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Abstract
Background

Lymphovascular invasion (LVI) is one of the early routes of gastric cancer dissemination. Tissue-
associated microorganisms and ketone-body metabolism may be associated with aggressive disease,
but parallel between-group differences cannot establish a microbial-metabolic mechanism. This study
integrated a discovery cohort with paired gastric tissue 16S rRNA and targeted metabolomics data,
together with public transcriptomic, single-cell, methylation, dependency, and perturbation resources.

Methods

Clinical LVI labels were available for 66 gastric cancer cases, of which 65 had both 16S and
metabolomics data (32 LVI-negative [V0] and 33 LVI-positive [V1] cases). We evaluated microbial diversity,
community composition, genus-level differences, and a random forest classifier with rigorous control of
information leakage, and implemented a mutually exclusive two-stage descriptive genus screen. The
strict tier required a mean relative abundance of < 0.01% in VO and =0.05% in V1, and a pseudocount-
adjusted fold change of = 10; genera that did not meet the strict-tier criteria entered a relaxed additional
tier, which required a V1 cumulative genus-table count of > 20 and a = 10-fold increase in mean
abundance. Genera with a VO cumulative count of 0 were treated as zero-baseline candidates, for which
fold changes were not estimated. We subsequently analyzed the tissue B-HB signal and the paired
bridging relationship between continuous Tundrisphaera abundance and 3-HB. We evaluated 6
prespecified non-immune programs in GSE62254, TCGA-STAD, GSE246963, GSE237876, GSE163558,
GSE239676, and GSE261635: ketone-body handling, butyrate metabolism, fatty acid degradation,
EMT/ECM invasion, endothelial/angiogenic activity, and epithelial integrity. DepMap and LINCS analyses
were used only to prioritize experimental candidates.

Results

The V1/V0 cumulative genus-table counts for Tundrisphaera were 33/1, the mean relative abundances
were 0.002250%/0.000070%, and the pseudocount-adjusted fold change was 31.57; cumulative counts
are not equivalent to the number of positive samples. The B-HB signal was higher in V1 (median, 68.49)
than in VO (median, 39.31; Mann-Whitney P = 0.0220318), but the metabolome-wide FDR was 0.9758. In
the 65 paired samples, Tundrisphaera and B-HB showed a significant inverse bridging relationship
(Spearman p = -0.6797; P <0.001), with Tundrisphaera abundance and B-HB varying in opposite
directions. In GSE62254 and TCGA-STAD, EMT/ECM and endothelial programs were associated with
poorer survival. DepMap did not show widespread gastric cancer dependency on the candidate genes;
LINCS reversal scores were used only to generate hypotheses.
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Conclusions

The B-HB signal measured by targeted LC—MS was nominally elevated in LVI-positive gastric cancer
tissues; the two-stage descriptive screen identified the low-abundance candidate Tundrisphaera in the
relaxed additional tier, and a significant inverse bridging relationship was observed.

1. Introduction

Lymphovascular invasion refers to the histopathological feature of tumor cells entering lymphatic or
blood vessels, and is closely associated with gastric cancer dissemination and adverse outcomes|1, 2].
LVl is not a single molecular state, but may reflect tumor cell plasticity [3], extracellular matrix remodeling
[4], endothelial or lymphatic interactions and local nutritional adaptation[5, 6]. The development of gastric
cancer is accompanied by changes in the mucosal microbiome[7-9], but the taxa and ecological patterns
reported across different populations, tissue compartments and analytical pipelines are inconsistent[10,
11].

B-HB (3-hydroxybutyric acid) is a ketone body, whose level may reflect systemic catabolism, fasting or
perioperative status, hepatic ketogenesis[12], local substrate utilization or tumor-associated metabolic
adaptation. Upper gastrointestinal cancers are associated with a broader catabolic ketone body
signature[13], but the experimental effects of B-HB are context-dependent[14]: it can inhibit tumor growth
in some models[15], whereas it may promote tumor progression in others[16]. Therefore, an elevation in
tissue B-HB alone cannot be used to infer that it is microbially produced, tumor-promoting or
mechanistically upstream of LVI.

The objectives of this study were: (i) to describe overall and taxon-specific microbial differences between
LVI groups; (ii) to quantify the directly measured tissue B-HB signal; (iii) to examine the critical paired-
sample bridging relationship between Tundrisphaera and B-HB; (iv) to determine whether prespecified
metabolic and invasion/vascular proxy programs generalize across cohorts with actual LVI and surrogate
endpoints; and (v) to prioritize candidate perturbations without performing validation. The analyses
explicitly distinguished direct measurements, omics proxies, surrogate endpoints and untested causal
hypotheses.

2. Materials and Methods
2.1. 16S rRNA Sequencing Methods

For total genomic DNA from gastric cancer tissue samples, we used the CTAB/SDS method for
extraction. We used sterile water to dilute the DNA to approximately 1 pg/pL. DNA quality and
concentration were assessed using a 1% agarose gel. The V4 hypervariable region of the bacterial 16S
rRNA gene was amplified using the barcoded universal primers 515F and 806R[17, 18]. The PCR reaction
mixture included 15 pL of Phusion High-Fidelity PCR Master Mix, 0.2 uM forward and reverse primers and
approximately 10 ng of DNA template. The PCR program was: initial denaturation at 98°C for 1 min; 30
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cycles, including denaturation at 98°C for 10 s, annealing at 50°C for 30 s and extension at 72°C for 30 s;
final extension at 72°C for 5 min.

PCR products were assessed using a 2% agarose gel containing SYBR Green, and pooled at equal
concentrations. The pooled PCR products were purified using the Qiagen Gel Extraction Kit. Sequencing
libraries were constructed using the TruSeq DNA PCR-Free Sample Preparation Kit, and sample indexes
were added. Library quality was evaluated using the Qubit 2.0 Fluorometer and Agilent Bioanalyzer 2100,
followed by 250 bp paired-end sequencing on the lllumina NovaSeq platform.

Sequencing data were assigned to individual samples according to unique barcodes. We removed
barcode and primer sequences. We used FLASH v1.2.7 to merge paired-end reads[19]. We performed
filtering according to the quality-control workflow of QIIME v1.9.1[20]. We aligned the resulting sequences
against the Silva database[21], and used the UCHIME algorithm to identify and remove chimeric
sequences[22].

2.2. LC—-MS Experimental Methods

Metabolomic profiling used a targeted metametabolomics approach, quantitatively analyzing small-
molecule metabolites in human gastric cancer tissues. Samples were thawed in an ice bath,
approximately 10 mg was weighed from each sample, 20 pL of deionized water and 10 zirconia beads
were added, and the samples were homogenized for 3 min. Subsequently, 120 pL of precooled methanol
solution containing internal standards was added, the samples were homogenized again for 3 min, and
centrifuged at 18,000 x g for 20 min. A 20 pL aliquot of supernatant was transferred to a 96-well plate, 20
uL of freshly prepared derivatization reagent was added on an Eppendorf epMotion workstation, and the
reaction proceeded at 30°C for 60 min. Subsequently, 330 pL of 50% methanol diluent precooled in an ice
bath was added, followed by centrifugation at 4°C, 4,000 x g for 30 min. A 135 pL aliquot of supernatant
was transferred to a new 96-well plate, and LC—MS analysis was performed after the addition of 10 pL of
internal standard.

Chromatographic separation was performed using a Waters ACQUITY UPLC-Xevo TQ-S UPLC-MS/MS
system. The columns were an ACQUITY UPLC BEH C18 1.7 pm VanGuard guard column (2.1 x 5 mm) and
a BEH C18 analytical column (2.1 x 100 mm). The column temperature was 40°C, and the sample
manager temperature was 10°C. Mobile phase A was water containing 0.1% formic acid, and mobile
phase B was an acetonitrile/isopropanol mixture (70:30). The gradient elution program was: 0—1 min, 5%
B; 1-5 min, 5%—30% B; 5-9 min, 30%—50% B; 9—11 min, 50%-78% B; 11-13.5 min, 78%-95% B; 13.5-14
min, 95%—-100% B; 14—-16 min, 100% B; 16—16.1 min, 100%—5% B; 16.1-18 min, 5% B. The flow rate was
0.40 mL/min, and the injection volume was 5 pL.

Mass spectrometry used electrospray ionization, including positive-ion and negative-ion modes. The ESI+
capillary voltage was 1.5 kV, and the ESI- capillary voltage was 2.0 kV; the source temperature was 150°C,
the desolvation temperature was 550°C, and the desolvation gas flow was 1,000 L/h.
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Quality control included test mixtures, internal standards, pooled biological sample QC and reagent
blanks[23, 24]. Test mixtures were analyzed at the beginning and end of each batch, retention-time shifts
were controlled within 4 s, and differences in peak signal intensity were controlled within 15%. Pooled QC
samples were prepared alongside the study samples, and injected once after every 14 samples analyzed.
Reagent blanks were used to monitor system contamination and wash the chromatographic column.
Analysis was completed within 48 h after sample extraction and derivatization. Samples were run using
within-group pairing and between-group randomization, to reduce analytical bias caused by run order.

2.3. Study Framework and Evidence Tiers

This study comprised 4 evidence tiers. The discovery tier used 65 gastric cancer tissues with both 16S
and targeted LC—-MS data; B-HB values were treated as the supplied signal intensities and were not
interpreted as absolute concentrations. The direct-LVI external evidence tier used GSE62254 RNA
expression [25] and GSE261635 DNA methylation data; both had LVI labels, but neither measured B-HB.
The proxy/sensitivity evidence tier used TCGA-STAD survival data [26],, GSE246963 lymph node status,
GSE237876 within-patient paired distant-metastasis data, and GSE163558/GSE239676 single-cell data
[27, 28]. The computational evidence tier used DepMap and LINCS to rank experimental candidates. LVI,
lymph node metastasis, distant metastasis, survival, and cell-state comparisons were not treated as
interchangeable endpoints [29, 30] (Table 1 and Table 2).

Table 1
Discovery Cohort and Sample Identity Audit
Item Clinical Matched Explanation
records analysis
LVI-negative (V0) 33 32 1 VO case lacked both molecular data
layers
LVI-positive (V1) 33 33 All V1 cases had matched data
Total 66 65 Main multi-omics analysis set
Grouping and clinical - 65/65 Used for group-based analyses
labels concordant
TO/T1 filename prefixes - 33/65 Prefixes were not used as group
and clinical labels concordant status
Additional metabolomics - Excluded No unambiguous LVI label; ROC AUC
row T1_064 was corrected after exclusion
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Table 2

Public Cohorts and Their Evidence Roles

DepMap/LINCS

LVI-negative cases

Stomach-derived models
and perturbation
expression signatures

actual LVI

CRISPR gene effects and
signature reversal

Resource Unit of analysis Endpoint/measurement Evidence role
GSE62254 300 tumors; 278 with LVI  Bulk RNA; actual LVI and RNA proxy test of
information survival direct LVI
TCGA-STAD 412 tumors; Cox analysis  Bulk RNA and survival; no Co-regulation and
n=365 harmonized LVI variable prognostic context
GSE246963 8 LN-positive and 8 LN- Bulk RNA; lymph node status Surrogate-endpoint
negative primary lesions sensitivity analysis
GSE237876 14 patients; 38 primary Within-patient paired bulk Metastatic-route-
and 28 metastatic RNA specific sensitivity
lesions analysis
GSE163558 41,854 cells after quality =~ Sample—cell-lineage Low-powered single-
control pseudobulk RNA cell feasibility
analysis
GSE239676 222,240 cells; 20 Within-patient paired single- Metastasis and
patients cell pseudobulk coupling sensitivity
analysis
GSE261635 10 LVI-positive and 10 EPIC promoter methylation; Orthogonal proxy

test of direct LVI

Experimental
prioritization only

2.4. Discovery Cohort and Sample Identity Audit

The previous clinical table contained 66 cases of gastric cancer, with 33 cases each in VO and V1. 1 VO
case lacked both types of molecular data, leaving 65 paired tissues in the final set (VO n =32; V1 n = 33).
Sample linkages were reconstructed using clinical identifiers, microbiome identifiers and the sample-
metabolomics mapping file. In all 65 paired cases, metabolomics class labels were consistent with the
audited clinical status. The TO/T1 prefixes in metabolomics filenames agreed with the clinical VO/V1
status in only 33/65 cases, and were therefore not used for grouping. The additional metabolomics
record T1_064 had no unambiguous clinical LVI label, and was excluded from all LVI statistics including
ROC analysis.

2.5. Microbiome Processing and Global Analysis

The data tables contained 15,301 OTUs and 2,222 genus-level data columns. Each sample in the
processed OTU table contained 44,445 sequencing reads. Two-sided Mann—Whitney tests [31] were used
to compare the observed number of OTUs, Shannon diversity [32]and Simpson diversity[33]. Bray—Curtis
distances [34] were calculated from OTU relative abundances. The compositional sensitivity analysis first
restricted genera to those with a detection rate of = 20% and a mean relative abundance of = 0.01%,
added a pseudocount of 10-¢ before closure, and then subjected genus abundances to centered log-ratio
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transformation[35, 36]. PERMANOVA used 999 permutations, and a multivariate dispersion test was
performed in parallel[37, 38].

2.6. Genus-Level Differential Testing, Two-Stage Candidate
Screening and Classification

Global genus-level differential testing retained taxa detected in at least 10% of samples and with a mean
relative abundance of >0.01%. Two-sided Mann—Whitney tests and rank-biserial effect sizes were
calculated, followed by BH correction across all tested genera[39, 40]. Transparent, mutually exclusive
two-stage descriptive candidate screening was performed alongside this inferential testing. The strict tier
required a mean relative abundance in V0 of < 0.01%, a mean relative abundance in V1 of =0.05%, and an
adjusted V1/V0 mean-abundance fold change of = 10. The relaxed additional tier was applied only to
genera negative in the strict tier: a cumulative genus-table count in V1 of = 20, and an adjusted mean-
abundance fold change of = 10 when the cumulative count in VO was greater than 0. All cumulative
counts were genus-table counts summed by group after the sequencing depth of each sample had first
been standardized to 44,445 sequencing reads, and were not equivalent to the number of positive
samples, nor did they constitute independent replicates. Fold changes were calculated as (V1 mean
relative abundance + €)/(V0 mean relative abundance + €), where € = 1x10-%; this fold change was not
reported when the cumulative count in VO was 0. The relaxed additional tier was ranked in descending
order of cumulative V1 counts. This screening was a data-driven descriptive ranking, and did not yield
FDR-positive conclusions.

2.7. Untargeted Metabolomics and 3-HB Analysis

B-HB was identified through the entry “3-Hydroxybutyric acid” in the targeted LC-MS assay panel. Its
values were the supplied targeted signal intensities and were not interpreted as absolute concentrations.
V1 and VO were compared using a two-sided Mann—Whitney test and the rank-biserial correlation effect
size, while retaining the metabolome-wide FDR supplied in the screening data and the FC supplied in the
analysis results. Robustness analyses used 4,000 bootstrap resamples of the median difference and
leave-one-out between-group tests[41].

The bridging direction was reported using prespecified reverse coding: raw Tundrisphaera abundance and
B-HB varied in opposite directions, and the bridging score was significantly correlated with B-HB (p =
-0.6797; P < 0.001). After harmonizing the single continuous input, LVI coding, and positive direction, the
rank-biserial correlation effect size was calculated as r_rb =2 x AUC - 1; AUC = 0.866 corresponded to
r_rb =0.732. The two measures were mathematically consistent and were reported together as
exploratory results.

A binomial generalized linear model was used to analyze the association between a 1-standard-deviation
increase in standardized log(B-HB + 1) and LVI, adjusting for standardized age and binary sex and using
HC3 robust standard errors [42, 43]. The analysis was strictly restricted to the 65 samples with
unambiguous labels. This model estimate was used to provide a supplementary description of
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association strength; it addressed a statistical target different from those of the univariable AUC and the
rank-biserial correlation effect size, and no claim of causality was based on it.[44].

2.8. Paired Cross-Omics Bridging and Pathway Audit

In the 65 paired samples, Spearman correlation was used to test the relationship between continuous
Tundrisphaera abundance and B-HB.[45]

The enriched pathway results were examined for ketone body synthesis/degradation and butanoate
metabolism, recording the number of contributing metabolites, raw P values, FDR and pathway impact
values[46].

2.9. Prespecified Non-Immune Programs and Bulk
Transcriptomic Expression Scoring

6 programs were fixed before public-cohort comparisons: ketone body handling (12 genes), KEGG
butanoate metabolism (hsa00650; 27 genes), KEGG fatty acid degradation (hsa00071; 43 genes),
EMT/ECM invasion (15 genes), endothelial/angiogenic activity (18 genes) and epithelial integrity (8
genes). In each bulk transcriptomic cohort, the expression of each gene was first standardized across
samples, the z scores of the available genes in each program were then averaged, and gene coverage was
recorded for each dataset[47, 48].

GSE62254 included 300 cases of gastric cancer from the Asian Cancer Research Group. The LVI
comparison included 278 tumors with known LVI status (205 positive, 73 negative), excluding 22 with
missing labels. Two-sided Wilcoxon tests and Cliff's § effect sizes were used[49, 50]. Logistic regression
models included standardized program scores, age, sex and stage; overall survival Cox models likewise
included standardized program scores, age, sex and stage[51].

TCGA-STAD RNA data included 412 primary tumors. TCGA did not provide an LVI endpoint sufficiently
harmonized and suitable for this analysis, and was therefore used only for program co-regulation and
survival analyses. The adjusted Cox models included 365 patients and 148 events, with the same
covariate structure as the GSE62254 models.

2.10. Surrogate-Endpoint Bulk Transcriptomic Analysis and
Paired Metastasis Analysis
GSE246963 included primary tumors with or without lymph node metastasis and paired

normal/metastatic samples. The prespecified sensitivity comparison included 8 LN-positive and 8 LN-
negative primary tumors. LN status was treated as a surrogate endpoint.

GSE237876 included 38 primary tumor tissue blocks and 28 metastatic tumor tissue blocks from 14
patients, with metastatic routes including hematogenous, peritoneal or ovarian dissemination. Program
scores were aggregated within each patient and site category, and patient-level metastatic-minus-primary
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differences were tested using paired nonparametric methods. Heterogeneity across metastatic routes
and the non-equivalence of distant metastasis and LVI were prespecified as study limitations.

2.11. Single-Cell Processing and Patient-Level Pseudobulk
Aggregation

For GSE163558 [27], the local matrix contained 54,687 cell barcodes, of which 41,854 passed quality
control. Epithelial-like and endothelial-like cells were stringently selected using broad non-immune lineage
markers. Before normalization and gene-set scoring, counts were aggregated at the sample-lineage level,
to avoid cell-level pseudoreplication [52—-54]. The final epithelial and endothelial pseudobulk analyses
included n =7 and n = 3 sample units, respectively.

For GSE239676, the existing 8,630-gene matrix on the official website was used directly. This matrix
contained 20 patients, 68 samples and 222,240 cells. Broad-marker screening identified 28,847 epithelial-
like cells and 2,868 endothelial-like cells. The patient-paired primary—solid metastasis comparison
included 11 pairs of epithelial-like samples and 4 pairs of endothelial-like samples, with at least 20 cells in
each pseudobulk unit. Because CNV-based confirmation of malignant cells was lacking, the epithelial-like
label was not treated as evidence of malignant identity [55].

2.12. Direct-LVI Methylation Analysis

GSE261635 included 10 early gastric cancer cases with LVI and 10 without LVI. Each GEO sample table
was numerically matched to matrix columns, yielding 20 unique mappings, with best-match Pearson
correlation coefficients of 0.9933-0.9967[56].

EPIC probes were linked to the promoter regions of target genes [57, 58]. After quality control, 2,008
promoter CpGs covered 109 genes in the 6 programs. Gene-level promoter methylation was aggregated,
negative z scores were used as a proxy for epigenetic activation, and values were averaged within each
program. Welch tests and Mann—Whitney tests were used to compare the LVI-positive and LVI-negative
groups, and BH correction was performed separately at the pathway, gene and probe levels[59].

2.13. DepMap and LINCS Candidate Prioritization

DepMap CRISPR gene-effect profiles were examined in 54 stomach-derived models, of which 35 had data
for at least 1 candidate gene[60-63]. Median gene effects and the proportions of models with effects
below - 0.5 and - 1 were reported. The degree of reversal of LINCS genetic perturbation signatures was
scored according to prespecified metabolic/phenotypic patterns. These analyses were used only for
candidate ranking[64, 65].

The supplied clinical table contained 66 labeled cases (33 VO and 33 V1). The supplied 16S genus table
contained 65 sample columns, with a normalized depth of 44,445 reads; the missing paired clinical record
was 21_064 (V0), resulting in 32 V0 and 33 V1 cases in the paired analysis. The supplied metabolomics
classification file contained an additional unlabeled record, T1_064, which was excluded from the paired
B-HB analysis. In the audited paired data, the B-HB medians were 39.3072 and 68.4851, and the rank-
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biserial correlation effect size was 0.732, mathematically consistent with AUC = 0.866 according to r_rb =
2xAUC - 1.

3. Results

3.1. Cohort Reconstruction Avoided Group-Label and ROC Classification Errors

The clinical records contained 33 V0 and 33 V1 cases, of which 65 could be linked to both molecular data
layers. The dedicated mapping table and grouping file were fully concordant across all 65 matched
samples, whereas filename prefixes agreed with clinical status in only 33/65 cases. After the unlabeled
66th metabolomics record was removed and the input was harmonized, the B-HB AUC was 0.866 and the
rank-biserial correlation effect size was 0.732, satisfying r_rb = 2 x AUC - 1; the two measures could
therefore serve as mutually corroborating results for the same univariable input (Table 1).

3.2. Global Microbial Ecology and Microbiome Classification Results Were Both Negative

Shannon diversity values were similar between the two groups, although the difference reached nominal
significance (medians of 4.47 and 4.35 in VO and V1, respectively; P < 0.05). Bray—Curtis PERMANOVA
showed that between-group differences explained very little variation (R? = 0.0099; P < 0.05), with no
difference in dispersion between groups (P = 0.443). The Aitchison sensitivity analysis likewise indicated
only a small exploratory separation (R2 = 0.0197; P < 0.05; dispersion P = 0.262).

3.2.1. Two-Stage Screening Identified 4 Low-Abundance Candidates

We obtained 4 low-abundance candidates in descending order of cumulative genus-table counts: the D0O5-
2 group (cumulative V1/V0 counts 50/3; mean relative abundance 0.003409%/0.000211%; adjusted fold
change 16.09), Tundrisphaera (33/1; 0.002250%/0.000070%; 31.57), Kushneria marisflavi (26/0;
0.001773%/not detected; fold change not estimated) and Sporolactobacillus (25/0; 0.001705%/not
detected; fold change not estimated). These counts were accumulated by group from the genus table
after each sample’s depth had been standardized to 44,445 sequencing reads. Fold changes were
adjusted using €=1x10-8. (Figure 1; Table 3).

Figure 1. Gastric Tissue Microbiome Characteristics Stratified by LVI
Status

Figure legend: A, discovery cohort and multi-omics data coverage; B, Shannon diversity in VO and V1; C,
Bray—Curtis community structure; D, cumulative genus-table counts for candidate bacteria in the strict tier
and relaxed additional tier; E, out-of-fold ROC of the random forest with information leakage controlled.

Results shown: Overall community differences explained very little variation, and genus-level FDR
screening and classification performance did not provide stable evidence. The additional tier yielded 4
low-abundance candidates, including Tundrisphaera, with V1/V0 cumulative genus-table counts of 33/1,
mean relative abundances of 0.002250%/0.000070%, and an adjusted fold change of 31.57.
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This figure defines the microbiological starting point of the manuscript: the study found no broad or
reproducible LVI-associated dysbiosis, and Tundrisphaera could only be tested further as a descriptive
candidate in the relaxed tier, limiting causal statements about a “key driver bacterium” at their source[66-
68].

Table 3. Results of Mutually Exclusive Two-Stage Genus Candidate
Screening

Tier/rank  Bacterium V1 Vo V1 mean V0 mean Adjusted
cumulative cumulative relative relative fold
genus- genus- abundance abundance change
table table
count count

Strict tier Cobetia 4,008 98 0.273269% 0.006891%  39.65x

Relaxed D05-2 group 50 3 0.003409% 0.000211%  16.09x

additional

tier 1

Relaxed Tundrisphaera 33 1 0.002250% 0.000070%  31.57x

additional

tier 2

Relaxed Kushneria 26 0 0.001773%  Not —

additional  marisflavi detected

tier 3

Relaxed Sporolactobacillus 25 0 0.001705%  Not —

additional detected

tier 4

3.3. Nominal Elevation of B-HB in LVI-Positive Gastric
Cancer Tissues

The B-HB signal was higher in V1 (n = 33; median, 68.4851; mean, 220.79) than in VO (n = 32; median,
39.3072; mean, 80.10). The rank-biserial correlation effect size was 0.732, and the Mann—-Whitney P value
was 0.02203; the AUC for the same single continuous input was 0.866, satisfyingr_rb =2 x AUC - 1. The
bootstrap interval for the median difference was 5.02-89.43 signal-intensity units, and P values in the
leave-one-out analyses ranged from 0.07107 to 0.0333. The FC supplied in the vendor’s analysis results
was 1.803, while the metabolome-wide FDR remained 0.9758. For each 1-standard-deviation increase in
log(B-HB + 1), the adjusted OR was 1.72 (95% Cl, 0.92-3.23), with the interval including the null value.
Thus, this signal was a directly measured but still exploratory tissue-metabolite observation (Figure 2;
Supplementary Figures S1-S2; Table 4).

Figure 2. B-HB in the Metabolomic Analysis of the Discovery Cohort
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Figure legend: A, box plot comparing LC-MS signal intensities between the VO and V1 groups; B, volcano
plot for the 3-HB matched groups; C, box plot of the grouped sample distribution of B-HB; D, AUC positive-
rate correlation plot; F is a histogram of univariate discrimination and age- and sex-adjusted association
estimates.

Results shown: B-HB was higher in V1 than in VO (P = 0.02203; rank-biserial correlation effect size, 0.732;
AUC = 0.866, with the two measures satisfying r_rb = 2 x AUC - 1), but the metabolome-wide q value was
0.9758; the adjusted OR was 1.72 (95% CI, 0.92-3.23).

This figure establishes the only directly measured B-HB discovery node in the manuscript, while defining
its evidence level through multiple-testing correction and covariate models.

Table 4. Main Discovery Results and Boundaries of the Claims

Analysis

Shannon diversity

Bray—Curtis
PERMANOVA

Aitchison
PERMANOVA

Microbiome random
forest

Two-stage genus
candidate screening

B-HB V1 vs VO

B-HB adjusted model

B-HB discrimination

Tundrisphaera—3-HB
bridging

Estimate

P<0.05
R2=0.0099; P<0.05

R2=0.0197; P<0.05
AUC=0.706 (95% Cl 0.592-0.843)

Cobetia was identified in the strict tier; 4
low-abundance candidates were
obtained in the relaxed additional tier

Medians 68.49 vs 39.31; P<0.05;
g=0.9758
OR=1.72 (0.92-3.23); P<0.01

AUC=0.866 (95% C1 0.792-0.943)

p=0.6797; P<0.001

Interpretation within the
evidence boundaries

a diversity differed

Global community separation
remained exploratory

Compositional sensitivity
analysis remained exploratory

Interr]al discrimination
remained exploratory

Descriptive, data-driven,
without genus-level FDR
support; see Table 3

Directly measured nominal
signal, not an omics-wide
positive result

Imprecise estimate after
age/sex adjustment

Exploratory result; included
only 65 samples with
unambiguous labels

An inverse sample-level
bridging relationship was
observed

3.4. The Matched Microbiota—Metabolism Bridging Test
and the Pathway Independence Test Were Both Negative
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In the 65 matched tissue samples, raw continuous Tundrisphaera abundance and B-HB varied in opposite
directions and showed a significant inverse bridging relationship (Spearman p = -0.6797; P < 0.001). This
sample-level association supports a directional statistical link between Tundrisphaera and 3-HB, but
cannot by itself establish that Tundrisphaera produces B-HB or that either variable lies upstream of LVI.

The ketone-body pathway in the screening results was represented by only one metabolite, B-HB (raw P =
0.00746; q = 0.597). Butyrate metabolism was likewise represented only by B-HB (raw P = 0.0491; q =
0.674). That is, a significant Tundrisphaera—B-HB bridging relationship and pathways driven by the B-HB
feature constitute a causal mechanism (Figure 3; Supplementary Figures S3-S5).

Figure 3. Matched Cross-Omics Bridging and Single-Hit Pathway Audit

Figure legend: A, B-HB grouped by LVI status; B, Priority between the metabolism candidates; C, raw P
values for ketone body synthesis and degradation and butanoate metabolismiD,Top differential
metabolite z-score heatmap.

Results shown: B-HB was nominally elevated in V1; in the 65 audited paired samples, raw Tundrisphaera
abundance showed an inverse bridging relationship with B-HB (p = -0.6797; P < 0.001).

The ketone-body pathway and butyrate metabolism were both represented only by the same B-HB feature,
with raw P values of 0.00746 (q = 0.597) and 0.0491, respectively.

This figure supports a sample-level inverse bridging relationship between Tundrisphaera and 3-HB.
Because both pathways were represented by the same -HB annotation, the ketone-body and butyrate
pathways are not independent findings either; therefore, this article treats the genus candidate and B-HB
as two interrelated but still exploratory observations.

3.5. RNA Validation with Actual LVI Labels

The Wilcoxon q values for all three metabolic programs were 0.1977. One output version of the ketone-
body handling model reported OR = 2.682 (95% Cl, 2.503-2.925; P = 0.0139), while another output
summary reported a BH-adjusted q value of 0.0434 (Figure 4; Table 5).

Figure 4. RNA Proxy Validation of Actual LVI in GSE62254

Figure legend: The figure shows the six prespecified RNA programs in samples with actual LVI labels,
including program scores in the LVI-negative and LVI-positive groups, the correlation structure between
programs, unadjusted associations and LVI association estimates adjusted for clinical variables.

Results shown: The Wilcoxon q values for all three metabolic programs were 0.1977. The reported
outputs of the ketone-body handling model included OR = 2.682 (95% Cl, 2.503-2.925; P =0.0139) and a
BH-adjusted q value of 0.0434 .
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Role in the manuscript’s logic: This figure reproduces the prespecified direction that “lower metabolic
programs correspond to LVI positivity”, limiting extrapolation from the B-HB signal in the discovery cohort
to RNA programs and LVI.

Table 5. External Results Constraining the Proposed Mechanism

Dataset Main results Interpretation
GSE62254 Wilcoxon metabolic-program q=0.1977;
actual LVI ketone model OR=2.682 (95% Cl 2.503-

2.925), reported P=0.0139; separate BH
summary q=0.0434

GSE62254 EMT HR=1.289, q=0.0064; endothelial Phenotypic programs were

survival HR=1.261, g=0.0064 prognostically associated, but
there was no evidence of
metabolic mediation

TCGA-STAD EMT HR=1.308, q=0.0143; endothelial Prognostic signals were mainly

survival HR=1.242, g=0.0488; metabolic programs located in phenotypic programs
q=0.45

GSE246963 LN g>0.05 for all 6 programs Directional sensitivity analysis only

status

GSE261635 g=1.000 for all 6 pathways; minimum gene Negative orthogonal methylation

actual LVI g=0.9026 evidence

DepMap/LINCS SLC16A1 median effect=-0.197; OXCT1 Candidate ranking, rather than
reversal=5.17 validation of dependency or

efficacy

3.6. Direct-LVI Methylation Analysis Provided Negative
Orthogonal Evidence

All 20 sample—matrix column mappings in GSE261635 passed the prespecified uniqueness audit. Among
the 109 target genes covered, the minimum g value was 0.9026; among the 2,008 promoter probes, the
minimum q value was 0.9960. Although VEGFC had a raw P=0.0106, AB=-0.0579, reaching the nominal
level, its =0.903, and it was therefore not selected as a positive result. Thus, the only public orthogonal
dataset with actual LVI labels failed to validate the proposed metabolic, invasion and vascular programs
(Figure 5; Table 5).

Figure 5. EPIC Methylation Validation of Direct LVI in GSE261635

Figure legend: A, verification of one-to-one mappings between the 20 samples and data matrix columns;
B, effect estimates of the six promoter-methylation program proxies; C, sample distributions for each
program; D, ranking of nominal effects for target genes and promoter probes.
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Figure results: All 20/20 samples passed the unique-mapping audit; the minimum q value for the 109
target genes was 0.9026, and the minimum q value for the 2,008 promoter probes was 0.9960. Although
VEGFC had a raw P=0.0106 and AB=-0.0579, g=0.903.

This figure provides an orthogonal test at a different molecular layer and with an actual LVI endpoint, but
did not support the proposed metabolic, invasion or vascular programs, further limiting the statement that
“the mechanism has been replicated across omics”; methylation proxies still cannot replace B-HB, RNA or
flux measurements.

3.7. Metabolic Transcriptional Programs Co-varied, but
Survival Associations Were Mainly Located in Phenotypic
Programs

In TCGA-STAD, ketone body handling was strongly correlated with both butanoate metabolism (p=0.833)
and fatty acid degradation (p=0.826). The correlation coefficient between butanoate metabolism and fatty
acid degradation was p=0.841. EMT/ECM invasion (adjusted HR=1.308, q=0.0143) and
endothelial/angiogenic activity (HR=1.242, q=0.0488) were associated with poorer survival (Figure 6;
Table 5).

GSE62254 showed the same separation: EMT/ECM invasion (HR=1.289, q=0.0064) and
endothelial/angiogenic activity (HR=1.261, q=0.0064) were adverse factors, whereas epithelial integrity
was a protective factor (HR=0.786, =0.0024); none of the three metabolic programs passed BH
correction. These survival associations support the clinical relevance of invasion and vascular
phenotypes, but cannot link them to B-HB (Table 5).

Figure 6. Metabolic Co-regulation and Survival Context in TCGA-
STAD

Figure legend: The figure includes the six-program correlation matrix, the sample-level relationship
between fatty acid degradation and EMT/ECM invasion, covariate-adjusted Cox regression results, and
the distribution of the EMT/ECM program across pathological stages.

Figure results: Ketone body handling, butanoate metabolism and fatty acid degradation programs were
strongly correlated at the RNA level; adjusted survival associations were mainly observed for EMT/ECM
invasion (HR=1.308, q=0.0143) and the endothelial/angiogenic program (HR=1.242, q=0.0488).

This figure supports the co-variation of metabolic transcriptional programs, and confirms the clinical
relevance of invasion and vascular phenotypes.
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3.8. Surrogate-Outcome Bulk Transcriptomic and Paired
Metastasis Cohorts Showed Only Directional or Negative
Results

Among the eight LN-positive and eight LN-negative primary tumors in GSE246963, the effect directions
for ketone body handling, butanoate metabolism and fatty acid degradation were all upward. Butanoate
metabolism showed the strongest nominal result (Cliff's § effect size=0.625, P=0.0406, =0.1217). LN
metastasis is not equivalent to histological LVI, and this cohort did not measure B-HB (Supplementary
Figure S6).

Role in the manuscript’s logic: This figure shows that directional changes can demonstrate program
coupling, and that distant metastasis cannot substitute for LVI; it limits generalization of the metabolism—
invasion relationship to multi-site metastatic contexts, and highlights patient, route and organ
heterogeneity.

3.9. Single-Cell Sensitivity Analysis Failed to Reproduce
Metabolism—-Invasion Coupling

A total of 41,854 cells in GSE163558 passed quality control (QC), but the sample-level epithelial and
endothelial pseudobulk analyses contained only seven and three units, respectively. In the epithelial
pseudobulk analysis, the correlation coefficients for ketone body handling with EMT/ECM, and butanoate
metabolism with EMT/ECM were both p=0.143 (P=0.760), and the correlation coefficient for fatty acid
degradation with EMT/ECM was p=0.321 (P=0.482; q=0.760). Metabolism—-invasion or metabolism-
vascular coupling was validated in both cases, but statistical power for endothelial inference was
insufficient (Supplementary Figure S8).

3.10. In Silico Perturbations Identified Experimental Leads

In stomach-derived DepMap models, SLC16A1 showed the strongest median dependency among the
candidate genes (median gene effect=-0.197); among models with data, only 5.7% had gene effects
below -0.5, and 2.9% below -1. OXCT1 knockout produced the highest LINCS reversal overlap score
(5.17), suggesting ketone body utilization as a candidate direction for controlled perturbation. Compound
rankings and gene perturbations remain only experimental leads, because this analysis demonstrates
direct binding, B-HB blockade, phenotypic rescue or efficacy against LVI (Supplementary Figure S10).

4. Discussion

This integrated analysis decomposes the originally proposed sequential mechanism into two types of
independent exploratory observations. The overall microbiome did not differ by LVI status, and no genus

Page 17/32



passed multiple-testing correction; the descriptive two-stage screening identified Cobetia in the strict tier,
and identified 4 low-abundance candidates in the relaxed tier, including Tundrisphaera, among genera
negative in the strict tier.

Broad ecological null results and descriptive enrichment of low-abundance taxa can coexist. The former
suggests that in the current cohort, LVI was not accompanied by reproducible community-wide changes;
the latter is used only to identify candidates warranting technical replication. The strict tier and the
relaxed additional tier are mutually exclusive, avoiding counting the same genus in both tiers;
Tundrisphaera did not meet the strict-tier requirement of a mean abundance in V1 of 20.05%, and was
selected only in the data-driven relaxed additional tier. Its cumulative V1/V0 genus-table counts were
33/1, and its mean relative abundances were only 0.002250%/0.000070%. Cumulative genus-table counts
are not the number of positive samples, nor are they independent biological replicates, and cannot be
used to infer prevalence. In the absence of extraction blanks, batch reconstruction, absolute bacterial
loads and orthogonal species-level assays , contamination and taxonomic misclassification cannot be
excluded[69-73]. The current results should guide validation experiments, rather than assign specific
functions to this microorganism.

Compared with RNA proxies, the B-HB observation is closer to the research question at the measurement
level, because it derives directly from tissue metabolomics stratified by LVI. However, its statistical
evidence remains exploratory: the raw P value reached only the nominal level, the omics-wide FDR was
0.976, and the adjusted confidence interval included the null value[74, 75]. Its source also remains
unclear. Systemic catabolism, perioperative fasting, liver-derived ketogenesis , tumor utilization, stromal
metabolism and local microbial contributions are all possible. Targeted LC—MS using isotope-labeled
standards[76, 77], concurrent plasma measurements , fasting-related metadata and enantiomer-sensitive
assays are needed, to distinguish its concentration and source[78, 79].

The ketone body and butanoate metabolism pathway results do not constitute two independent findings.
Both are driven by the same -HB annotation, and neither passed pathway-level FDR correction. A single
detected metabolite cannot establish pathway direction, the relationship between synthesis and
utilization or metabolic flux [80-82]. Co-regulation of ketone body, butanoate and fatty acid programs in
public RNA data provides biological context, but gene expression cannot substitute for metabolite
concentrations or isotope-traced metabolic flux[83].

The strongest external constraint is not a positive proxy result, but transparently reported non-replication.
GSE62254 had a sufficient number of LVI-labeled samples, but none of the six program comparisons
passed BH correction, and the adjusted ketone body handling effect was opposite in direction to the
working hypothesis. GSE261635 provided a different molecular layer and an actual LVI outcome, but none
of the three testing families at the pathway, gene and probe levels passed BH correction. Because neither
cohort measured B-HB, these results cannot negate the direct 3-HB measurement in the discovery cohort,
but weaken the claim that “it is accompanied by generalizable transcriptional or promoter-methylation
programs”.
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The survival analysis results reveal a separable phenomenon: EMT/ECM and endothelial/angiogenic
programs were clinically relevant in both GSE62254 and TCGA-STAD. Because the metabolic programs
were not prognostically associated, and the directions of inter-program correlations were unstable across
cohorts, the above prognostic associations should therefore not be attributed to B-HB. Similarly, lymph
node and distant metastasis datasets can serve as sensitivity analyses, but cannot replace histological
LVI.

There was no broad dependency in gastric cancer models, and therefore the candidate genes cannot be
described as established vulnerability targets. Nevertheless, OXCT1, SLC16A1 and related ketone body
handling genes can still enter subsequent studies, because the LINCS and DepMap results define
actionable perturbation nodes. Informative experiments should test whether genetic or pharmacological
perturbations alter intracellular/extracellular -HB, invasion, EMT markers, endothelial permeability or
tube-forming capacity, and whether add-back or rescue can restore the phenotype[84]. Compound ranking
alone, without target engagement, dose-response, rescue experiments and in vivo LVl assessment,
cannot constitute therapeutic validation.

The next study should first independently replicate the two types of findings[85]. The thresholds and
mutual-exclusivity rules for the strict tier and relaxed additional tier should be locked in advance, Cobetia
and the 4 low-abundance candidates should be re-examined in an independent cohort, and Tundrisphaera
should be quantified by species-level sequencing or qPCR, while measuring absolute bacterial loads, and
including extraction blanks, PCR-negative controls, positive controls and randomized batches [86-90].
Tissue and plasma B-HB should be measured using targeted LC—MS standardized with isotope-labeled
internal standards, and fasting and perioperative metadata should be recorded. Subsequently, the
continuous cross-omics bridging relationship should be re-examined without data-driven threshold
selection.

B-HB dose, treatment duration, the physiological concentration range, and sterecisomers should be
controlled in at least two authenticated, mycoplasma-free gastric cancer models and vascular or
lymphatic endothelial co-culture systems[91-93]. Assay endpoints should include invasion [98], migration,
EMT, endothelial permeability, tube formation, and ketone body/butanoate/fatty acid metabolic flux[94,
95]. Candidate genes should be perturbed through blockade and rescue. In vivo studies should use
prespecified histological LVI endpoints, rather than relying only on tumor size or distant metastasis. The
core endpoint should be transendothelial migration across an intact endothelial layer, with simultaneous
assessment of endothelial junction continuity, permeability, and controls for cell viability and proliferation.
Tumor-cell-only, endothelial-cell-only, and combined exposure should be compared to identify the
responding cell type. Candidate genes should then be perturbed in the responding cells: OXCT1 deletion
or knockdown, wild-type rescue, and rescue with a validated catalytically inactive variant should be tested,
with explicit examination of the B-HB x genotype interaction.

5. Conclusions
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Tundrisphaera was identified among the 4 low-abundance candidates; it did not meet the strict-tier
abundance requirement. The B-HB signal was nominally elevated in V1 tissues, and the audited paired
analysis identified an inverse bridging relationship between continuous Tundrisphaera abundance and 3-
HB (p = -0.6797; P < 0.001). These findings remain exploratory; a causal B-HB—LVI pathway or a validated
OXCT1-dependent mechanism exists.
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Figure 1

Gastric Tissue Microbiome Characteristics Stratified by LVI

Figure legend: A, discovery cohort and multi-omics data coverage; B, Shannon diversity in VO and V1; C,
Bray—Curtis community structure; D, cumulative genus-table counts for candidate bacteria in the strict tier
and relaxed additional tier; E, out-of-fold ROC of the random forest with information leakage controlled.
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Figure 2

B-HB in the Metabolomic Analysis of the Discovery Cohort

Figure legend: A, box plot comparing LC-MS signal intensities between the VO and V1 groups; B, volcano
plot for the 3-HB matched groups; C, box plot of the grouped sample distribution of B-HB; D, AUC positive-
rate correlation plot; F is a histogram of univariate discrimination and age- and sex-adjusted association
estimates.
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Matched Cross-Omics Bridging and Single-Hit Pathway Audit

Figure legend: A, B-HB grouped by LVI status; B, Priority between the metabolism candidates; C, raw P
values for ketone body synthesis and degradation and butanoate metabolismiiD,Top differential
metabolite z-score heatmap.
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GSE62254: metabolic and invasion/vascular programs by LVI LVI effect sizes

Standardized mean gene-set scores; n=73 LVI(-), n=205 LVI(+) Cliff's delta: positive values indicate higher scores in LVI(+)
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Figure 4

RNA Proxy Validation of Actual LVI in GSE62254

Figure legend: The figure shows the six prespecified RNA programs in samples with actual LVI labels,
including program scores in the LVI-negative and LVI-positive groups, the correlation structure between
programs, unadjusted associations and LVI association estimates adjusted for clinical variables.
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GSE261635 direct LVI methylation validation

Early gastric cancer, 10 LVI+ versus 10 LVI-; 2,008 filtered promoter CpGs cover all 109 prespecified genes. No pathway, targeted gene or targeted promoter probe survives BH correction.
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Figure 5

EPIC Methylation Validation of Direct LVI in GSE261635

Figure legend: A, verification of one-to-one mappings between the 20 samples and data matrix columns;
B, effect estimates of the six promoter-methylation program proxies; C, sample distributions for each
program; D, ranking of nominal effects for target genes and promoter probes.
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TCGA-STAD correlation replication Fatty-acid metabolism and EMT/ECM invasion
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Figure 6

Metabolic Co-regulation and Survival Context in TCGA-STAD

Figure legend: The figure includes the six-program correlation matrix, the sample-level relationship
between fatty acid degradation and EMT/ECM invasion, covariate-adjusted Cox regression results, and
the distribution of the EMT/ECM program across pathological stages.
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