimming, and
mapping were conducted as previously described. The
methylation levels of DMRs were calculated for all CpG
dinucleotides within the regions captured by the probes.
This was achieved by dividing the number of unique reads
containing a cytosine at the interrogated position by the
total number of reads covering that position.

Computational identification of DMRs in cfDNA

DMRs were detected using the R package “DSS (Dispersion
Shrinkage for Sequencing data)”.* Briefly, DSS employs
a Bayesian hierarchical model with local smoothing to
borrow information across neighboring CpG sites, which
increases sensitivity under uneven sequencing depth and

reduces noise at individual CpGs. DMRs are subsequently
constructed by aggregating contiguous differentially
methylated loci based on user-defined criteria, including
the minimum number of CpGs within a region (minCG),
the minimum genomic length (minlen), a methylation
difference threshold (delta), and a statistical significance
threshold at the single CpG level (p.threshold). Thus,
regions are not defined by a fixed distance cut-off alone,
but rather by the density, consistency, and magnitude
of CpG-level methylation differences within genomic

neighborhoods.
For the baseline analysis (responders vs non-
responders), we applied used criteria (minCG=3,

minlen=50bp, delta=0.1, p.threshold=0.01) to maintain
sensitivity to shorter regulatory regions, such as promoters
and enhancers. For the longitudinal analysis (pretreat-
ment vs post-treatment), to avoid false positives and
ensure that only robust treatment-associated changes were
captured, we adopted more stringent criteria (minCG=5,
minlen=500bp, delta=0.1, p.threshold=1x10"") to prior-
itize longer regions supported by multiple CpGs and
strong statistical evidence. We then annotated the iden-
tified DMRs with specific functional regions (CpG island,
CpG shore, CpG shelve, CpG inter, enhancer, CDS,
3’UTR, 5'UTR, intron, exon, intergenic, and promoter)
using the “annotatr” package.*

Gene Set Enrichment Analysis

Gene Set Enrichment Analysis (GSEA) was conducted
to evaluate whether the genes associated with baseline
DMRs and those associated with therapy-induced DMRs
were enriched in the transcriptional changes linked to
immunotherapy responses in human gastric cancer. RNA
sequencing data from both immunotherapy responders
and non-responders were sourced from the public dataset
PRJEB25780.* A differential expression analysis was
performed to compare responders and non-responders,
ranking all genes based on their log2 fold change. A total
of 172 DMR-associated genes from 325 baseline DMRs
were used to construct gene sets. GSEA was executed
using the “clusterProfiler” package,” and the results were
visualized with the “GseaVis” package.*

Machine learning model
The R packages “caret” and “glmnet” were employed
for data preprocessing and feature selection in the
discovery set. First, recursive feature elimination (RFE)
was conducted using a Random Forest (RF) classifier,
where feature importance was quantified based on each
feature’s contribution to predicting treatment response.
To address the stochastic variability inherent to RF models,
the complete RFE procedure was repeated 500 times with
different random seeds. DMRs that were selected in more
than 250 of the 500 repetitions were retained as stable
and reproducible candidates.

In the second step, the stability-selected DMRs were
further refined using least absolute shrinkage and
selection operator (LASSO) regression with 10-fold
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cross-validation. Cross-validation was employed to deter-
mine the optimal regularization parameter (A.min), after
which LASSO was refitted on the full dataset using this A
value. The DMRs with non-zero coefficients in the refitted
model were defined as the final candidate features. These
features were subsequently assessed for their ability to
discriminate between responders and non-responders in
both the discovery and internal validation sets.

To evaluate the combined predictive value of PD-L1
CPS and the validated DMR, we constructed a generalized
linear model (GLM) using both variables as continuous
predictors. Specifically, PD-L1 CPS and the methyla-
tion level of the selected DMR were jointly included in
a binomial GLM to estimate the probability of response.
Model training was performed with leave-one-out cross-
validation (LOOCV) implemented in the “caret” package
in R. The performance of these models was evaluated
in both the discovery and internal validation sets using
receiver operating characteristic (ROC) curves.’

Outcomes

This study was designed as a prospective translational
analysis to investigate cfDNA-based biomarkers associ-
ated with response to ICIs in patients with aGC. Radio-
graphic response evaluated according to RECIST V.1.1
was used to categorize patients into responders and
non-responders and served as the clinical reference for
biomarker discovery and validation.

PFS was defined as the time from treatment initiation
to disease progression or death, and overall survival (OS)
as the time from treatment initiation to death from any
cause. Objective response rate (ORR), PFS, and OS were
summarized descriptively to support interpretation of
cfDNA-based biomarker analyses.

Statistical analysis

ORR along with 95% CIs were calculated using the
binom.test” function. Survival analysis was performed
using the R packages “survival” and “survminer”. PFS
and OS curves were generated using the Kaplan-Meier
method, with survival probability plotted against survival
time (in months). The patients were divided into methyl-
ation high and low groups with the median methylation
level of each DMR as an unbiased, data-driven cut-off.
Additionally, in the longitudinal analysis of cfDNA DMRs
before and after treatment, patients were assigned to the
decreased group when the post-treatment methylation
level of a given DMR was lower than baseline, and to the
increased group when the post-treatment level was higher
than baseline. Univariable survival differences between
groups were assessed using the log-rank test, with a p
value of <0.05 considered statistically significant.

The Fisher’s exact test was employed to analyze and
compare categorical variables. The Wilcoxon test was
used for comparisons of independent continuous vari-
ables, while the paired Wilcoxon test was applied for
paired samples. Additionally, heatmap analyses of DMRs
were conducted using the R package “pheatmap”. We

«

also calculated the statistical power of the tests using the “
power.roc.test” function from the “pROC” package, estab-
lishing a target area under the curve (AUC) of 0.75 and
a significance level of 0.05. In the discovery set, which
included 34 responders and 15 non-responders, the
determined power was 0.85. In the internal validation
set, comprising 30 responders and 15 non-responders,
the power was 0.83. All statistical analyses were executed
using R V.4.2.3.

RESULTS
Patient characteristics and treatment response
A total of 94 patients with aGC who underwent combi-
nation immunotherapy were enrolled and assigned to a
discovery set (n=49) and an internal validation set (n=45)
(online supplemental table 1). According to the BOR
following the criteria of RECIST V.1.1%7 throughout the
treatment course, the discovery set included 29 patients
with PR, 16 with SD, and 4 with PD (ORR, 59.2%),
whereas the validation set comprised 23 patients with PR,
16 with SD, and 6 with PD (ORR, 51.1%) (online supple-
mental table 1). Based on the commonly used criteria,*
responders were defined as patients with CR, PR, or
SD with PFS >6 months, whereas non-responders were
defined as patients with SD with PFS <6 months or PD.
Accordingly, 34 responders and 15 non-responders were
identified in the discovery set, while 30 responders and
15 non-responders were identified in the validation set.
No significant differences were observed in demo-
graphic characteristics (including age and sex) or clini-
copathological features (including Lauren classification
and primary tumor site) between responders and non-
responders in either the discovery set or the internal vali-
dation set (online supplemental table 1). Notably, PD-L1
status* and MSI status,** which are potential predictors of
immunotherapy response, were also comparable between
the two groups (online supplemental table 1).

Genomic profiling of cfDNA in patients with aGC stratified by
treatment response

In the discovery set, we extracted cfDNA from plasma
samples collected from responders and non-responders
at both pretreatment (R-pre, NR-pre) and post-treatment
(R-post, NR-post) time points. The cfDNA concentra-
tions did not differ significantly between responders and
non-responders at baseline (median: 0.48 vs 0.43ng/pL,
p=0.474) or after treatment (median: 0.51 vs 0.47ng/
pL, p=0.965; online supplemental figure 1A and table
2). Additionally, no correlation was detected between
baseline cfDNA concentration and tumor size across all
pretreatment samples (R=0.157; p=0.280; online supple-
mental figure 1B).

We then assessed genome-wide cfDNA features, including
fragmentation patterns and copy-number derived metrics
(figure 1). At baseline, cfDNA median fragment size was
negatively correlated with tumor size (R=-0.469, p<0.001;
Online supplemental figure 1C). However, no significant
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differences were observed between responders and non-
responders in median fragment length (figure 2A, online
supplemental figure 1D), the proportion of fragments
between 20-150bp (online supplemental figure 1E), or
the fragment short/long ratio (100-150bp/151-220bp)
(online supplemental figure 1F) at baseline. After treat-
ment, responders showed a shift toward longer cfDNA
fragments (median fragment size: 166.85 vs 168.49bp,
p=0.016; figure 2A, online supplemental figure 1D), accom-
panied by a significant decrease in the proportion of frag-
ments between 20-150bp (p=0.011; online supplemental
figure 1E) and in the fragment short/long ratio (p=0.004;
online supplemental figure 1F), whereas no significant
changes were observed among non-responders, indicating
a treatment-associated decrease in tumor-derived cfDNA in
responders, with concomitant enrichment of longer cfDNA
fragments.*’ >

We next compared cfDNA TF and GlI, estimated from
cfDNA CNA profiles (figure 2B), between the responders
and non-responders at baseline and post-treatment
(online supplemental table 2). As expected, both base-
line GII (R=0.510, p<0.001, online supplemental figure
1G) and cfDNA TF (R=0.606, p<0.001, online supple-
mental figure H) were positively correlated with tumor
size. Additionally, the baseline GII (figure 2C) and
cfDNA TF (figure 2D) did not differ significantly between
responders and non-responders. After treatment, both
the GII (median: 0.026 vs 0.007, p<0.001, figure 2C) and
cfDNA TF (median: 0.057 vs 0.010, p<0.001; figure 2D)
significantly decreased in responders, indicating a resto-
ration of chromosomal instability. In contrast, non-
responders largely retained their baseline CNA profiles
(GII, median: 0.061 vs 0.010, p=0.330; figure 2C; cfDNA
TF, median: 0.123 vs 0.023, p=0.252; figure 2D).

For example, in patient EPO5 (responder; PD-LI
CPS=2), a 65.9% reduction in tumor size and a concomi-
tant decrease in cfDNA TF were observed after two cycles
ofimmunotherapy (figure 2E,F). Conversely, patient EP24
(non-responder; PD-L1 CPS=10) exhibited only a 2.6%
decrease in tumor size but an increase in cfDNA TF post-
treatment (figure 2G,H), highlighting the high quality of
the extracted cfDNA and the accuracy of cfDNA-derived
signals in reflecting patient tumor dynamics.

c¢fDNA methylomic profiling reveals response-associated
signatures in patients with aGC

Similarly, based on WGBS data from cfDNA in the
discovery set (figure 1), we observed a strong inverse
correlation between baseline global c¢fDNA methyla-
tion levels and tumor size (R=-0.612, p<0.001; online
supplemental figure 2A and table 2). In addition, the
global cfDNA methylation levels did not differ between
responders and non-responders at baseline (p=0.889;
online supplemental figure 2B). After treatment initia-
tion, responders showed a significant increase in global
methylation levels (median: 0.715 vs 0.724, p=0.007;
online supplemental figure 2B), whereas non-responders
exhibited no discernible change (median: 0.717 vs 0.714,

p=0.639; online supplemental figure 2B). Post-treatment
methylation levels also tended to be higher in responders
(p=0.022; online supplemental figure 2B).

To further assess whether methylation signatures could
serve as predictive biomarkers for combination immuno-
therapy in aGC, we integrated information across indi-
vidual CpG sites in pretreatment cfDNA and identified 325
DMRs (online supplemental table 3). Among these, 64.3%
showed higher methylation levels in responders compared
with non-responders, whereas 35.7% were hypomethyl-
ated in responders (figure 3A). These DMRs were mapped
to 172 genes (online supplemental table 3), including
TNFSF9,”" HLA-DPA1,”* and LTA,” which have been impli-
cated in antitumor immunity and response to immune
checkpoint blockade. Pathway enrichment analysis of these
DMR-associated genes revealed significant enrichment in
immune-related pathways, including regulation of mono-
nuclear cell proliferation, positive regulation of lympho-
cyte proliferation, positive regulation of T-cell proliferation
(online supplemental figure 2C). To further support the
functional relevance of these genes, we analyzed an external
transcriptomic dataset of tumor tissues from patients with
gastric cancers treated with immunotherapy (PRJEB25780).
Notably, 8.1% of the DMR-associated genes showed differ-
ential expression between responders and non-responders,
and GSEA revealed significant enrichment of these DMR-
associated genes in responders (online supplemental figure
2D), supporting a potential role in modulating antitumor
immunity.

To distinguish immunotherapy responders from non-
responders, we applied Random Forest-based variable
importance scoring and LASSO regression (online supple-
mental figure 2E) to the 325 preselected DMRs, yielding
17 candidate DMRs (online supplemental table 4), which
were subsequently validated in the internal validation
set among individuals with successful capture of all 17
DMRs by targeted bisulfite sequencing (figure 1). Among
these, the DMR at chr20:25849353-25849490 exhibited
consistently elevated methylation levels in responders
compared with non-responders across both the discovery
set (adjusted p=0.006; figure 3B, online supplemental
table 4) and internal validation set (adjusted p=0.049;
figure 3C, online supplemental table 4). To exclude
the potential confounding by MSI-H status, sensitivity
analyses restricted to MSS individuals confirmed that
chr20:25849353-25849490 remained different between
responders and non-responders (online supplemental
table 5).

We next evaluated the predictive performance of
DMR c¢hr20:25849353-25849490, both alone and in
combination with PD-L1 CPS. In the discovery set, the
DMR-only model achieved an AUC of 0.79 (95% CI
0.65 to 0.93; figure 3D), outperforming PD-L1 CPS
alone (AUC=0.65, 95%CI 0.49 to 0.82; figure 3D).
The combined model further improved performance
(AUC=0.81, 95%CI 0.67 to 0.95; figure 3D). These
findings were replicated in the validation set, with
corresponding AUGCs of 0.61 (PD-L1 CPS alone: 95% CI
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Figure 2 Molecular profiling of cfDNA dynamics pre-immunotherapy and post-immunotherapy. (A) Fragment size distribution
of human-mapped cfDNA across treatment groups: responders (R-pre, R-post) and non-responders (NR-pre, NR-post). Vertical
dashed lines denote group-specific median fragment lengths. (B) Copy-number alteration heatmaps for R-pre, R-post, NR-pre,
and NR-post are displayed, with the x-axis representing individual samples arranged from left to right. Each row corresponds
to a different chromosome, organized vertically from top to bottom. The color gradient in the heatmap indicates the degree of
copy-number alteration, with red and blue representing copy gains and losses, respectively. The comparative analysis of cfDNA
reveals Genomic Instability Index (C) and TFx (D) in responders (n=34) versus non-responders (n=15) both pre-treatment and
post-treatment. A Wilcoxon test was used for comparisons of unpaired samples, while a paired Wilcoxon test was employed
for paired samples. (E-H) Representative imaging-genomic correlations: responder baseline (E) and follow-up CT (F) after two
immunotherapy cycles (left panels), with paired genome-wide copy-number profiles and TFx (right panels). Non-responder
baseline (G) and follow-up CT (H) (left panels), with corresponding genomic profiles (right panels). cfDNA, cell-free DNA; NR-
pre, non-responders at pre-treatment; NR-post, non-responders at post-treatment; R-pre, responders at pre-treatment; R-post,
responders at post-treatment; TFx, tumor fraction.
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Figure 3 Differential baseline cfDNA methylation signatures are predictive of immunotherapy response in advanced gastric
cancer. (A) Unsupervised clustering of whole-genome bisulfite sequencing data from pretreatment plasma cfDNA of patients
with advanced gastric cancer (discovery set: 34 responders (R-pre), 15 non-responders (NR-pre)). The heatmap displays
methylation levels at DMRs. (B-C) Methylation levels at DMR chr20:25849353-25849490 in the discovery (B) and internal
validation sets (C) (validation: 24 R-pre, 13 NR-pre). The boxes illustrate the IQR, with the midline representing the median.
Statistical significance was determined using the Wilcoxon test. (D-E) ROC curves evaluating predictive performance in the
discovery (D), and internal validation sets (E). The models compared include: PD-L1 CPS (combined positive score), DMR
chr20:25849353-25849490, PD-L1 CPS+DMR. (F-G) Kaplan-Meier survival analysis stratified by DMR chr20 methylation
(high vs low): the dashed lines indicate median survival. AUC, area under the curve; cfDNA, cell-free DNA; DMRs, differentially
methylated regions; NR-pre, non-responders at pre-treatment; OS, overall survival; PD-L1, programmed death-ligand 1; PFS,
progression-free survival; ROC, receiver operating characteristic; R-pre, responders at pre-treatment.

0.44 to 0.79), 0.72 (DMR alone: 95% CI 0.54 to 0.91),
and 0.75 (DMR+CPS: 95% CI 0.56 to 0.94; figure 3E),
respectively. The performance metrics for each predic-
tive model in both the discovery and validation sets are
detailed in online supplemental table 6. Furthermore,
we also found that the fragments between 20-150bp
and the fragment short/long ratio exhibited only

modest discrimination between responders and non-
responders (AUC=0.61; online supplemental figure
2F). Moreover, adding these fragmentation features to
DMR chr20:25849353-25849490 did not improve perfor-
mance (online supplemental figure 2F). Together, these
results suggest that DMR chr20:25849353-25849490 may
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Figure 4 Dynamic cfDNA methylation changes and survival associations in immunotherapy-treated advanced gastric cancer.
(A) Unsupervised clustering of pretreatment (pre) and post-treatment (post) plasma cfDNA methylation profiles from patients
with advanced gastric cancer treated with combination immunotherapy (discovery set: 34 responders (R-pre/R-post), 15
non-responders (NR-pre/NR-post)). Heatmap displays whole-genome bisulfite sequencing data for DMRs. (B-D) Box plots
comparing methylation levels of three chromosome 8 DMRs across treatment phases: (B) DMR chr8:110479193-110480324,
(C) DMR chr8:118268691-118269430, (D) DMR chr8:50891437-50892120. Adjusted p value was generated from a logistic
model including age, sex, tumor fraction, tumor size and DMR methylation level for unpaired samples, while a logistic

model including tumor size and DMR methylation level for paired samples. Kaplan-Meier survival curve compares PFS

in patients stratified by decreased versus increased methylation levels of DMR chr8:110479193-110480324 (E) and
chr8:50891437-50892120 (F), with the p value calculated using the log-rank test. Patients were assigned to the decreased
group when the post-treatment methylation level of a given DMR was lower than baseline, and to the increased group when the
post-treatment level was higher than baseline. Horizontal dashed lines indicate median survival. cfDNA, cell-free DNA; DMRs,
differentially methylated regions; NR-pre, non-responders at pre-treatment; NR-post, non-responders at post-treatment; PFS,
progression-free survival; R-pre, responders at pre-treatment; R-post, responders at post-treatment.

serve as a potential biomarker for predicting immuno- DMRs, we annotated 995 genes (online supplemental

therapy response. table 7), which were enriched in immune response regu-
Finally, in all patients with follow-up data (including  lating signaling pathway and B-cell receptor signaling

responders and non-responders), we assessed the associa- pathway (online supplemental figure 3A).

tion between chr20:25849353-25849490 methylation and A dual feature selection strategy that combined Random

clinical outcomes. We found that patients with high meth- Forest-based variable ranking with LASSO regression

ylation levels of this DMR had significantly prolonged PFS (online supplemental figure 3B) identified three DMRs
(median: 5.93 vs 12.83months; HR=0.43, 95% CL 0.25 to iy potential utility for immunotherapy monitoring:
0.75, p=0.002; figure 3F) and OS (median: 13.5months  ,18:110479193-110480324, chr8:118268691-118269430,
vs not reached; HR=0.40, 95% CI 0.20 to 0.80, p=0.007;  ,q  chr8:50891437-50892120 (online supplemental
figure 3G). table 8). Notably, these three DMRs showed a signifi-
cant trend of increased methylation levels in responders
(all adjusted p<0.05; figure 4B-D, online supplemental
table 8), but not in non-responders (figure 4B-D, online

cfDNA methylation changes in aGC across immunotherapy
treatment

A comparative analysis of pretreatment and post-
treatment plasma cfDNA methylation profiles in the supplemental table 8), and this differing trend was not
discovery set revealed 5,199 treatment-associated DMRs influenced by MSI status (online supplemental table 9).

(online supplemental table 7). Notably, 96.3% of these Similarly, we then stratified all patients by high
DMRs exhibited increased methylation levels following ~ versus low methylation levels for each of the three
treatment compared with baseline, while only 3.7%  DMRs and conducted survival analyses. We found
showed decreased methylation (figure 4A). Among these that patients with increased methylation levels of
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chr8:110479193-110480324 and chr8:50891437-50892120
demonstrated significantly improved PFS (median: 4.90
vs 11.57months; HR=0.37, 95% CI 0.22 to 0.63, p<0.001;
figure 4E; median: 5.20 vs 10.20 months, HR=0.48, 95% CI
0.28 to 0.83, p=0.007; figure 4F), but not OS (median:
15.07 vs 24.87months; HR=0.56, 95% CI 0.29 to 1.08,
p=0.079; online supplemental figure 3C; median: 15.07
vs 21.17months, HR=0.76, 95% CI 0.38 to 1.54, p=0.443;
online supplemental figure 3D) In contrast, methylation
of chr8:118268691-118269430 was not significantly associ-
ated with either PFS or OS (online supplemental figure
3EF).

DISCUSSION

The development of universally accessible biomarkers
to predict patient responses to combination immuno-
therapy represents a critical unmet clinical need, partic-
ularly given the limited global accessibility of genomic
and immunological assays. In this study, we integrated
preplanned clinical outcomes with cfDNA profiling to
identify determinants of therapeutic response in aGC.

While cfDNA has been extensively studied in cancer
research, comprehensive pan-cancer analyses of its
concentration across various tumor types and stages
remain limited. In our study, baseline and post-treatment
cfDNA concentrations did not differ significantly between
responders and non-responders to combination immuno-
therapy. This finding may reflect the confounding effects
of demographic and physiological variables, such as age,
sex, body mass index, and ethnicity, which are known to
influence cfDNA levels.”* Similarly, Spearman correla-
tion analysis indicated no significant association between
cfDNA concentration and tumor size.

Notably, responders demonstrated a lower abundance
of shorter c¢fDNA fragments (<167bp), with fragment
size inversely correlated with tumor size. Previous studies
suggest that cfDNA fragments centered around 167bp
(and its multiples) are indicative of caspase-dependent
apoptosis,” whereas ctDNA fragments are enriched at
approximately 145 bp.” This distinction underscores the
potential utility of fragment size analysis in differentiating
tumor-derived DNA from non-malignant sources.

Another observation is that responders demonstrated
reduced copy number variation (CNVs), indicating a
restoration of chromosomal stability following treat-
ment. Using LP-WGS and ichorCNA-based CNV analysis,
we observed a significant decrease in cfDNA TF among
responders, which positively correlated with tumor size.
Genome-doubling events, a hallmark of CIN, are strongly
associated with poor prognosis.”® 5" The CIN-driven acqui-
sition of CNAs during tumor proliferation fosters intratu-
moral heterogeneity,” while LP-WGS of ¢fDNA enables
non-invasive tracking of somatic copy number alteration
evolution and CIN dynamics.”® This approach proves
particularly valuable in low TF samples, offering a scal-
able strategy for CIN biomarker development and patient
stratification.”

We developed a cfDNA methylation-based model for
predicting and monitoring immunotherapy efficacy,
which outperforms established biomarkers such as PD-L1
IHC, TMB, and MSI-H. Current biomarkers face signifi-
cant limitations: (1) PD-L1 testing lacks standardization
across platforms and antibodies”'; (2) TMB quantifica-
tion requires resource-intensive genomic profiling with
variability across panels’®; (3) MSI-H is rare and confined
to specific subtypes.” * Rather than relying on genome-
wide WGBS, the DMRs identified in our study can be
translated into focused, small-panel methylation assays
that equire lower sequencing depth and reduced assay
complexit. When combined with conventional assess-
ments, such targeted methylation markers may provide
a scalable and clinically practical complement to existing
biomarkers.

Among the 17 baseline DMRs, one DMR located at
chr20:25849353-25849490, which maps to FAMIS2B,
was validated in the internal validation set. FAMI182B is a
long non-coding RNA, and although its exact biological
function remains to be fully characterized, low expres-
sion of FAMI82B has been associated with a trend towards
improved prognosis in hepatocellular carcinoma.” Of the
three longitudinal DMRs identified, two are located within
the introns of PKHDILI (chr8:110479193-110480324) and
syntrophin gamma 1 (SNTGI) (chr8:50891437-50892120),
while the third DMR (chr8:118268691-118269430) does not
map to any known gene. PKHDIL1I has been identified as a
potential tumor suppressor in thyroid cancer, with reduced
expression correlating with larger tumor size, distant
metastasis, and advanced disease stage.”® It has also been
implicated in immune cell infiltration, suggesting a role in
shaping the tumor microenvironment.”® % SNTGI has been
associated with paclitaxel response, with higher expression
levels observed in sensitive cell lines.” The SNP rs318885
in SNTGI may contribute to suboptimal tumor response
by impairing breast epithelial cell adhesion, thereby facili-
tating malignant transformation,” or by decreasing mitotic
microtubule stability, leading to reduced paclitaxel binding
and diminished therapeutic efficacy.” Supporting these
hypotheses is the expression of the dystrophin-associated
protein complex, which includes SNTGI and sarcoglycan
delta (SGCD) and links the cytoskeleton to the extracel-
lular matrix in muscle. Specifically, B-sarcoglycan, another
component of this complex, colocalizes with o-tubulin
(the site of action of paclitaxel),” corresponding to the
cell cycle stage when paclitaxel interacts with tubulin. The
association of these genes with microtubules suggests they
may influence microtubule dynamics and thereby modu-
late paclitaxel response, particularly given that the SNTGI
SNP lies within an intronic region bound by multiple tran-
scription factors, many of which are implicated in transcrip-
tional misregulation in cancer.”

Several limitations should be acknowledged. First, the
discovery and internal validation sets were relatively small,
particularly for paired longitudinal analyses, which increases
the risk of overfitting when applying multistep feature-
selection procedures to high-dimensional methylation
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data. Although we employed a stability-selection framework
combined 500 iterations of LOOCV-based RFE and 10-fold
cross-validated LASSO and further examined all candidate
DMRs in an internal validation set, the results should still
be regarded as hypothesis-generating. The modest decline
in AUC from discovery to validation likely reflects both
intercohort heterogeneity and the inherent constraints
of small-sample modeling, including potential optimism
bias from using the same dataset for feature selection and
performance estimation. Second, one baseline DMR and
three longitudinal DMRs were consistently reproduced,
underscoring the necessity for larger, multicenter cohorts
to confirm the robustness and clinical relevance of these
markers. Additionally, the discovery set was profiled using
WGBS, whereas the internal validation set was assessed
using targeted bisulfite sequencing of the candidate DMRs
in an independent patient cohort. Differences in assay plat-
forms, technical workflows, and underlying patient charac-
teristics between these two sets may also contribute to the
observed reduction in AUC. Third, the absence of interme-
diate sampling time points limits our ability to determine
whether cfDNA methylation changes precede radiographic
responses and to fully characterize their temporal dynamics.
Finally, Epstein-Barr virus (EBV) status was not available in
this study due to insufficient tumor tissue. Overall, despite
the reproducibility of several DMRs in the internal vali-
dation set, the limited sample size remains a significant
constraint and may contribute to residual overfitting.
Larger, independent cohorts with more granular longitu-
dinal sampling will be essential to validate these preliminary
findings and improve the generalizability of the proposed
methylation-based predictors.

In conclusion, using LP-WGS and WGBS, we identified
distinct cfDNA features in aGC responders, including
reduced shortfragment abundance, attenuated CIN,
lower TF, and elevated global methylation levels. Our
methylation-based predictive model represents a clin-
ically accessible tool for identifying patients likely to
benefit from immunotherapy. Nevertheless, multicenter
validation and mechanistic investigations are essential
before clinical translation.
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