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ABSTRACT

Background:

Gastric cancer remains a global health challenge due to the difficulty of detecting it early in
asymptomatic, high-risk populations. Current invasive diagnostic methods are impractical for
widespread screening. Liquid biopsy using circulating tumor DNA (ctDNA) shows promise, but

early detection is hindered by the low abundance and heterogeneity of ctDNA.

Methods:

We developed a multimodal cfDNA assay integrating methylation, fragmentomic, and hotspot
mutation profiling from a single blood draw to detect gastric cancer-specific molecular
signatures. Using these signatures, a machine-learning mode! was trained on a discovery cohort
of 110 nonmetastatic GC patients and 119 healthy controls, then validated on an independent

cohort of 58 patients and 65 controls.

Results:

The ensemble model achieved an AUC of 0.87 (95% CI: 0.80-0.93), with 70.7% sensitivity and
92.3% specificity for detecting nonmetastatic GC. Incorporating hotspot mutation profiling
increased overall sensitivity to 75.9% without affecting specificity. Compared to a previous
multi-cancer model, our ensemble model showed improved sensitivity across all stages,

particularly for early-stage GC (72.7% vs. 36.4%).

Conclusions:
This multimodal cfDNA assay provides a minimally invasive and effective strategy for early GC

detection, making it a potential screening tool for high-risk populations.



Mini abstract (30 words)

This study presents a novel multimodal cfDNA assay that combines methylation, fragmentomic,

and hotspot mutation profiling, achieving 75.9% sensitivity and 92.3% specificity for early

gastric cancer detection.

Keywords: gastric cancer, cfDNA, hotspot mutations, methylation and fragmentomic.



INTRODUCTION

Gastric cancer (GC) is the second leading cause of cancer-related morbidity and mortality
worldwide, with a particularly high prevalence in Asian countries [1]. In Vietnam, GC ranks
among the top five most common cancer types, representing 9.0% of all cancer cases according
to Globocan 2022 [2]. Alarmingly, the majority of GC cases in Vietham are diagnosed at

advanced stages, contributing to high mortality rates and poor 5-year survival outcomes [3].

Early diagnosis and prompt treatment markedly enhance survival outcomes for patients with GC.
The current GC detection method is upper endoscopy, though sensitive for early GC detection,
requires skilled operators and complex procedures, and has limitations in terms of cost,
invasiveness, and patient compliance. Other non-invasive methods include Helicobacter pylori
serology and serum pepsinogen testing, serve only as biornarkers for GC risk and are ineffective
in population-based screening programs [4]. Theretore, developing a cost-effective, non-invasive
diagnostic method for early GC detecticn with high sensitivity is critically important. Such an

advancement could significantly reduce mortality rates associated with GC.

Recent advances in genetic testing have led to the development of liquid biopsy, particularly the
analysis of plasma cell-free nucleic acids, as a sensitive and cost-efficient tool for early cancer
detection, staging, and treatment monitoring [5]. Liquid biopsy offers several advantages over
traditional tissue biopsy, including reduced invasiveness and the ability to capture tumor
heterogeneity. This technique allows for the detection of cancer-specific biomarkers, such as
circulating tumor cell-free DNA (ctDNA), from body fluids, providing a promising avenue for
cancer diagnosis and screening. Studies have shown that ctDNA-based liquid biopsies can
effectively detect early cancer, as ctDNA contains mutations, epigenetic methylation changes,

and unique fragmentomic profiles linked to cancer onset and progression [5, 6]. For instance,



The CancerSEEK test achieved 72% sensitivity and 99% specificity for detecting GC based on
profiling 61 hotspot mutations in plasma cfDNA [7]. Similarly, Ren et al. (2022) reported a
cfDNA methylation panel with 153 biomarkers, achieving 44% sensitivity for stage | and 59%
for stage 1l GC at a specificity of 92% [8]. Liu et al. (2020) reported the CCGA study in using
methylation profile to detect more than 50 types of cancers, including GC. The study
demonstrated 99.3% specificity and 67.3% sensitivity for stage I-I1l cancers (Cl: 60.7% to
73.3%) across a pre-specified panel of 12 cancer types [9]. Together, these studies suggest that
distinct genetic and epigenetic signatures may serve as potential biomarkers for detecting ctDNA

in the blood of GC patients.

Despite these advances, the clinical application of cfDNA-based tests for GC remains
challenging due to the low abundance of heterogeneity derived ctDNA in the bloodstream [10].
Previously, we developed the SPOTMAS assay, which utilizes the methylation and
fragmentomic profiles of ctDNA for multi-cancer detection from a single blood sample including
GC [6]. However, this assay primarily targeted biomarkers common to multiple cancer types,
without specifically focusing on GC-related markers. In this proof-of-concept study, our
objective is to comprehensively characterize and identify the unique methylation and
fragmentomic signatures of cfDNA associated with GC to develop an ensemble machine learning
classification model. Additionally, we evaluate the potential of integrating GC associated

hotspot mutations to enhance detection sensitivity.
MATERIALS AND METHODS
Patient enrollment

This study recruited 168 gastric cancer (GC) patients diagnosed with non-metastatic tumors

(stages O-111A) and 184 healthy subjects, divided into a Discovery cohort and a Validation cohort.



The Discovery cohort included 110 GC patients and 119 healthy controls, while the Validation
cohort comprised 58 GC patients and 65 healthy controls (Figure 1, Figure S1 and Table S1).
To further evaluate the potential application of our method in clinical practice, we recruited 36
gastric cancer cases, 29 patients with gastritis, and 71 individuals without gastric lesions, all of
whom underwent endoscopy for diagnostic confirmation. Additionally, all samples in the
Validation cohort had hotspot mutation results available for evaluation. Cancer diagnoses were
confirmed for all patient participants, with staging determined according to the American Joint
Committee on Cancer and International Union for Cancer Control (version VIII) guidelines.
Healthy participants had no prior cancer history at enrollment, and their cancer-free status was
verified by gastroscopy with a 12-month follow-up. Recruitment took place across multiple sites,
including the University Medical Center, the tertiary hospital at Ho Chi Minh City, Vietnam,

from May 2021 to April 2024.

The study methodologies adhered to thie principles outlined in the Declaration of Helsinki and
received approval from the Institutional Review Board, University Medical Center at Ho Chi
Minh city and the Medical Genetics Institute in Ho Chi Minh City, Vietnam. Informed written
consent was obtained from each participant, and all cancer patients were treatment-naive at the

time of blood sample collection.
Isolation of cfDNA and genomic DNA
Each participant provided 10 mL of peripheral blood, collected in a Cell-Free DNA BCT tube

(Streck, USA). The isolation of cfDNA and genomic DNA (gDNA) is detailed in the

Supplementary Materials.



To minimize technical variation and ensure consistency across runs, all blood samples were
collected in Streck tubes, and plasma was isolated within 24 hours of blood draw. Plasma was
stored at —80 °C for a maximum of 48 hours prior to DNA extraction. Cell-free DNA isolation
and library preparation were performed centrally, with gastric cancer and control samples
randomized across batches. Only samples with at least 2 ng of cfDNA input and that passed
sequencing QC thresholds (TM depth coverage >10; percentage of mapped reads >70%) were

included in downstream analyses.

Multimodal cfDNA assay

cfDNA samples were analyzed using a multi-feature ctDNA assay [6] to assess methylation
across 450 targeted regions, genome-wide methylation, copy number variations, fragment length,
and DNA end motifs. The workflow includes three main steps: (1) cfDNA isolated from blood is
bisulfite-converted and adapter-ligated to create a whole-genome bisulfite library; (2) targeted
enrichment via hybrid capture isoiates 450 cancer-specific regions, while a re-hybridization step
preserves genome-wide data. The target capture and whole-genome fractions are then sequenced
on the DNBSEQ-G400 platform (MGI Tech, China) at ~52X and 0.55X read depths,
respectively, yielding 100-bp paired-end reads. Sequencing data are demultiplexed with bcl2fastq
(Mumina, USA) and quality-checked using FastQC v.0.11.9 and MultiQC v.1.12; (3) Pre-
processed data yield four cfDNA feature sets—targeted methylation (TM), genome-wide
methylation (GWM), fragment lengths, and end motifs (EM)—for machine learning model

prediction. The detailed process is described in the Supplementary Materials.

To construct a binary classification machine learning model, five feature types—TMD, GWM,

CNA, EM, and FLEN—from samples in the discovery cohort were used as input data. To



mitigate the effects of high dimensionality and retain pattern-based differences between cancer
patients and healthy controls, we applied a minimal and inclusive approach to feature selection.
All features significantly different between groups (FDR < 0.05) were used as input for machine
learning models, which capture non-linear interactions through regularization and cross-
validation. Each feature type was modeled using four machine learning algorithms: Logistic
Regression (LR), Random Forest (RF), Support Vector Machine (SVM), and Extreme Gradient
Boosting (XGB). Models were trained and hyperparameters optimized with the caret package
(version 6.0-94) using 10-fold cross-validation for robustness. Hyperparameter tuning was
tailored to each algorithm: LR was tested with 'I1', 'I12', and 'none’ penalties; RF used mtry values
of 2, 3, and 4, with ntree set to 500; SVM employed various C and sigma values with a radial
kernel; and XGB was configured for interaction depth, number cf trees, shrinkage, and minimum
observations per node. To enhance evaluation accuracy, we implemented nested 10-fold cross-
validation, dividing data into 5 outer folds for testing and training, with an inner 5-fold cross-

validation loop for hyperparameter tuning.

The best model, based on average ROC-AUC scores from the nested CV, was selected for further
analysis. Additionally, we explored a combinatory strategy using a single data frame with all six
features (ensemble model), following the same hyperparameter tuning and feature selection

process.

Hotspot mutations - Amplicon-based sequencing

We analyzed somatic mutations among 94 GC patients in Vietnam and the COSMIC database,
creating a panel of 535 hotspot. Hotspot mutations in cfDNA were detected by amplicon-based

sequencing. Detailed methods are provided in the Supplementary Materials.



Statistical analysis

The Wilcoxon Rank Sum test or the t-test was employed to identify statistically significant
differences between cancer and control features. The t-test was applied when the features
adhered to a normal distribution; otherwise, the Wilcoxon Rank Sum test was used. The
Kolmogorov-Smirnov test was utilized to determine if two random samples had the same

statistical distribution. The statistical analysis is decribed in the Supplementary Materials.
RESULTS
Clinical characteristics of cancer and healthy participants

The study included a total of 352 participants, organized into two cotioris: a discovery cohort of
229 individuals (110 patients with GC and 119 healthy controis, Figure 1) and a validation
cohort of 123 individuals (58 GC patients and 65 healthy controls, Figure 1). In the discovery
cohort, the majority of GC patients were male (64.5%, Table 1), a proportion slightly higher than
that of the healthy controls (58.0%, Table 1). However, gender distribution between the two
groups did not differ significantly (Chi-Square test, p = 0.309, Table 1). Similarly, in the
validation cohort, the male distribution was 56.9% among GC patients and 50.8% among healthy

controls, with no statistically significant difference (Chi-Square test, p = 0.496, Table 1).

Age distribution revealed a significant disparity between GC patients and healthy controls in
both cohorts. In the discovery cohort, the median age of GC patients was 63 years, significantly
older than the median age of 52 years in healthy controls (Mann-Whitney test, p < 0.0001, Table
1). This trend was consistent in the validation cohort, where GC patients had a median age of 59

years versus 45 years for healthy controls (Mann-Whitney test, p < 0.0001, Table 1).



In terms of disease staging, early-stage cases (Stage O-stage Il) comprised 50.9% of the
discovery cohort (with 35.5% in stages 0-1 and 15.5% in stage Il, Table 1) and 46.6% of the
validation cohort (27.6% in stages 0-1 and 19.0% in stage 1l, Table 1). Late-stage cases (Stage
I11A) accounted for 40.0% of the discovery cohort and a slightly higher proportion, 53.4%, in the
validation cohort. Staging information was unavailable for 9.1% of patients in the discovery
cohort; however, these patients were confirmed by specialized clinicians to have non-metastatic

tumors.

Differential Methylation Analysis between GC Patients and Controls

Abnormal DNA methylation is a critical epigenetic signature in gastric tumorigenesis [11].
Previous research has primarily focused on assessing methylation changes in specific genomic
regions involved in the regulation of gene expressicn [12]. In this study, we utilized the
previously described workflow [6], which integrates bisulfite shallow genome-wide sequencing
with deep target sequencing, to provide a comprehensive methylation profile of cfDNA in GC
patients compared to healthy individuals. This approach enabled us to analyze methylation

patterns both at specific genomic sites and across the entire genome.

For the target sequencing component, we profiled methylation changes across 450 selected
genomic regions, chosen for their critical roles in the transcriptional regulation of cancer-
associated genes. Among these, we identified 42 differentially methylated regions (DMRs)
(Wilcoxon rank-sum test, Benjamini-Hochberg adjusted p-values <0.05, Figure 2A and Table
S2) when comparing GC patients to health controls. Notably, several regions associated with
multiple genes, including CALN1, IKZF1, IFFO1, HMX1 _CPZ, RASSF2A, and FGFS5, exhibited

more than a two-fold increase in methylation in GC patients (Figure 2B).



In addition to site-specific DMRs, genome-wide hypomethylation is a significant and widespread
epigenetic alteration associated with various cancers [6, 13, 14]. To investigate genome-wide
methylation changes in GC patients, we mapped bisulfite sequencing reads from the whole-
genome fraction to the human genome, which was divided into 1 Mb bins, resulting in a total of
2,734 bins across the genome (Table S3). The comparative analysis of methylation ratios across
the 2,734 bins revealed substantial differences between GC patients and healthy controls. GC
samples exhibited a broader distribution of methylation levels and significantly lower median
methylation ratios compared to healthy individuals (Kolmogorov-Smimov test, p< 0.0001,
Figure 2C). A chromosome-wide analysis identified 2,322 bins (81.6%) across all 22
chromosomes that were particularly susceptible to hypomethyiation in the cancer samples
(Wilcoxon rank sum test, Benjamini-Hochberg adjusted p-value <0.05, Figure 2D). Overall, this
comprehensive methylation analysis of plasma cfDNA reveals distinct patterns that effectively
differentiate GC patients from healthy individuals, highlighting the potential of cfDNA

methylation profiling as a biomarker for GC.
Distinct DNA Copy Number Aberrations in GC Plasma cfDNA (Table S4)

In addition to genomic hypomethylation profile, DNA copy number aberration (CNA) is a
critical hallmark of cancer, frequently associated with chromosomal instability, leading to gains
or losses of chromosomal segments, or even entire chromosomes [15, 16]. Copy number
aberrations are increasingly drawing interest in the detection of GC [17]. In this study, we
compared CNA profiles in cfDNA between GC patients and healthy controls. We identified 571
bins (21%) with significant gains and 186 bins (7%) with significant CNA losses (Wilcoxon rank
sum test, Benjamini-Hochberg adjusted p-value <0.05, Figure 3A). Notably, CNA gains were

particularly prominent on chromosomes 17, 19, 20 and 22, while CNA losses were more frequent



on chromosomes 3 and 4 (Figure 3B). These findings provide new insights into the
chromosomal alterations present in the cfDNA of GC patients, highlighting potential biomarkers

for early detection.
Fragment Length Variability in GC Compared to Control Samples (Table S5)

Several studies have shown that cfDNA fragmentation patterns are non-random and influenced
by apoptosis-mediated caspase activity, with ctDNA fragments generally shorter than non-cancer
cfDNA[13, 18]. However, the fragment length profile of GC-derived cfDNA remains unclear. To
address this, we conducted a comparative analysis of DNA fragment lengths between GC
patients and healthy individuals. To validate our analytical approach, we included cfDNA
fragment length data from 160 liver cancer patients who were enrolled in our previous study
[19]. Consistent with previous findings, liver cancer patients exhibited a higher frequency of
short DNA fragments (<150 bp) compared to healthy individuals (Figure 3C). In contrast, GC
patients did not show the same enrichment of short fragments (Figure 3C). However, they did
display a significant enrichment of fragments in the 150-170 bp range compared to healthy
individuals (Wilcoxon rarik sum test, Benjamini-Hochberg adjusted p-value <0.05, Figure 3C
and Figure 3D). This suggests that cfDNA fragment length profiles are cancer type-specific and
highlights the potential of cfDNA fragment size between 150 and 170 bp as a biomarker for GC

detection.
Identification of Distinct End Motifs in cfDNA of GC (Table S6)

Differences in fragment length could be associated with variations in DNA motifs at the ends of
each fragment, potentially arising from differential cleavage patterns in cancer cells compared to
normal cells during apoptosis [20, 21]. We analyzed the differential presence of 256 possible 4-

mer end motifs (EMs) in GC samples versus controls (Wilcoxon rank sum test, Benjamini-



Hochberg adjusted p-value <0.05). This revealed 87 motifs with significantly increased
frequencies and 71 with decreased frequencies in GC samples (Figure 4A). The majority of
motifs beginning with thymine are enriched in the cfDNA of GC patients, while the frequencies
of motifs beginning with adenine are reduced (Figure 4A). Among the significant elemental
motifs (EMs), the top five with the most significant frequency increases were CCGA, CCGC,
CCGG, GCGC, and GCGG (Figure 4B), while the motifs with the most significant decreases in
cancer patients compared to controls were CCCT, CCTT, GCCT, TACT, and TCTT (Figure 4C).

These EM frequency shifts may serve as valuable markers for identifying ctDNA in GC.
Multimodal Analysis of cfDNA Features Could Improve GC Detection

The identification of significant signatures in both the targetec and genome-wide fractions of the
discovery cohort led to the development of a multi-feature classification model to distinguish GC
patients from healthy individuals. We constructed five feature datasets: Target Region
Methylation (TM), Genome-wide Methylation (GWM), Copy Number Aberration (CNA),
Fragment Length Distribution (FLEN), and End Motif (EM) (Figure 5A). We performed
unsupervised clustering of the selected features using UMAP to assess potential batch effects
across all samples, which were processed in 92 sequencing runs. The resulting UMAP plots
showed gastric cancer and healthy control samples broadly intermixed across runs, with no
evidence of batch-specific clustering (Figure S2). These results indicate that the selected features

are not affected by technical variation in sample collection or processing.

Each dataset then underwent nested cross-validation using algorithms such as XGBoost (XGB),
Logistic Regression (LG), Random Forest (RF), and Support Vector Machines (SVM). This
nested cross-validation included five outer iterations, each with a five-fold inner cross-validation

phase for hyperparameter tuning and feature selection, ensuring robust performance metrics. We



compared the individual feature models with an ensemble model that integrated all five features.
The performance of the single-feature models varied, with the GWM and EM-based models
generally outperforming the others during the discovery phase, achieving an AUC of 0.85 (95%
Cl: 0.80-0.90) (Figure 5B). An ensemble model, constructed by combining the five best-
performing single-feature models using logistic regression, further improved classification

performance, achieving an AUC of 0.90 (95% CI: 0.86-0.94).

Given the importance of high specificity in large-scale cancer screening to reduce false positives
and minimize psychological impact, we established a cut-off value for each model ensuring a
minimum specificity threshold of 95%. The ensemble model consistently outperformed the
single-feature models, achieving a sensitivity of 0.65 (95%CI: 0.51-0.77) at a specificity of 96%
(Figure 5D). To further assess the robustness of the ensemble model, we tested its performance
on an independent validation cohort of 58 GC patients and 65 healthy individuals. Consistent
with the discovery cohort, the ensemhle model demonstrated high accuracy in detecting GC in

validation cohort, achieving an AUC of 0.87 (95% CI: 0.80-0.93) (Figure 5C), with a sensitivity

of 0.71 and specificity of 92% (Figure 5E).

To further evaluate the potential application of our method in clinical practice, we additionally
recruited 36 gastric cancer cases, 29 patients with gastritis, and 71 individuals without gastric
lesions, all of whom underwent endoscopy for diagnostic confirmation. In this external
validation cohort, our model achieved a sensitivity of 72.2%, with specificities of 94.4% in
individuals without gastric lesions and 89.7% in patients with benign gastric conditions, yielding
an overall specificity of 93.0% (Figure S3). These results demonstrate the consistent

performance of our assay in an independent cohort.

Assessing the Benefit of Hotspot Mutations in Multimodal Detection



Cancer-specific mutations in plasma cfDNA have emerged as promising biomarkers for cancer
detection [7]. To investigate this potential in GC, we developed a deep amplicon-based
sequencing workflow to profile hotspot mutations in the cfDNA of GC patients. This workflow
utilized a panel of 535 hotspot mutations curated from the COSMIC database, supplemented
with somatic mutations identified in 94 Vietnamese GC patients. To differentiate cancer-specific
mutations from clonal hematopoiesis-associated variants, we also performed deep sequencing on
matched gDNA from white blood cells (WBCs). Among the 58 cancer patients in the validation
cohort, 18 (31.0%) GC patients had at least one hotspot mutation in plasma cfDNA, while no
mutations were detected in 65 healthy individuals (Figure 6A). Most hotspot mutations

originated from TP53, detected in 10 (17%) of all GC patients (Figure 6A).

We next investigated whether incorporating hotspot miutation analysis into our multimodal
framework based on methylation and fragmentomic features could improve the sensitivity of GC
detection. Notably, 15 GC patients (25.8%) were concordantly detected by both hotspot mutation
analysis and the ensemble madel, while 3 (5.2%%) and 26 (44.8%) patients were uniquely
detected by hotspot mutation analysis or the ensemble model, respectively (Figure 6B). This
discordance highlights the potential advantage of combining these approaches to enhance
detection rates. For early-stage GC (Stages 0-11), the integrated method achieved a sensitivity of
74.1%, compared to 14.8% and 70.4% using hotspot mutation analysis or the ensemble model
alone, respectively (Figure 6C). In advanced cases (Stage I11), the combined approach reached a
sensitivity of 77.4%, compared to 45.2% and 71.0% for hotspot mutation analysis or the
ensemble model alone (Figure 6C). These findings suggest that incorporating hotspot mutation
analysis using an OR logic into the multimodal framework could significantly enhance the

ensemble model's overall performance in detecting GC.



We next evaluated the performance of the ensemble model in comparison to our previously
developed SPOT-MAS model, which is based on features identified through pairwise
comparisons between healthy controls and multiple cancer types. Using the same validation
cohort, we excluded samples previously analyzed in the original publication, resulting in 23 GC
samples and 65 healthy controls. The ensemble model outperformed the SPOT-MAS model,
demonstrating significantly higher sensitivity for GC detection across all stages (73.9% vs.
47.8%) and particularly for early-stage cancers (Stages I-11) where sensitivity was 72.7%
compared to 36.4% for SPOT-MAS (Figure 6D). Both models maintained similar specificity,
with the ensemble model achieving 92.3% and the SPOT-MAS model achieving 90.8% (Figure
6D). These results underscore that training the ensemble model with GC-specific cfDNA
signatures substantially enhances its performance over models trained on generalized, multi-

cancer features.

DISCUSSION

GC presents a substantial public health challenge, underscoring the critical need for effective
early detection strategies, particularly among high-risk populations [22]. However, an established
standard of care for GC screening, especially in asymptomatic individuals, remains lacking.
Currently, endoscopy—though considered the gold standard for GC detection—is invasive,
resource-intensive, and is not commonly used as a screening tool outside of regions with high
prevalence [23]. In this study, we introduce a minimally invasive ctDNA-based assay developed

to enhance the early detection of GC.

Our study introduces a novel pair-wise comparison analysis, specifically designed to identify
GC-specific features within cfDNA. Among the 42 differentially methylated regions (DMRS)

identified in our study, several, including CALN1, IKZF1, and IFFO1, have been previously



associated with gastric carcinogenesis [24-26]. Notably, we also identified additional DMRs
specific to GC, such as TMEM260_PELI2, a region implicated in cell signaling pathways that
may contribute to tumorigenesis and disease progression [27]. The identification of TMEMZ260 in
this expanded analysis highlights its potential as a novel biomarker for GC, thereby enriching our
understanding of genes involved in GC pathogenesis [6]. We observed a pattern of genome-wide
hypomethylation in cfDNA from GC patients relative to healthy individuals [28]. This finding
aligns with prior studies indicating that global hypomethylation is a hallmark of tumorigenesis,
often linked to genomic instability in cancer [29-31]. The validation of this pattern in our study
strengthens the association between hypomethylation and early GC development, supporting the

hypothesis that epigenetic changes play a pivotal role in cancer initiation and progression.

Our study also assessed CNA profiles in GC compared o those reported in the pan-cancer
analysis from our previous model [6]. While considerable overlap in CNAs was observed across
cancer types, GC exhibited unique CNA patterns, particularly with notable CNA gains on
chromosomes 19 and 22. Thesa alterations have been consistently documented in other GC
studies, underscoring their potential relevance as disease-specific markers [32]. Another key
finding was the distinct fragment length profiles observed in ctDNA from GC patients compared
to patients with colorectal cancer (CRC) [33] and hepatocellular carcinoma (HCC) [14], as noted
in previous research. While ctDNA fragments from CRC and HCC patients generally showed
enrichment in shorter fragments (<150 bp) [34], GC patients exhibited an enrichment in the 150—
170 bp range, which may reflect unique nucleosome footprints or differences in gene expression
profiles across cancer types. Consistent with our previous findings, we observed that combining
multiple features, such as methylation and fragmentomics, enhanced classification performance

compared to using either feature alone [6]. This integrated approach provided a more robust



model for detecting early-stage GC, in line with existing literature emphasizing the

complementary nature of these features in capturing the complexity of tumorigenesis [14].

In the external validation cohort, a slight reduction in specificity was observed in the gastric
benign group. This likely reflects a limitation of the training strategy, as the discovery cohort did
not include benign gastric conditions. Consequently, the model was not explicitly trained to
distinguish cancer from non-malignant but clinically similar presentations. Benign lesions often
share cfDNA fragmentation and methylation features with cancer, which can increase the
likelihood of misclassification [35, 36]. Incorporating benign cases into future training cohorts
will therefore be critical to further improving model robustness and reducing false positives in

real-world clinical settings.

To investigate the importance of features selected by our model, we conducted SHAP (SHapley
Additive exPlanations) analysis (Figure S4). Among the top-ranked features, the end motif
CTGA emerged as the most important, showing significant enrichment in gastric cancer patients
(Figure 4A). This observation is consistent with a recent study reporting that end motifs
beginning with “C” were significantly enriched in early-stage lung cancer [37], potentially linked
to dysregulated DNASE1L3 activity previously described in cancer [38]. SHAP analysis also
highlighted abnormal hypomethylation events on chromosomes 15 and 2. Hypomethylation is a
well-established driver of genomic instability, a hallmark of carcinogenesis. Prior studies have
documented the vulnerability of chromosome 15 [39] and chromosome 2 [40] in gastric
tumorigenesis. Genomic instability was further reflected at the level of abnormal CNAs. Our
SHAP analysis identified the most significant CNA feature on chromosome 18, with three high-
impact bins selected. This is consistent with recurrent chromosome 18q loss in gastric cancer, a

poor prognostic event associated with tumor suppressor inactivation and oncogene activation



[41, 42]. Similarly, recurrent chromosome 4q deletions have been reported in both intestinal and
diffuse histological subtypes [43], while chromosome 8q gains are among the most frequent
oncogenic CNAs across gastrointestinal cancers [40]. Finally, the promoter region of SAMD4A
emerged as a key methylation feature in our SHAP analysis. Notably, hypermethylation of this
promoter has been reported as a biomarker for predicting clinical outcomes in gastric cancer
[44]. Collectively, these associations between SHAP-derived feature importance and established
biological functions in gastric cancer indicate that the features selected by our model make
biologically meaningful contributions to the classification performance of our multi-feature

assay.

In addition, evaluating model reproducibility and determining the iimit of detection (LOD) are
essential to ensure that the classifier performs consisiently across datasets and experimental
conditions, and to define the lowest tumor fraction at which the model can reliably distinguish
cancer from non-cancer samples. To assess reproducibility, we analyzed six pooled plasma
samples (three gastric cancer and thiee healthy controls) that were divided into three independent
batches (Figure S5A). We observed strong correlations for all analyzed features across batches
(Pearson test, p-value < 0.05), with comparable prediction scores for both healthy and gastric
cancer samples (Figure S5B-C). These findings demonstrate highly consistent assay

performance across independent runs.

For LOD determination, we estimated ctDNA tumor fraction (TF) using the ichorCNA algorithm
[45], which is designed for ultra-low coverage WGS data and can robustly estimate TF without
requiring prior tumor genotyping. To generate material for LOD testing, we first pooled cfDNA
from 63 healthy individuals and 6 gastric cancer patients. The TF of these pooled samples was

estimated using ichorCNA, after which we created spike-in mixtures by blending cancer cfDNA



pools into healthy cfDNA pools at predefined TFs of 0.5%, 1%, 5%, 15%, 25%, 50%, and 100%
(Figure S6A). These mixtures were then analyzed using our multi-feature assay. By fitting a
detection curve of sensitivity versus TF at a fixed specificity of 96% (cut-off defined in the
discovery phase), we determined that the assay achieves 50% sensitivity at a tumor fraction of
approximately 0.052 (LOD50, 95%CI 0.034-0.070; Figure S6B). This demonstrates that our
assay can reliably detect cancer-derived cfDNA at low tumor fractions, providing a quantitative

benchmark for its analytical sensitivity in early cancer detection.

Our methylation- and fragmentomics-based model outperformed hotspot mutation-based
approaches for early-stage GC detection (stage O-11, Figure 6C), suggesting that methylation and
fragmentomic changes are more prevalent during early tumorigenesis. This observation aligns
with the known low mutation burden in GC, which limits the effectiveness of mutation-based
detection strategies [46]. Notably, incorporatiig hotspot mutations into our ensemble model
using OR logic further improved detection sensitivity, particularly for patients with late-stage
(Stage 111) GC, while maintaining comparable specificity (Figure 6C). These findings indicate
that epigenetic and genetic aiterations may serve as complementary, non-redundant biomarkers
in advanced disease stages. Additionally, when comparing our ensemble model to the previously
developed SPOT-MAS model, which utilizes features derived from multiple cancer types, the
ensemble model demonstrated superior sensitivity (73.9% vs. 47.8%, Figure 6D) across all
stages, with the advantage especially pronounced in early-stage tumors (72.7% vs. 36.4%,
Figure 6D). These results highlight the value of training detection models with cancer type-

specific cfDNA signatures to optimize performance.

Compared to multi-cancer early detection (MCED) assays that include gastric cancer — such as

CancerSEEK [7] (which combines protein biomarkers and hotspot mutations), Galleri (which



relies on methylation), and SPOT-MAS [6] (which integrates methylation and fragmentomics) —
our assay demonstrated higher sensitivity but slightly lower specificity (Table S7). When
benchmarked against assays specifically designed for gastric cancer detection, our test achieved
comparable specificity (92%) while offering substantially higher sensitivity for early-stage
gastric cancer than the methylation-only assay developed by Ren et al. [8] (75.9% vs. 44-59%,
Table S7), underscoring the advantage of a multi-feature approach. In comparison with the
multi-feature assay reported by Yu et al. [47], our assay achieved higher specificity (92.3% vs.
89.8-91.5%, Table S7) but somewhat lower sensitivity (75.9% vs. 87.2-91.8%, Table S7). This
difference may, in part, reflect sequencing depth: our assay employs shallow whole-genome
sequencing at 0.55x coverage to reduce cost and data complexity, making it more practical for
large-scale screening. By contrast, Yu et al.’s assay was perforined at 8x coverage, which may
enhance sensitivity but introduces challenges in terms of cost-effectiveness and scalability [47].
We have acknowledged in the revised manuscript that future large-scale studies are warranted to
systematically evaluate the trade-cffs between sensitivity, sequencing depth, cost, and clinical

applicability in real-world popuiation screening programs.

Nonetheless, certain limitations should be considered. First, differences in clinical features
between healthy individuals and GC patients could potentially confound ctDNA characteristics,
such as methylation and fragment length profiles. These differences may reflect demographic
variables like age and gender rather than cancer-specific alterations. We accounted for this by
assessing the impact of gender and age on the performance of our model. Specifically, we
examined whether differences in age and gender distributions in our cohorts could confound
model predictions. Specifically, we examined whether differences in age and gender distributions

in our cohorts could confound model predictions. Specifically, we compared model-generated



probabilities of having gastric cancer between participants aged <59 years and >59 years (59
being the median age of the discovery cohort). No significant difference in model scores was
observed between the two age groups (Figure S1). Similarly, there were no statistically
significant differences in prediction scores between male and female participants in either the
gastric cancer or control groups (Figure S1). These results suggest that our model performs
robustly across age and gender subgroups and is not significantly influenced by these
demographic variables. Additionally, the retrospective nature of our study may introduce biases
associated with sample collection, storage, and processing. A prospective study would provide a
more rigorous assessment of the model's real-world clinical performance, helping to mitigate
potential biases. Another limitation is the relatively low depth of bisulfite sequencing, which may
reduce sensitivity to detect genome-wide methylation changes. However, the reduced sequencing
depth provides practical advantages, including lower costs and faster processing times, which are
critical for clinical applications. Finally, our study did not address the capacity of model to
distinguish between GC and benign gastric lesions, such as gastritis or polyps. This distinction is
essential to reduce false positives and improve the model's clinical applicability. Therefore,
future studies should focus on prospective validation in larger cohorts, including patients with
benign gastric conditions, to rigorously assess the clinical utility of this multimodal cfDNA-

based assay.
CONCLUSIONS

This study underscores the potential of a novel multimodal cfDNA assay that integrates
methylation and fragmentomic profiling for the early detection of GC. The assay demonstrated
robust diagnostic performance, significantly enhancing sensitivity for early-stage detection,

particularly when combined with hotspot mutation analysis. These findings suggest that this



innovative approach could improve early diagnosis and ultimately enhance patient outcomes in

GC.
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Figures
Figure 1: Study design and workflow for sample recruitment and analysis.

Between May 2021 and July 2024, non-metastatic gastric cancer (GC) patients and control
individuals were recruited from the University Medical Center, Ho Chi Minh City (168 GC
patients and 184 controls). The discovery cohort, comprising 110 GC patients and 119 controls,
underwent multimodal cfDNA analysis to assess fragmentomic and methylation profiles, which
facilitated the development of machine learning models. A validation cohort of 58 GC patients
and 65 controls was utilized to assess the performance of the model. Hotspot mutation panels
were generated by analyzing the frequency of somatic mutations from the COSMIC database and
an in-house cohort of 94 gastric cancer patients. Hotspot mutation profiles in cfDNA samples

from the validation cohort were analyzed using amplicon-based sequencing

Figure 2: Analysis of methylation levels between controls and gastric cancer on both

genome-wide and targeted scales.

(A) VWolcano plot displaying the log> fold-change of methylation levels versus the statistical

significance (-logwo p-value) for specific genomic regions.

(B) Boxplot illustrating the comparison of methylation levels of selected genes (CALN1, IKZF1,
IFFO1, HMX1_CPZ, RASSF2A, and FGF5) between control and gastric cancer groups (Mann-

Whitney test, Mean + SEM).

(C) Density plot comparing methylation ratio distributions between gastric cancer (red) and

control (blue) groups, with statistical significance assessed using a Kolmogorov-Smirnov test.

(D) Point plot showing genome-wide methylation differences across chromosomes, with points

color-coded by methylation status: hypermethylated (red, indicating increased methylation



relative to controls), hypomethylated (blue, indicating decreased methylation relative to

controls), or no significant change (grey).

Figure 3: Analysis of Copy number aberrations (CNA) and Fragment length between

control and gastric cancer.

(A) Scatter plot of CNA log2 fold-change across 22 chromosomes, indicating regions with CNA
gain (red, regions with increased copy number relative to normal), CNA loss (blue, regions with

decreased copy number relative to normal), and no significant change (grey).

(B) Bar plot showing the percentage of bins with CNA gain, CNA loss, and no significant

change across each chromosome.

(C) Density plot comparing fragment length distributions across liver cancers (green, n = 160),

gastric cancers (red, n = 110), and control (blue, n = 119) groups.

(D) Heatmap displaying log> fold-change (log2FC) in fragment lengths, highlighting significant
differences (t-test, p-value < 0.05) between gastric cancer and control groups. Red represents an
increase in fragment length, while blue indicates a decrease.

Figure 4: End motif analysis between control and gastric cancer.

(A) Heatmap showing log: fold-change (log2FC) of various end motifs (A, T, G and C) between
control and gastric cancer groups. Red indicates enrichment, while blue indicates depletion in the

gastric cancer group.

(B) Boxplot comparing the frequency of specific end motifs between control (blue) and gastric

cancer (red) groups.

(C) Boxplot showing the frequency of additional end motifs between control (blue) and gastric

cancer (red) groups, highlighting significant differences.



Figure 5: Workflow of Machine Learning Model for Classifying Gastric Cancer vs.

Control Groups.

(A) Workflow diagram illustrating the construction and validation of classification models. The
discovery cohort included 110 gastric cancer patients and 119 controls. Data preprocessing was
performed on five feature sets: targeted methylation (TM) genome-wide methylation (GWM),
copy number alterations (CNA), fragment length (FLEN), and end motifs (EM). Gradient
Boosting Machine (GBM), Logistic Regression (LG), Random Forest (RF), and Support \ector
Machine (SVM) models were trained using nested cross-validation, with hyperparameter tuning
and feature selection incorporated. The final models were evaluated on the validation cohort (58

cancer patients, 65 controls), with the cutoff selected to ensure specificity >95%.

(B) ROC curves illustrating the performance of single feature based models and the ensemble

model in the discovery cohort.

(C) ROC curves illustrating the performance of individual feature models and the ensemble

model in the validation cohort

(D) Bar plots comparing sensitivity and specificity across different models in the discovery
cohort. (E) Bar plots comparing sensitivity and specificity across different models in the

validation cohort.
Figure 6: Hotspot Mutation Analysis in the Validation Cohort.

(A) Heatmap displaying the detection of hotspot mutations and the ensemble model for 58 cancer
patients and 65 healthy controls in the validation cohort. Each column represents the detection of

a specific hotspot mutation or ensemble model (above the cutoff value), while each row



corresponds to an individual sample. Tumor stage and variant allele frequency (VAF) are

depicted using color gradients for clarity

(B) Venn diagram showing the unique and overlapping detections between HOTSPOT and the

ensemble model.

(C) Bar plot illustrating the accuracy of the HOTSPOT, Ensemble, and combined HOTSPOT and
Ensemble across various stages (11/111, 111), cases with unknown staging, all gastric cancer cases,

and control groups.

(D) Bar plot comparing the accuracy of the SPOT-MAS and the Ensemble model across different

stages (I1/111, 111), unknown staging, all gastric cancer cases, and contro! groups.

Supplement Figure 1: Association between patients' gender and age and the performance

of the ensemble model

Supplement Figure 2: UMAP analysis on selected features across sequencing runs for (A)

gastric cancers patients and (B) healthy controls
Supplement Figure 3: Performance of external validation
Supplement Figure 4: SHAP analysis on selected features

Supplement Figure 5: Reproducibility of features and ensemble model predictions across three

independent batches.

Supplement Figure 6: Limit of detection estimation from spike-in series of tumor cfDNA.

(A) Workflow for generating spike-in mixtures by blending pooled gastric cancer cfDNA into



healthy cfDNA pools at predefined tumor fractions (TFs; ichorCNA-estimated) of 0.5%, 1%,

5%, 15%, 25%, 50%, and 100%.

(B) Sigmoid curve illustrating the limit of detection (LOD) for gastric cancer. LOD values are
defined as the TF level at which the probability of detecting a cancer signal reaches at least 50%

while maintaining >96% specificity.



Tables

Table 1: Summary of clinical information of 204 gastric cancer patients and 284 non-cancer

subjects (total N = 488)

Table S1: Clinical information of cancer patients and healthy participants
Table S2: List of 450 target regions.

Table S3: List of 2734 GWMD bins.

Table S4: List of 2691 CNA bins.

Table S5: List of 151 fragment lengths.

Table S6: List of 256 end motifs.

Table S7: Comparison of Studies on Early Gastric Cancer Detection
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Table 1 Summary of clinical information of 204 gastric cancer patients and 284 non-cancer subjects
(total N = 488)

Discovery cohort (N=229)

Validation cohort (N=123)

External validation cohort (N=136)

i - - Health - - i - | Health -
Gast(r:::rcan Healthy control (r:“‘ll T:: Gastric cancer ea :rzl con (r;l‘l, acl:: Gast:::rcan ca :rgl con Gastritis
Clinical features N=11 i N = ) N=2
(N=110) ( %) cervs (N =58) (N =65) cervs (N =36) (N=71) ( 9
N Per- N Per- Healthy N Per- N Per- Healthy N Per- N Per- N Per-
centage centage | control) centage centage | control) centage centage centage
Female |39 | 355% | 50 | 42.0% Chi- 25 | 43.1% | 32| 49.2% Chi- 111 oso% | %] 615% | S| 26.2%
Square Square | 5 0 7
Gender test test 5 3 1
Male 71 64.5% 69 58.0% p-value = 33 56.9% 33 50.8% p-value 1 36.2% 1 47.7% ) 18.5%
0.309 =0.496
4
Median | 63 52 Mann- | 59 45 |Mann- g o Z
Whitney Whitney 3 > >
Age Min 36 28 test 32 25 | test 5 9 6
p-value < F— p-value 3 7 -
Max 97 75 0.0001 79 75 <0.0001
PR 6 4 7
1
O,IA, IB 39 35.5% 16 | 27.6% 4 38.9%
A 1B | 17 [ 15.5% QJ | 19.0% 7| 19.4%
1A 44 40.0% 31 53.4% 9 25.0%
Stage Non-
metasta-
i with
SISWIEN 140 1 9.19% 0 | 0.0% 6| 16.7%
unknown
staging in-
formation




