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Abstract: Background/Objectives: Pancreatic ductal adenocarcinoma (PDAC) is a highly
aggressive malignancy with poor early detection rates owing to the limited sensitivity
and specificity of the current biomarker CA19-9. Gut microbiota dysbiosis plays a key
role in PDAC pathogenesis. This study aimed to evaluate the noninvasive approach we
developed, combining metagenome-derived microbial signatures with CA19-9, to improve
PDAC detection. Methods: This study included 50 treatment-naive patients with PDAC
and their matched controls. Fecal samples were analyzed using shotgun metagenomic
sequencing. Machine learning algorithms were used to develop and validate a diagnostic
panel integrating microbial signatures and CA19-9 levels. Subgroup analyses were used
to confirm the robustness of the microbial markers. Results: The combined models at
both species and genus levels effectively distinguished patients with PDAC from healthy
individuals, and their strong diagnostic efficacy and accuracy were demonstrated through
rigorous validation. Conclusions: In conclusion, the combination of gut microbiome
profiling and CA19-9 improves PDAC detection accuracy compared to the use of CA19-9
alone, showing promise for early and noninvasive diagnosis.

Keywords: pancreatic ductal adenocarcinoma; diagnostic biomarker; microbial signatures;
shotgun metagenomics; CA19-9

1. Introduction

Global epidemiological data reveal a concerning upward trajectory in pancreatic ductal
adenocarcinoma (PDAC) incidence, positioning this malignancy to become the second
most lethal cancer worldwide by 2025 [1,2]. The highly aggressive nature of PDAC directly
contributes to its dismal prognosis, with a 5-year survival rate below 10% [3,4]. Currently,
surgery is the sole potentially curative approach for PDAC. However, only about 20%
of patients are diagnosed at an early stage with resectable lesions [5]. Previous studies
have identified several risk factors for PDAC, including smoking, alcohol consumption,
obesity, periodontal disease, and diabetes [3]. Moreover, numerous potential biomarkers
for pancreatic cancer have been discovered in blood and tumor tissues [6]. Despite these
advancements, the early and accurate diagnosis of PDAC remains a significant challenge,
underscoring the urgent need for more reliable diagnostic tools and strategies.
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As the most commonly used diagnostic indicator for PDAC, the elevation of serum
CA19-9 might be affected by lifestyle factors, such as excessive tea consumption [7], and is
associated with various pathological conditions, including liver damage, biliary obstruction
and inflammation, pancreatitis, diabetes [8]. Additionally, CA19-9 lacks tumor-type speci-
ficity, as its elevation can be observed in multiple malignancies, including those originating
from colorectum, stomach, lung, breast, liver, and pancreatic neuroendocrine tumors [9,10].
Therefore, identifying more effective markers for an accurate and early diagnosis of PDAC
is essential.

Emerging evidence positions the gut microbiome as a pivotal modulator of oncogene-
sis through mechanisms involving the induction of chronic inflammation, immune system
modulation, and secretion of specific microbial metabolites [11]. Although inflammation
is a protective response, it can also become a risk factor for the development of cancers.
Microbiome-activated inflammatory responses such as pancreatic cancer cells exposed to
Enterococcus faecalis showed an increased expression of pro-inflammatory cytokines C-X-C
motif ligand 8 (CXCLS8) and vascular endothelial-derived growth factor (VEGF), which
promote fibrosis and angiogenesis [12]. The immune modulation by the microbiome has
been confirmed. The ablation of microbiota accelerated the Th1 polarization of CD4" T cells,
enhanced the cytotoxic phenotype of CD8" T cells, and increased the expression of T-BET,
TNF-«, and IFN-y [13]. In addition to microbial involvement in the development of cancer,
microbial metabolites can directly shape host and tumor metabolism, induce cell damage,
and regulate tumor immunity. Butyrate is a short-chain fatty acid (SCFA) produced by the
bacterial metabolism of dietary fiber, which has been proven to have antitumor effects and
was associated with decreased colorectal cancer incidence [14]. Butyrate has been shown
to reduce the proliferation of PDAC cells and induce their differentiation to a secretory
phenotype [15]. The bacterial metabolite deoxycholic acid could promote cell cycle pro-
gression by stimulating EGFR, MAPK, and STAT3 signaling in pancreatic cancer cells [16].
In contrast, ursodeoxycholic acid has been shown to have anticancer effects in pancreatic
cancer cell lines by inhibiting epithelial-mesenchymal transformation [17]. Trimethylamine
N-oxide (TMAO) is a product converted from dietary choline by gut bacterial enzymes,
which could induce inflammation and immune activation. A recent study suggested that
TMAO could drive antitumor immunity by inducing the immunostimulatory phenotype
of macrophages and enhancing the function of effector T cells [18].

In PDAC, dysbiosis patterns correlate with disease progression, suggesting micro-
bial signatures could serve as novel screening tools [19]. Seminal work by Gophna et al.
demonstrated PDAC-associated enrichment of Proteobacteria, Akkermansia, and Veillonella,
contrasted by depletion of Lachnospiraceae and Ruminococcaceae in healthy controls. Their
machine learning model leveraging these taxa achieved an AUC of 0.825, validating
microbiota-based diagnostic potential [20]. Such advancements align with broader ap-
plications of artificial intelligence in oncology for risk stratification and outcome prediction,
supporting integrative approaches to refine PDAC detection [21,22].

In this study, we present a systematic investigation combining shotgun metagenomic
profiling of fecal microbiota with machine learning to develop a noninvasive PDAC di-
agnostic framework. By analyzing samples from 50 treatment-naive PDAC patients and
50 matched controls, we delineated disease-specific microbial signatures across taxonomic
ranks and constructed robust classifiers outperforming CA19-9 alone. We established
combinatorial models integrating metagenomic features with CA19-9 to maximize diag-
nostic precision. By characterizing gut microbial signatures specific to PDAC, this work
addresses a fundamental diagnostic gap in current clinical practice and pioneers a novel
microbiome-based detection paradigm.
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2. Methods
2.1. Study Design and Sample Collection

This study adhered to the STARD guidelines and enrolled 50 patients with PDAC
and 50 matched healthy controls from October 2023 to January 2024. Healthy controls
were age- and sex-matched to patients with PDAC, with additional screening to ensure
comparable habitual diets (assessed by a simplified food frequency questionnaire). Individ-
uals reporting extreme dietary patterns (e.g., vegetarian, ketogenic, or high-fat diets) or
the use of antibiotics, probiotics, or immunosuppressive agents within the past 3 months
were excluded. Fecal samples were collected in sterile tubes with 2% glycerol and stored at
—80 °C within one hour. This study was approved by the Institutional Review Board of
Fudan University Affiliated Zhongshan Hospital (Approval No. B2023-282R), and written
informed consent was obtained from all participants.

2.2. Shotgun Metagenomic Sequencing and Data Analysis

Shotgun metagenomic sequencing was performed using the Illumina NovaSeq™ X
Plus platform in paired-end mode. DNA was fragmented to 400 bp, and libraries were
prepared using the NEXTFLEX Rapid DNA-Seq kit. Raw data were deposited in the NCBI
Short Read Archive. The raw sequencing reads were trimmed of adapters, and low-quality
reads (length < 50 bp or with a quality value < 20 or having N bases) were removed by
fastp (https:/ /github.com/OpenGene/fastp, version 0.23.0, accessed on 1 October 2024).
Reads were aligned to the homo sapiens genome by BWA (http:/ /bio-bwa.sourceforge.net,
version 0.7.17, accessed on 1 October 2024), and any hit associated with the reads and
their mated reads were removed. High-quality reads were assembled with MEGAHIT
with default parameters, and ORFs > 100 bp were predicted using Prodigal. A non-
redundant gene catalog was constructed with CD-HIT (90% identity, 90% coverage), and
gene abundance was estimated using SOAPaligner. Taxonomic annotation was performed
using DIAMOND against the NCBI NR database (e-value < 1 x 10~°). Differential analysis
was conducted using the Wilcoxon Rank-Sum Test.

2.3. Microbial Signature Selection and Model Construction

To ensure a balanced representation across subgroups, we employed stratified random
sampling to partition the dataset into training and validation sets at a ratio of 6:4. This
partitioning was stratified by age, sex, and TNM stage using the createDataPartition func-
tion from the caret package in R. The RPKM (Reads Per Kilobase of transcript, per Million
mapped reads) values of differentially abundant microbial taxa were log10-transformed to
mitigate right-skewness in microbial count distributions and standardized using z-score
transformation to normalize feature scales for machine learning algorithms. In the train-
ing set, least absolute shrinkage and selection operator (LASSO) regression was initially
applied for variable selection to identify the most relevant microbial features. LASSO
regression was performed using the glmnet package in R. The optimal lambda value was
selected from 100 candidates logarithmically spaced between 10~° and 10°, using 10-fold
cross-validation to minimize the cross-validation error. This step identified a subset of
microbial features with non-zero regression coefficients. Following this, random forest
analysis was performed to evaluate the importance of all variables, including both the
LASSO-selected features and other potential predictors. The random forest model was
constructed using the caret package in R, with model parameters optimized through 10-fold
repeated cross-validation with 5 repeats. The number of trees in the random forest was
set to 500, and the feature subset size at each split was set to the square root of the total
number of features, which is the default behavior for classification tasks in random forests.
Microbial features with non-zero regression coefficients from LASSO and importance val-
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ues exceeding 0.2 in the random forest analysis were selected as the final set of predictors
for the model. The final predictive model was constructed using a random forest classifier
implemented via the R caret package, trained on microbial features selected through LASSO
regression (non-zero coefficients) and random forest importance scoring (>0.2 threshold).
The random forest model was configured with 500 decision trees (ntree) and utilized Gini
impurity minimization for node splitting, with the optimal number of features per split
(mtry) determined through 5 repeats of 10-fold cross-validation. This approach aimed to
optimize model generalizability and minimize overfitting, thereby enhancing the predictive
accuracy of the microbial-signature-based classification model.

2.4. Validation of Predictive Model Performance

The discrimination performance of the microbial classifiers was evaluated using
receiver operating characteristic (ROC) curve analysis, with the AUC serving as a key
metric for assessing predictive accuracy. Calibration curves were generated to evaluate
the model’s calibration by comparing predicted probabilities with observed outcomes,
ensuring the reliability of the model’s probability estimates. Clinical utility was further
examined using decision curve analysis (DCA) to quantify the net benefit of the model
across different threshold probabilities. To compare predictive performance, the AUC and
accuracy of the microbial signature combined with CA19-9 levels were assessed against
those of CA19-9 alone across all samples, providing a comprehensive evaluation of the
added value of microbial features. Additionally, stratified analyses were conducted based
on age, sex, BMI, and tumor stage to validate the robustness and generalizability of the
microbial model across diverse subgroups.

2.5. Statistical Analysis

Continuous variables were analyzed using Student’s ¢-test for normally distributed
data or the Mann-Whitney U test for non-normally distributed data, with results expressed
as mean =+ standard deviation (SD) or median (interquartile range), respectively. Categori-
cal variables were evaluated using the x? test, with outcomes reported as frequencies and
percentages. ROC curves were generated to assess diagnostic performance, and the AUC
values along with 95% confidence intervals (ClIs) were computed using the pROC package
in R. Bootstrap resampling with 2000 replicates was employed to estimate the CIs. The op-
timal cutoff points for the ROC curves were identified using Youden’s index. Comparisons
between ROC curves were performed using the Delong test. The sensitivity, specificity, and
accuracy of the microbial signatures were calculated across all cohorts using the pROC
package. A significance threshold of p < 0.05 was applied for all statistical tests. Analyses
were conducted using R (version 4.2.1) and GraphPad Prism 9 (La Jolla, CA, USA).

3. Results
3.1. Microbiota and Functional Features of PDAC

Fecal samples were collected from 50 treatment-naive PDAC patients and 50 healthy
controls, with the two groups demonstrating balanced baseline characteristics (Table 1). The
PDAC cohort included patients with early-stage (I [n = 19] and II [n = 11]) and advanced-
stage (IIl [n = 12] and IV [n = 8]) disease. Shotgun metagenomic analysis identified 17,748
and 15,011 microbial species in the PDAC and control groups, respectively. Although
no significant difference in a-diversity, as measured by the Shannon index (p = 0.578),
was observed between patients and controls, suggesting comparable overall microbial
richness and evenness in the gut microbiota of PDAC patients and healthy individuals
(Figure 1A), B-diversity analysis revealed a significant distinction in microbial community
structures (p = 0.001). This indicates substantial variation in the composition and relative
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abundance of microbial species between the two groups (Figure 1B). These findings suggest

that specific microbial taxa or functional profiles, rather than overall diversity, may be

critically implicated in the development or progression of PDAC.

Table 1. Demographic and clinical characteristics of patients with PDAC and controls.

Characteristics PDAC Controls p-Value
Total samples (feces, n) 50 50 NA
Sex (male/female, n) 29/21 26/24 0.546
Age, years, (mean =+ SD) 63.46 £+ 11.03 62.0 £+ 8.89 0.468
BMI, kg/ m?, (mean + SD) 23.68 + 3.38 22.54 4+ 2.28 0.090
Smoking, n (%) 11 (22%) 8 (16%) 0.444
Alcohol, n (%) 4 (8%) 4 (8%) 1.000
Diabetes mellitus, n (%) 5 (10%) 7 (14%) 0.538
CA19-9, U/mL, median (IQR) 66.4 (17.35-171.8) 8.3 (5.3-11.18) <0.0001
UICC classification
IA, n (%) 8 (16%) NA NA
IB, n (%) 11 (22%) NA NA
ITA, n (%) 3 (6%) NA NA
IIB, n (%) 8 (16%) NA NA
III, n (%) 12 (24%) NA NA
IV, n (%) 8 (16%) NA NA
Tumor stage
T1, n (%) 11 (22%) NA NA
T2, n (%) 20 (40%) NA NA
T3, n (%) 9 (18%) NA NA
T4, n (%) 10 (20%) NA NA
Lymph node invasion
NO, n (%) 28 (56%) NA NA
N1, n (%) 9 (18%) NA NA
N2, n (%) 13 (26%) NA NA
Metastases
MO, n (%) 42 (84%) NA NA
M1, n (%) 8 (16%) NA NA
PDAC, pancreatic ductal adenocarcinoma; IQR, interquartile range; SD, standard deviation; BMI, body mass
index; NA, Not Applicable.
A B
@ Control 0.6 @ Control
N P=0.578 @ PDAC . P=0.001 @ PDAC
0.4
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Control PDAC

Figure 1. Cont.
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Figure 1. Comparison of the fecal microbiomes between controls and PDACs. (A) Shannon index of
genus abundance in controls and patients with PDAC. Numbers in the plots show p values obtained
from the Wilcoxon rank—sum test. n = 50 per group. (B) NMDS plots showing the similarity of the
samples. Red and blue circles represent PDAC and controls, respectively. p values were obtained from
permutational analysis of variance. (C,D) The composition of gut microbiota between healthy people
and PDACSs at the genus (C) and species level (D). (E,F) LEfSe analysis of significantly differential
microbiota between healthy people and PDACs at the genus (E) and species level (F). (G) The bar
chart displays the differences in metabolic pathways of microbial communities between the control
group and the PDAC group. p values were obtained from the Wilcoxon rank-sum test. * p < 0.05,
**p <0.01, *** p <0.001.
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A comparison of microbial composition between the two groups revealed significant
differences at both the genus and species levels. At the genus level, healthy controls
exhibited higher abundances of Blautia, Ruminococcus, and Bifidobacterium, whereas pa-
tients with PDAC showed increased abundances of Bacteroides and Phocacicola (Figure 1C).
At the species level, controls were enriched in Blautia wexlerae, Blautia_obeum, Bifidobac-
terium_longum, and Escherichia coli, while Bacteroides sp. and Phocaeicola vulgatus were more
abundant in the PDAC group (Figure 1D). LEfSe analysis further identified microbial sig-
natures with significant abundance differences between the two groups. Healthy controls
were enriched in beneficial species such as Blautia wexlerae, Blautia obeum, and Bifidobac-
terium longum, which may play protective roles against tumorigenesis [23-25]. In contrast,
patients with PDAC showed significant enrichment of Bacteroides and Phocaeicola species,
including Bacteroides thetaiotaomicron, Bacteroides uniformis, Bacteroides stercoris, Bacteroides
fragilis, Phocaeicola vulgatus, Phocaeicola coprocola, and Phocaeicola plebeius. In PDAC tumor
tissues, a higher abundance of Bacteroides is associated with poor prognosis in patients,
and compared with benign diseases, patients with PDAC exhibit an increased abundance
of Bacteroides in bile samples [26,27]. Studies have reported that Bacteroides may promote
the progression of colorectal cancer through mechanisms such as activating the NF-kB
signaling pathway, accumulating regulatory T cells to enhance inflammatory responses,
causing DNA damage via polyamine metabolism, and disturbing the host immune appa-
ratus and gut barrier [28]. Similarly, Phocaeicola is also associated with a higher incidence
of colorectal cancer [29]. However, its roles in PDAC progression remain complex and
dualistic (Figure 1E,F).

Functional analysis revealed distinct metabolic pathway profiles between the groups.
Pathways such as amino sugar and nucleotide sugar metabolism and biosynthesis of
nucleotide sugars were significantly enriched in patients with PDAC, while biosynthesis
of secondary metabolites, microbial metabolism in diverse environments, biosynthesis
of amino acids, purine metabolism, and nucleotide metabolism were more prevalent in
controls (Figure 1G). These findings demonstrated distinct fecal microbial profiles and
functions between patients with PDAC and controls, suggesting that specific microbial taxa
and metabolic pathways may be associated with PDAC progression.

3.2. Construction and Validation of Metagenomic-Based PDAC Classifiers

The Wilcoxon rank-sum test demonstrated significant disparities in microbial com-
position between the control group and patients with PDAC, revealing 98 differentially
abundant genera and 1935 differentially abundant species. In the training set, LASSO
regression initially identified 10 potential microbial features at the genus level (Figure 2A).
Subsequent analysis using random forest pinpointed nine genera with importance values
exceeding 0.2, namely Sporotomaculum, Blautia, Lawsonia, Clostridioides, Anaerobutyricum,
Fusicatenibacter, Coprobacillus, unclassified_p__Candidatus_Saccharibacteria, and Acidomonas
(Figure 2B). At the species level, LASSO regression highlighted 21 species with non-zero
coefficients (Figure 2C), from which 8 species were ultimately selected for final model con-
struction: Blautia_hominis, Desulfovibrio_sp., Modestobacter_lapidis, Carboxydocella_sp._ULO1,
Pseudoflavonifractor_gallinarum, Blautia_sp._210820-DFI.6.14, Siphoviridae_sp._ctUoe7, and
Modestobacter_marinus (Figure 2D). These microbial features hold promise as potential
diagnostic biomarkers for PDAC. Consequently, two distinct random forest models were es-
tablished: model 1 comprising the nine genera and model 2 incorporating the eight species.
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Figure 2. Construction and validation of metagenomic-based PDAC classifiers. (A) Microbial signa-
ture selection at the genus level in the LASSO model using ten-fold cross-validation. Dotted vertical
lines were drawn at the optimal values by using the minimum deviance criteria. (B) The bar chart dis-
plays the importance of the 10 genera with non-zero coefficients in the LASSO analysis. (C) Microbial
signature selection at the species level in the LASSO model using ten-fold cross-validation. Dotted
vertical lines were drawn at the optimal values by using the minimum deviance criteria. (D) The
bar chart displays the importance of the 21 bacterial species with non-zero coefficients in the LASSO
analysis. (E,F) The ROC curves of model 1 (E) and model 2 (F) constructed at the genus and species
levels. (G,H) Calibration plots of model 1 (G) and model 2 (H) constructed at the genus and species
levels. (IJ) DCA of plots of model 1 (I) and model 2 (J) constructed at the genus and species levels.
LASSOQ, least absolute shrinkage and selection operator; ROC, receiver operating characteristic; AUC,
area under the curve; DCA, decision curve analysis.
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Both microbial signature models demonstrated robust diagnostic capabilities in the
validation cohort, with model 1 exhibiting superior discriminative power (AUC = 0.923,
95% CI: 0.893-0.952) compared to model 2 (AUC = 0.853, 95% CI: 0.801-0.905; Figure 2E,F).
Model 1 achieved higher overall accuracy (0.85 vs. 0.80) and balanced diagnostic metrics,
with a sensitivity and specificity of 0.84, while model 2 had a sensitivity of 0.79 and a
specificity of 0.81. The predictive reliability was further evidenced by positive predictive
values (PPVs) of 0.84 (model 1) and 0.79 (model 2), alongside negative predictive values
(NPVs) of 0.86 and 0.81. Calibration curves revealed significantly better agreement between
predicted probabilities and observed outcomes for model 1 versus model 2, indicating
enhanced probabilistic accuracy in risk stratification (Figure 2G,H). DCA demonstrated
clinically meaningful net benefit for both models across threshold probabilities up to 80%
(Figure 2L]). This suggested that both models could be effectively integrated into clinical
decision-making processes, offering substantial benefits in predicting PDAC risk.

3.3. Microbial Signature and CA19-9 Levels Improve Diagnostic Accuracy for PDAC

In routine clinical practice, CA19-9 stands as the sole blood-based biomarker for man-
aging patients with PDAC. However, its limited sensitivity and specificity pose challenges
to accurate detection in the general population. To overcome this limitation, we explored
the diagnostic potential of combining microbial signatures with CA19-9. Serum CA19-9
levels were measured across all clinical samples, and their diagnostic performance was
evaluated both independently and in combination with microbial signatures from model 1
or model 2. Notably, while CA19-9 alone achieved an AUC of 0.825 (95% CI: 0.785-0.864)
across all PDAC stages, its integration with optimized signatures in model 1 or model 2
led to a significant enhancement in diagnostic accuracy. This improvement was evident
in the increased AUC values of 0.977 (95% CI: 0.920-0.992, p = 0.003) for model 1 and
0.953 (95% CI: 0.905-0.978, p = 0.02) for model 2 (Figure 3A). In the entire cohort, CA19-9
alone had a sensitivity of 0.60 and a specificity of 0.94 for PDAC diagnosis. In contrast,
model 1 achieved both a sensitivity and specificity of 0.94, and model 2 had a sensitivity
and specificity of 0.92. These results clearly indicate that the combination of microbial
signatures with CA19-9 significantly improves the screening capability for PDAC compared
to CA19-9 alone.
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Figure 3. Cont.
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Figure 3. Microbial signatures and CA19-9 levels improve diagnostic accuracy for PDAC. (A) The
ROC curves for CA19-9 alone and CA19-9 combined with microbial signatures from model 1 and
model 2. The p values were obtained from Delong analysis. (B) The calibration curves for CA19-9
alone and CA19-9 combined with microbial signatures from model 1 and model 2. (C) DCA plots
for CA19-9 alone and CA19-9 combined with microbial signatures from model 1 and model 2. ROC,
receiver operating characteristic; AUC, area under the curve; DCA, decision curve analysis.

Regarding diagnostic accuracy, our analysis showed that CA19-9 alone had an accu-
racy of 0.77 for distinguishing pancreatic cancer patients from healthy controls. However,
when CA19-9 was combined with microbial signatures from model 1 and model 2, the
accuracy improved significantly to 0.95 and 0.94, respectively. This enhancement highlights
the added value of incorporating microbial features into the diagnostic framework. More-
over, calibration curves demonstrated that the combination of distinct microbial signatures
preserved the favorable calibration and reliability of CA19-9 (Figure 3B). DCA revealed
that, across a broad prevalence range of 0% to 90%, the combination of microbial signa-
tures with CA19-9 achieved a substantial improvement in clinical net benefit compared to
CA19-9 alone (Figure 3C). These data suggest that the combined approach has superior
generalizability and clinical value. Collectively, these encouraging results highlight the po-
tential of the microbial signature-based diagnostic strategy to complement CA19-9, thereby
enhancing the diagnostic potential for PDAC screening.

3.4. Efficacy of the Microbial Signatures Across Different Confounders

To evaluate the robustness, clinical applicability, and translational potential of micro-
bial biomarkers in routine diagnostics, we investigated the diagnostic efficacy of integrating
microbial signatures with the conventional biomarker CA19-9 for PDAC detection across
demographic subgroups stratified by age, gender, and BML

In younger individuals (<55 years), the integration of microbial signatures with CA19-9
yielded modest enhancements in diagnostic performance (model 1 + CA19-9: AUC = 0.962;
model 2 + CA19-9: AUC = 0.913) compared to CA19-9 alone (AUC = 0.782), although these
improvements did not reach statistical significance (p = 0.33 and 0.52). However, in the
high-risk population, age > 55 years, the combination of microbial models with CA19-9
demonstrated marked superiority. This synergistic approach achieved exceptional discrim-
inative power, with AUC values of 0.993 (model 1 + CA19-9) and 0.992 (model 2 + CA19-9),
significantly outperforming CA19-9 monotherapy (AUC = 0.750; p = 0.001) (Figure 4A,B).
Furthermore, the integrated models substantially improved overall diagnostic accuracy
(model 1 + CA19-9: 95%; model 2 + CA19-9: 95%) compared to standalone CA19-9 anal-
ysis (70%), underscoring their clinical utility in this critical demographic. These findings
highlight the age-dependent diagnostic advantage of combining microbial biomarkers
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with conventional serological markers, particularly in older populations where PDAC risk
is greatest.

Epidemiological evidence underscores a male predominance in PDAC incidence [30].
In males, the combined models demonstrated marked diagnostic superiority, achieving
AUCs of 0.985 (model 1 + CA19-9) and 0.987 (model 2 + CA19-9), significantly outper-
forming CA19-9 monotherapy (p = 0.048 and 0.045, respectively). Diagnostic accuracy
increased from 0.82 with CA19-9 alone to 0.95 with microbial integration. Similarly, in
females, microbial supplementation enhanced diagnostic precision, particularly through
genus-level features: model 1 synergized with CA19-9 to elevate AUC from 0.782 to 0.981
(p = 0.032) (Figure 4C,D).

Given that increased BMI is associated with a higher risk of PDAC [31], we conducted
BMI-stratified evaluations. In normal-BMI individuals (<25 kg/m?), microbial integration
with model 1 and model 2 achieved exceptional discriminative capacity (AUC = 0.981 and
0.953, respectively; accuracy = 95%), significantly surpassing CA19-9 alone (AUC = 0.761,
p = 0.005 and 0.014; accuracy = 78%). However, in obese individuals (BMI > 25 kg/m?),
microbial augmentation showed numerically higher but statistically non-significant AUC
improvements (model 1 + CA19-9: 0.981; model 2 + CA19-9: 0.936 vs. CA19-9: 0.930,
p = 0.409 and 0.923), likely due to the already high diagnostic performance of CA19-9 in
this population combined with the limited sample size of obese participants (n = 26), which
may have reduced statistical power to detect modest effects (Figure 4E,F).
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Figure 4. Efficacy of the microbial signatures across different confounders. (A,B) The ROC curves
display the diagnostic performance of CA19-9 alone and CA19-9 combined with microbial features
from model 1 and model 2 in the young group (n = 43) (A) and elderly people (n = 57) (B). (C,D) The
ROC curves display the diagnostic performance of CA19-9 alone and CA19-9 combined with microbial
features from model 1 and model 2 in males (n = 55) (C) and females (n = 45) (D). (E,F) The ROC
curves display the diagnostic performance of CA19-9 alone and CA19-9 combined with microbial
features from model 1 and model 2 in the normal-weight (n = 74) (E) and obese populations (n = 26)
(F). (G, H) The ROC curves display the diagnostic performance of CA19-9 alone and CA19-9 combined
with microbial features from model 1 and model 2 in the early-stage (n = 30) (G) and advanced-stage
(n =20) (H) patients with PDAC.

Considering the reported low positive predictive value of CA19-9 in early-stage asymp-
tomatic PDAC [32], we further evaluated the discriminative ability of microbial features
across tumor stages. In early-stage PDAC (TNM stages I and II), integrating CA19-9
with the nine microbial genera from model 1 significantly improved diagnostic perfor-
mance, achieving an AUC of 0.939 (p = 0.004) compared to CA19-9 alone (AUC = 0.794;
accuracy = 0.77). Similarly, combining CA19-9 with the eight microbial species from model
2 yielded an AUC of 0.928 (p = 0.016), with accuracies of 0.95 and 0.94 for the respective
models. These results demonstrate that microbial signatures substantially enhance the
diagnostic accuracy of CA19-9 in early-stage PDAC. In advanced-stage PDAC (TNM stages
III and IV), the combination of CA19-9 with model 1 and model 2 also showed numer-
ically improved AUCs compared to CA19-9 alone (AUC = 0.884; accuracy = 0.83), with
AUCs of 0.965 and 0.928 (p = 0.134 and 0.457) and accuracies of 0.92 and 0.86, respectively
(Figure 4G,H). The improvements in advanced stages did not reach statistical significance,
potentially due to dominant CA19-9 elevation in late-stage disease, but the trend toward



Biomedicines 2025, 13, 1000

13 of 19

enhanced performance highlights the complementary role of microbial features across
disease progression.

Collectively, these findings emphasize that while microbial-based predictive models
exhibit robust standalone diagnostic potential, their integration with CA19-9 significantly
elevates overall accuracy. This synergistic effect is particularly pronounced in early-stage
PDAC, underscoring the clinical relevance of microbial signatures for improving early
detection (Table 2).

Table 2. Performance characteristics of microbial signatures and CA19-9 alone.

Model AUC Accuracy Sensitivity  Specificity PPV NPV

Apecss  Model1+CA199 0.96 0.93 0.90 0.94 0.82 0.97
( 8% 13) Model 2 + CA19-9 0.91 0.88 0.80 0.91 0.73 0.94
- CA19-9 alone 0.78 0.88 0.60 0.97 0.86 0.89
Ape> 55 Model 1+CA19-9 0.99 0.95 0.95 0.95 0.97 0.89
(;51 57) Model 2 + CA19-9 0.99 0.95 0.95 0.94 0.97 0.89
- CA19-9 alone 0.75 0.70 0.60 0.88 0.92 0.48
Mal Model 1 + CA19-9 0.98 0.95 0.93 0.96 0.96 0.93

( _a5€5) Model 2 + CA19-9 0.98 0.95 0.93 0.96 0.96 0.93
n= CA19-9 alone 0.84 0.82 0.69 0.96 0.95 0.74
Fernal Model 1 + CA19-9 0.96 0.93 0.95 0.92 0.91 0.96
( QTZ; Model 2 + CA19-9 0.91 0.89 0.91 0.88 0.86 0.91
n= CA19-9 alone 0.76 0.72 0.64 0.92 0.83 0.67
BMI<os  Model1+CA19-9 0.98 0.95 0.95 0.93 0.93 0.95
n=74) Model 2 + CA19-9 0.95 0.95 0.93 0.95 0.93 0.95
- CA19-9 alone 0.76 0.78 0.67 0.92 0.85 0.76
BMI> 25  Model1+CA19-9 0.98 0.92 0.95 0.83 0.95 0.83
(= 26) Model 2 + CA19-9 0.94 0.85 0.90 0.67 0.90 0.67
- CA19-9 alone 0.93 0.73 0.65 0.98 0.98 0.46
Early st Model 1 + CA19-9 0.94 0.95 0.97 0.90 0.91 0.98
?r 5:538;59 Model 2 + CA19-9 0.93 0.94 0.98 0.87 0.89 0.98
n= CA19-9 alone 0.79 0.77 0.60 0.97 0.95 0.70
Advanced  Model 1+ CA19-9 0.97 0.92 0.84 0.95 0.89 0.93
stage Model 2 + CA19-9 0.93 0.86 0.79 0.90 0.79 0.90
(n = 20) CA19-9 alone 0.88 0.83 0.58 0.8 0.80 0.84

CA19-9: Carbohydrate Antigen 199; AUC: area under the curve; PPV: positive predictive value; NPV: negative
predictive value.

4. Discussion

In this study, we characterized the gut microbiome of PDAC using shotgun metage-
nomic sequencing, revealing significant dysbiosis in the gut microbial composition com-
pared to healthy controls. Using a random forest algorithm, we constructed microbial-
feature-based diagnostic models for PDAC and demonstrated their strong diagnostic
efficacy and accuracy through rigorous validation.

Metagenomic sequencing revealed distinct differences in the fecal microbiota between
healthy individuals and patients with PDAC. Notably, commensal taxa with putative
health-promoting roles, including Blautia (e.g., Blautia wexlerae, Blautia obeum) and Bifi-
dobacterium (e.g., Bifidobacterium longum), were significantly depleted in PDACs. Blautia
has been found to be reduced in abundance in severe acute pancreatitis [33], and Bifidobac-
terium has been shown to prevent acute pancreatitis by modulating pancreatic and systemic
inflammation [34]. Conversely, the PDAC group exhibited an enrichment of Bacteroides
and Phocaeicola, including species such as Bacteroides_thetaiotaomicron, Bacteroides_uniformis,
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Bacteroides_stercoris, Bacteroides_fragilis, Phocaeicola_vulgatus, and Phocaeicola_coprocola. In-
tratumoral Bacteroides have been associated with short-term survival in patients with
PDAC [27], but research on their precise mechanistic roles in pancreatic carcinogenesis
remains underexplored.

Beyond compositional shifts, our metagenomic analysis uncovered distinct functional
disparities in microbial metabolic pathways between healthy controls and PDACs. Com-
pared to the PDAC group, the gut microbiota of healthy individuals was enriched in
pathways linked to amino acid metabolism, nucleotide biosynthesis, glycolysis, and purine
metabolism. Specific amino acids, such as isoleucine and histidine, can induce selective
toxicity to PDAC tumor cells [35]. Abnormal nucleotide metabolism fosters immunosup-
pression and therapy resistance [36]. Glycolysis and oxidative phosphorylation metabolism
also play key roles in tumorigenesis [37]. We found that PDAC-associated microbiota
exhibited pronounced enrichment of nucleotide sugar metabolism pathways. Aberrant nu-
cleotide sugar metabolism may drive cancer progression by altering glycosylation patterns,
thereby disrupting cell-cell communication, adhesion, and migration processes [38,39].
These findings highlight the potential of the gut microbiota and its metabolic pathways
as diagnostic and therapeutic targets for PDAC. Further studies are needed to elucidate
the specific mechanisms by which these microbial metabolic pathways influence PDAC
development and progression.

Given the limited sensitivity and specificity of CA19-9 in detecting PDAC, particularly
at early stages, the development of a microbiome-based diagnostic model holds substantial
promise. This approach could offer a simple, noninvasive method for enhancing early
detection rates, thereby improving patient outcomes.

The metagenomic classifiers developed at the genus and species levels (model 1 and
model 2) demonstrated high discriminatory power, with AUC values of 0.923 and 0.853,
respectively, alongside robust accuracy in the validation set. The enhanced diagnostic
performance of genus-level features compared to species-level likely stems from greater
taxonomic robustness against sequencing and database biases, functional conservation
within bacterial genera that captures broader microbiome functional profiles, and improved
technical reproducibility across sample processing methods. We developed both genus-
and species-level models because while genus-level classification offers more stable di-
agnostic signatures, species-level resolution provides valuable mechanistic insights into
specific microbial contributors to PDAC pathogenesis, which is particularly important
given that certain pathogenic functions are often species-specific. The dual-model approach
allows us to leverage genus-level stability for clinical applications while preserving species-
level biological interpretability for future research directions. This strategy is especially
relevant for metagenomic sequencing data, which inherently contain information at multi-
ple taxonomic levels that can serve complementary purposes in biomarker development.
Notably, the microbial taxa driving these models, though largely unexplored in PDAC,
have been implicated in the pathogenesis of other malignancies. For instance, Blautia,
which is depleted in PDAC but enriched in healthy controls, exerts tumor-suppressive
effects in breast, bladder, and colorectal cancer, suggesting a potential conserved role in
oncogenesis [23,40,41]. Conversely, Clostridioides and Fusicatenibacter, enriched in PDACs,
are linked to colorectal cancer progression and lung adenocarcinoma metastasis, respec-
tively [42,43]. Coprobacillus and Pseudoflavonifractor contribute to diagnostic classifiers or
dysbiotic states in colorectal cancer [44,45]. The enrichment of Desulfovibrio is a known
driver of hepatocellular carcinoma and colorectal cancer [46,47]. Of particular interest is
the inclusion of Siphoviridae, a bacteriophage family that is enriched in PDAC-associated
microbial signatures and has been found to be enriched in colorectal cancer [48,49]. While
its role in pancreatic carcinogenesis remains uncharacterized, its presence raises intriguing
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questions about phage-bacterial interactions in shaping tumor-associated microbiomes.
Further research is needed to elucidate the specific roles of these microbial features in
PDAC and their potential as diagnostic or therapeutic targets.

Consistent with prior reports, CA19-9 alone exhibited suboptimal sensitivity (0.60) and
accuracy (0.77) for PDAC diagnosis (AUC = 0.825). Strikingly, integrating microbial signa-
tures from model 1 or model 2 with CA19-9 significantly enhanced diagnostic performance,
achieving AUC values of 0.977 (p < 0.01) and 0.953 (p < 0.05), respectively, with accuracies
of 0.94 and 0.92. This synergistic improvement underscores the added value of microbial
features in compensating for the limitation of CA19-9, particularly in early-stage detection.
The superior clinical net benefit of the combined models across a wide prevalence range
further supports their translational potential as noninvasive screening tools.

Despite the multifactorial nature of PDAC diagnosis, the predictive performance of our
combined microbial-CA19-9 models remained consistently high across subgroups stratified
by age, sex, and BMI, underscoring their generalizability and stability in diverse popula-
tions. We observed that microbial biomarkers exhibit enhanced diagnostic performance
in older populations. This superior performance likely stems from age-related biological
changes including cumulative microbial dysbiosis from prolonged exposure to risk factors,
immunosenescence that alters host-microbe interactions, and metabolic shifts that amplify
microbial contributions to tumorigenesis. These aging-associated processes enhance the
detectability of cancer-related microbial signatures in older individuals where conventional
markers often show limited sensitivity. In males, the combined models demonstrated
marked diagnostic superiority, likely reflecting gender-specific microbiota variations. Euro-
pean multicenter studies reveal male PDAC patients exhibit higher Bacteroides and Prevotella
abundance than females [50]. Smoking, a male-predominant PDAC risk factor, further
shapes tumor-associated microbiomes to enhance carcinogenic potential [51,52]. These
synergistic effects may amplify the diagnostic fidelity of microbial signatures in male pa-
tients. We found that in individuals with obesity (BMI > 25), microbial features failed to
significantly enhance the diagnostic efficacy of CA19-9. Obesity may affect the diversity
and stability of the gut microbiota. For example, obese adults have significantly lower
a-diversity (Shannon index) compared to non-obese adults. The abundance of Firmicutes
is higher in obese adults than in non-obese adults, while the abundance of Bacteroidetes is
significantly reduced [53]. Additionally, the dietary habits of obese individuals may lead to
changes in the composition and function of the gut microbiota. Diets rich in carbohydrates
or high in fat can enhance the ability of Firmicutes to extract energy from the diet, which in
turn can affect the efficacy of microbial biomarkers. Obese individuals often suffer from
metabolic syndrome, including insulin resistance, hyperglycemia, and dyslipidemia. These
metabolic changes may alter the metabolic activities of the gut microbiota, thereby affect-
ing the diagnostic performance of microbial biomarkers [19,54,55]. Moreover, the limited
sample size of this population may have affected the statistical accuracy; larger studies
with stratification by BMI are needed to clarify these effects. Notably, CA19-9 alone demon-
strated limited diagnostic efficacy for early-stage PDAC (AUC = 0.794, accuracy = 0.77),
aligning with its well-documented shortcomings in detecting early disease. However, inte-
grating microbial signatures from model 1 and model 2 with CA19-9 markedly improved
diagnostic performance for early-stage PDAC, achieving AUC values of 0.939 and 0.928
and accuracies of 0.95 and 0.94, respectively. The enhanced diagnostic performance of the
combined model, integrating microbial signatures with CA19-9, underscores the potential
of microbial markers as valuable complements for early PDAC detection. Early detection
is pivotal for improving outcomes, as early-stage PDAC is more amenable to resection
and treatment. This integrated approach can facilitate personalized diagnostic strategies,
identifying patients who may benefit from intensified surveillance or early intervention.
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The addition of microbial signatures can mitigate the limitations of CA19-9 in sensitivity
and specificity, reducing false-negative results and enhancing overall diagnostic efficacy.
The gut microbial composition may change in early disease phases, modulating PDAC
progression via the generation of bioactive metabolites. For instance, butyrate, an SCFA
derived from bacterial metabolism of dietary fiber, has been shown to inhibit PDAC cell
proliferation and promote differentiation [15]. Microbial signatures can also modulate the
host immune response, stimulating antitumor immunity or dampening pro-inflammatory
pathways, which is crucial for early detection and treatment [13]. These results collectively
demonstrate the feasibility of developing a comprehensive, specific, and reproducible
predictive model for early PDAC detection based on noninvasive gut microbiome analysis.
However, in advanced-stage PDAC, microbial signatures failed to significantly improve
diagnostic performance compared to CA19-9 alone. This may be due to the marked eleva-
tion of CA19-9 in late-stage disease, which can overshadow microbial signals, as observed
in the European EPIC cohort study [56]. Additionally, extensive fibrotic remodeling in ad-
vanced PDAC may reduce microbial tumor colonization, diminishing detectable signatures.
Despite the lack of statistical significance, combining microbial signatures with CA19-9 can
still offer valuable insights for advanced-stage PDAC, potentially identifying patients who
may benefit from more aggressive treatment strategies. Future research should explore
integrating microbial signatures with other emerging biomarkers, such as circulating tumor
DNA or inflammatory markers, to further enhance diagnostic accuracy.

This study has several limitations. Firstly, as this was a single-center investigation with
a moderate sample size (50 patients with PDAC and 50 controls), our findings may have
limited generalizability and statistical power to detect subtler microbial differences. While
our matched cohort design controls for key confounders, we are actively addressing these
limitations by establishing an international multicenter validation cohort encompassing
diverse geographic regions (Asia, Europe, North America), ethnicities (Asian, Caucasian,
African American), and dietary patterns (Western, Mediterranean, high-fiber, high-fat, and
ketogenic diets) to evaluate model performance across genetically distinct populations.
These planned validations will systematically assess whether the microbial signatures re-
quire population-specific calibration or demonstrate universal applicability, particularly for
early-stage detection where microbiome-based diagnostics could offer the greatest clinical
impact. External validation through these larger, biologically heterogeneous cohorts will be
essential to confirm these microbial signatures and enhance the reliability of our predictive
models for global clinical application. Secondly, while metagenomic sequencing is costly,
it provides high-resolution insights into the gastrointestinal microbiota, enabling species-
and strain-level identification and functional analysis. Moving forward, we aim to explore
whether these microbial features can serve as prognostic biomarkers for chemotherapy
or immunotherapy on PDAC. Additionally, future studies should integrate metabolomic
data to better understand the role of microbiota in PDAC development and progression,
potentially uncovering new diagnostic and therapeutic targets.

In conclusion, our study shows that microbial features have strong diagnostic effi-
cacy, accuracy, and robustness for PDAC. Combining microbial biomarkers with tradi-
tional markers like CA19-9 enhances early detection. This noninvasive approach could
become a powerful screening tool in clinical practice and advance our understanding of
the microbiome’s role in PDAC. Future work should focus on validating these findings in
larger cohorts and exploring the mechanisms underlying the microbiome’s involvement in
PDAC development.



Biomedicines 2025, 13, 1000 17 of 19

Author Contributions: Y.C. and FEN. contributed equally to this work. L.D. and X.S. planned and
supervised the experimental work and data analysis; Y.C., ].C., Q.J., and H.F. recruited human
subjects and performed the related data analysis; Y.C., EN., and T.Y. analyzed the data; Y.C. wrote the
manuscript; L.D. and X.S. conceived and supervised the study. All authors have read and agreed to
the published version of the manuscript.

Funding: This work was supported by grants from the National Natural Science Foundation of China
(82173122 to Xizhong Shen, 81972234 and 82273027 to Ling Dong).

Institutional Review Board Statement: PDAC or healthy human stool samples were collected from
patients diagnosed with PDAC following ethical guidelines and with the approval of the Institutional
Review Board of Fudan University Affiliated Zhongshan Hospital (B2023-282R).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The accession number for the sequencing data reported in this paper
is SRA: PRJNA 1196505. Other data that support the findings of this study are available from the
corresponding author upon reasonable request.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Huang, J.; Lok, V.; Ngai, C.H.; Zhang, L.; Yuan, J.; Lao, X.Q.; Wong, M.C. Worldwide Burden of, Risk Factors for, and Trends in
Pancreatic Cancer. Gastroenterology 2021, 160, 744-754. [CrossRef] [PubMed]

2. Balachandran, V.P; Beatty, G.L.; Dougan, S.K. Broadening the Impact of Inmunotherapy to Pancreatic Cancer: Challenges and
Opportunities. Gastroenterology 2019, 156, 2056-2072. [CrossRef] [PubMed]

3. Klein, A.P. Pancreatic cancer epidemiology: Understanding the role of lifestyle and inherited risk factors. Nat. Rev. Gastroenterol.
Hepatol. 2021, 18, 493-502. [CrossRef] [PubMed]

4.  Siegel, R.L.; Miller, K.D.; Fuchs, H.E.; Jemal, A. Cancer Statistics, 2021. CA A Cancer |. Clin. 2021, 71, 7-33. [CrossRef]

5.  Siegel, RL.; Miller, K.D.; Jemal, A. Cancer statistics, 2020. CA A Cancer ]. Clin. 2020, 70, 7-30. [CrossRef]

6.  Singhi, A.D.; Koay, E.J.; Chari, S.T.; Maitra, A. Early Detection of Pancreatic Cancer: Opportunities and Challenges. Gastroenterology
2019, 156, 2024-2040. [CrossRef]

7. Howaizi, M.; Abboura, M.; Krespine, C.; Sbai-Idrissi, M.S.; Marty, O.; Djabbari-Sobhani, M. A new cause for CA19.9 elevation:
Heavy tea consumption. Gut 2003, 52, 913-914. [CrossRef]

8. Luo, G,; Jin, K.; Deng, S.; Cheng, H.; Fan, Z.; Gong, Y.; Qian, Y.; Huang, Q.; Ni, Q.; Liu, C.; et al. Roles of CA19-9 in pancreatic
cancer: Biomarker, predictor and promoter. Biochim. Biophys. Acta (BBA)-Rev. Cancer 2021, 1875, 188409. [CrossRef]

9. Gui, J.-C.; Yan, W.-L.; Liu, X.-D. CA19-9 and CA242 as tumor markers for the diagnosis of pancreatic cancer: A meta-analysis.
Clin. Exp. Med. 2014, 14, 225-233. [CrossRef]

10. Alencar, R.; Kendler, D.B.; Andrade, F.; Nava, C.; Bulzico, D.; Pessoa, C.C.d.N.; Corbo, R.; Vaisman, F. CA19-9 as a Predictor of
Worse Clinical Outcome in Medullary Thyroid Carcinoma. Eur. Thyroid. ]. 2019, 8, 186-191. [CrossRef]

11.  Sholl, J.; Sepich-Poore, G.D.; Knight, R.; Pradeu, T. Redrawing therapeutic boundaries: Microbiota and cancer. Trends Cancer 2022,
8, 87-97. [CrossRef] [PubMed]

12.  Maekawa, T.; Fukaya, R.; Takamatsu, S.; Itoyama, S.; Fukuoka, T.; Yamada, M.; Hata, T.; Nagaoka, S.; Kawamoto, K.; Eguchi, H.;
et al. Possible involvement of Enterococcus infection in the pathogenesis of chronic pancreatitis and cancer. Biochem. Biophys. Res.
Commun. 2018, 506, 962-969. [CrossRef]

13. Pushalkar, S.; Hundeyin, M.; Daley, D.; Zambirinis, C.P,; Kurz, E.; Mishra, A.; Mohan, N.; Aykut, B.; Usyk, M.; Torres, L.E.; et al.
The Pancreatic Cancer Microbiome Promotes Oncogenesis by Induction of Innate and Adaptive Immune Suppression. Cancer
Discov. 2018, 8, 403—416. [CrossRef]

14. Wu, X,; Wu, Y;; He, L.; Wu, L.; Wang, X.; Liu, Z. Effects of the intestinal microbial metabolite butyrate on the development of
colorectal cancer. J. Cancer 2018, 9, 2510-2517. [CrossRef]

15. Mullins, T.D.; Kern, H.E,; Metzgar, R.S. Ultrastructural differentiation of sodium butyrate-treated human pancreatic adenocarci-
noma cell lines. Pancreas 1991, 6, 578-587. [CrossRef] [PubMed]

16. Nagathihalli, N.S.; Beesetty, Y.; Lee, W.; Washington, M.K.; Chen, X.; Lockhart, A.C.; Merchant, N.B. Novel mechanistic insights

into ectodomain shedding of EGFR Ligands Amphiregulin and TGF-«: Impact on gastrointestinal cancers driven by secondary
bile acids. Cancer Res. 2014, 74, 2062-2072. [CrossRef]


https://doi.org/10.1053/j.gastro.2020.10.007
https://www.ncbi.nlm.nih.gov/pubmed/33058868
https://doi.org/10.1053/j.gastro.2018.12.038
https://www.ncbi.nlm.nih.gov/pubmed/30660727
https://doi.org/10.1038/s41575-021-00457-x
https://www.ncbi.nlm.nih.gov/pubmed/34002083
https://doi.org/10.3322/caac.21654
https://doi.org/10.3322/caac.21590
https://doi.org/10.1053/j.gastro.2019.01.259
https://doi.org/10.1136/gut.52.6.913
https://doi.org/10.1016/j.bbcan.2020.188409
https://doi.org/10.1007/s10238-013-0234-9
https://doi.org/10.1159/000497201
https://doi.org/10.1016/j.trecan.2021.10.008
https://www.ncbi.nlm.nih.gov/pubmed/34844910
https://doi.org/10.1016/j.bbrc.2018.10.169
https://doi.org/10.1158/2159-8290.CD-17-1134
https://doi.org/10.7150/jca.25324
https://doi.org/10.1097/00006676-199109000-00012
https://www.ncbi.nlm.nih.gov/pubmed/1946315
https://doi.org/10.1158/0008-5472.CAN-13-2329

Biomedicines 2025, 13, 1000 18 of 19

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Kim, Y.J.; Jeong, S.H.; Kim, E.-K_; Kim, E.J.; Cho, J].H. Ursodeoxycholic acid suppresses epithelial-mesenchymal transition and
cancer stem cell formation by reducing the levels of peroxiredoxin II and reactive oxygen species in pancreatic cancer cells. Oncol.
Rep. 2017, 38, 3632-3638. [CrossRef] [PubMed]

Mirji, G.; Worth, A.; Bhat, S.A.; El Sayed, M.; Kannan, T.; Goldman, A.R.; Tang, H.-Y.; Liu, Q.; Auslander, N.; Dang, C.V,; et al.
The microbiome-derived metabolite TMAQO drives immune activation and boosts responses to immune checkpoint blockade in
pancreatic cancer. Sci. Immunol. 2022, 7, eabn0704. [CrossRef] [PubMed]

Wang, Y.; Yang, G.; You, L.; Yang, ].; Feng, M.; Qiu, J.; Zhao, Y. Role of the microbiome in occurrence, development and treatment
of pancreatic cancer. Mol. Cancer 2019, 18, 173. [CrossRef]

Half, E.; Keren, N.; Reshef, L.; Dorfman, T.; Lachter, I.; Kluger, Y.; Reshef, N.; Knobler, H.; Maor, Y.; Stein, A.; et al. Fecal
microbiome signatures of pancreatic cancer patients. Sci. Rep. 2019, 9, 16801. [CrossRef]

Hueman, M.T.; Wang, H.; Yang, C.Q.; Sheng, L.; Henson, D.E.; Schwartz, A.M.; Chen, D. Creating prognostic systems for cancer
patients: A demonstration using breast cancer. Cancer Med. 2018, 7, 3611-3621. [CrossRef]

Yang, C.Q.; Gardiner, L.; Wang, H.; Hueman, M.T.; Chen, D. Creating Prognostic Systems for Well-Differentiated Thyroid Cancer
Using Machine Learning. Front. Endocrinol. 2019, 10, 288. [CrossRef] [PubMed]

Ye, L.; Hou, Y.; Hu, W,; Wang, H.; Yang, R.; Zhang, Q.; Feng, Q.; Zheng, X.; Yao, G.; Hao, H. Repressed Blautia-acetate
immunological axis underlies breast cancer progression promoted by chronic stress. Nat. Commun. 2023, 14, 6160. [CrossRef]
[PubMed]

Yang, Z.; Ma, J.; Han, J.; Li, A,; Liu, G; Sun, Y,; Zheng, ].; Zhang, J.; Chen, G.; Xu, R.; et al. Gut microbiome model predicts
response to neoadjuvant immunotherapy plus chemoradiotherapy in rectal cancer. Med 2024, 5, 1293-1306.e4. [CrossRef]
Matson, V.; Fessler, |J.; Bao, R.; Chongsuwat, T.; Zha, Y.; Alegre, M.-L.; Luke, ].].; Gajewski, T.F. The commensal microbiome is
associated with anti-PD-1 efficacy in metastatic melanoma patients. Science 2018, 359, 104-108. [CrossRef] [PubMed]

Poudel, S.K.; Padmanabhan, R.; Dave, H.; Guinta, K.; Stevens, T.; Sanaka, M.R.; Chahal, P; Sohal, D.P.S.; Khorana, A.A.; Eng,
C. Microbiomic profiles of bile in patients with benign and malignant pancreaticobiliary disease. PLoS ONE 2023, 18, e0283021.
[CrossRef]

Abe, S.; Masuda, A.; Matsumoto, T.; Inoue, ]J.; Toyama, H.; Sakai, A.; Kobayashi, T.; Tanaka, T.; Tsujimae, M.; Yamakawa, K;
et al. Impact of intratumoral microbiome on tumor immunity and prognosis in human pancreatic ductal adenocarcinoma.
J. Gastroenterol. 2024, 59, 250-262. [CrossRef]

Qu, R; Zhang, Y.; Ma, Y.; Zhou, X,; Sun, L.; Jiang, C.; Zhang, Z.; Fu, W. Role of the Gut Microbiota and Its Metabolites in
Tumorigenesis or Development of Colorectal Cancer. Adv. Sci. 2023, 10, €2205563. [CrossRef]

Yu, S.; Chu, ], Wu, Y,; Zhuang, J.; Qu, Z.; Song, Y.; Wu, X.; Han, S. Third-generation PacBio sequencing to explore gut bacteria and
gender in colorectal cancer. Microb. Pathog. 2024, 192, 106684. [CrossRef]

Zhang, S.; Sun, K.; Zheng, R.; Zeng, H.; Wang, S.; Chen, R.; Wei, W.; He, ]. Cancer incidence and mortality in China, 2015. ]. Natl.
Cancer Cent. 2021, 1, 2-11. [CrossRef]

Cascetta, P.; Cavaliere, A.; Piro, G.; Torroni, L.; Santoro, R.; Tortora, G.; Melisi, D.; Carbone, C. Pancreatic Cancer and Obesity:
Molecular Mechanisms of Cell Transformation and Chemoresistance. Int. J. Mol. Sci. 2018, 19, 3331. [CrossRef] [PubMed]
Fahrmann, J.F; Schmidt, C.M.; Mao, X,; Irajizad, E.; Loftus, M.; Zhang, J.; Patel, N.; Vykoukal, J.; Dennison, J.B.; Long, J.P;
et al. Lead-Time Trajectory of CA19-9 as an Anchor Marker for Pancreatic Cancer Early Detection. Gastroenterology 2021, 160,
1373-1383.¢e6. [CrossRef] [PubMed]

Zhu, Y,; He, C.; Li, X,; Cai, Y.; Hu, ].; Liao, Y.; Zhao, J.; Xia, L.; He, W.; Liu, L.; et al. Gut microbiota dysbiosis worsens the severity
of acute pancreatitis in patients and mice. J. Gastroenterol. 2019, 54, 347-358. [CrossRef]

Li, H; Xie, J.; Guo, X.; Yang, G.; Cai, B.; Liu, J.; Yue, M.; Tang, Y.; Wang, G.; Chen, S.; et al. Bifidobacterium spp. and their metabolite
lactate protect against acute pancreatitis via inhibition of pancreatic and systemic inflammatory responses. Gut Microbes 2022, 14,
2127456. [CrossRef]

Akinlalu, A.; Flaten, Z.; Rasuleva, K.; Mia, S.; Bauer, A.; Elamurugan, S.; Ejjigu, N.; Maity, S.; Arshad, A.; Wu, M,; et al. Integrated
proteomic profiling identifies amino acids selectively cytotoxic to pancreatic cancer cells. Innovation 2024, 5, 100626. [CrossRef]
Scolaro, T.; Manco, M.; Pecqueux, M.; Amorim, R.; Trotta, R.; Van Acker, H.H.; Van Haele, M.; Shirgaonkar, N.; Naulaerts, S.;
Daniluk, J.; et al. Nucleotide metabolism in cancer cells fuels a UDP-driven macrophage cross-talk, promoting immunosuppression
and immunotherapy resistance. Nat. Cancer 2024, 5, 1206-1226. [CrossRef] [PubMed]

Yang, J.; Ren, B.; Yang, G.; Wang, H.; Chen, G.; You, L.; Zhang, T.; Zhao, Y. The enhancement of glycolysis regulates pancreatic
cancer metastasis. Cell. Mol. Life Sci. 2020, 77, 305-321. [CrossRef]

Ferrer, C.M.; Lynch, T.P; Sodi, V.L.; Falcone, ].N.; Schwab, L.P.; Peacock, D.L.; Vocadlo, D.J.; Seagroves, T.N.; Reginato, M.]J.
O-GlcNAcylation Regulates Cancer Metabolism and Survival Stress Signaling via Regulation of the HIF-1 Pathway. Mol. Cell
2014, 54, 820-831. [CrossRef]

Lynch, T.P; Ferrer, C.M.; Jackson, S.R.; Shahriari, K.S.; Vosseller, K.; Reginato, M.]. Critical role of O-Linked [3-N-acetylglucosamine
transferase in prostate cancer invasion, angiogenesis, and metastasis. J. Biol. Chem. 2012, 287, 11070-11081. [CrossRef]


https://doi.org/10.3892/or.2017.6045
https://www.ncbi.nlm.nih.gov/pubmed/29130098
https://doi.org/10.1126/sciimmunol.abn0704
https://www.ncbi.nlm.nih.gov/pubmed/36083892
https://doi.org/10.1186/s12943-019-1103-2
https://doi.org/10.1038/s41598-019-53041-4
https://doi.org/10.1002/cam4.1629
https://doi.org/10.3389/fendo.2019.00288
https://www.ncbi.nlm.nih.gov/pubmed/31139148
https://doi.org/10.1038/s41467-023-41817-2
https://www.ncbi.nlm.nih.gov/pubmed/37789028
https://doi.org/10.1016/j.medj.2024.07.002
https://doi.org/10.1126/science.aao3290
https://www.ncbi.nlm.nih.gov/pubmed/29302014
https://doi.org/10.1371/journal.pone.0283021
https://doi.org/10.1007/s00535-023-02069-5
https://doi.org/10.1002/advs.202205563
https://doi.org/10.1016/j.micpath.2024.106684
https://doi.org/10.1016/j.jncc.2020.12.001
https://doi.org/10.3390/ijms19113331
https://www.ncbi.nlm.nih.gov/pubmed/30366466
https://doi.org/10.1053/j.gastro.2020.11.052
https://www.ncbi.nlm.nih.gov/pubmed/33333055
https://doi.org/10.1007/s00535-018-1529-0
https://doi.org/10.1080/19490976.2022.2127456
https://doi.org/10.1016/j.xinn.2024.100626
https://doi.org/10.1038/s43018-024-00771-8
https://www.ncbi.nlm.nih.gov/pubmed/38844817
https://doi.org/10.1007/s00018-019-03278-z
https://doi.org/10.1016/j.molcel.2014.04.026
https://doi.org/10.1074/jbc.M111.302547

Biomedicines 2025, 13, 1000 19 of 19

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.
56.

Zhang, X.; Yu, D.; Wu, D.; Gao, X.; Shao, F; Zhao, M.; Wang, J.; Ma, J.; Wang, W.; Qin, X,; et al. Tissue-resident Lachnospiraceae
family bacteria protect against colorectal carcinogenesis by promoting tumor immune surveillance. Cell Host Microbe 2023, 31,
418-432.e8. [CrossRef]

Wang, B.; Shangguan, W.; Li, W.; Xie, M.; Yu, Y.; Yang, Q.; Sun, Q.; Xue, J.; Zhu, Z.; Zhu, Y,; et al. Blautia coccoides and its
metabolic products enhance the efficacy of bladder cancer immunotherapy by promoting CD8* T cell infiltration. J. Transl. Med.
2024, 22, 964. [CrossRef] [PubMed]

Yuan, X.; Wang, Z.; Li, C,; Lv, K,; Tian, G.; Tang, M.; Ji, L.; Yang, ]J. Bacterial biomarkers capable of identifying recurrence or
metastasis carry disease severity information for lung cancer. Front. Microbiol. 2022, 13, 1007831. [CrossRef]

Lu, X,; Xiong, L.; Zheng, X.; Yu, Q.; Xiao, Y.; Xie, Y. Structure of gut microbiota and characteristics of fecal metabolites in patients
with lung cancer. Front. Cell. Infect. Microbiol. 2023, 13, 1170326. [CrossRef]

Yang, ].; Li, D.; Yang, Z.; Dai, W.; Feng, X.; Liu, Y,; Jiang, Y.; Li, P,; Li, Y,; Tang, B.; et al. Establishing high-accuracy biomarkers for
colorectal cancer by comparing fecal microbiomes in patients with healthy families. Gut Microbes 2020, 11, 918-929. [CrossRef]
[PubMed]

Ai, D,; Pan, H,; Li, X.; Gao, Y,; Liu, G; Xia, L.C. Identifying Gut Microbiota Associated with Colorectal Cancer Using a Zero-Inflated
Lognormal Model. Front. Microbiol. 2019, 10, 826. [CrossRef]

Zhang, X.; Coker, O.0.; Chu, E.S.; Fu, K.; Lau, H.C.H.; Wang, Y.-X.; Chan, AAW.H.; Wei, H.; Yang, X.; Sung, ].].Y,; et al. Dietary
cholesterol drives fatty liver-associated liver cancer by modulating gut microbiota and metabolites. Gut 2020, 70, 761-774.
[CrossRef]

Dong, Y.; Meng, F.; Wang, J.; Wei, J.; Zhang, K.; Qin, S.; Li, M.; Wang, F.; Wang, B.; Liu, T.; et al. Desulfovibrio vulgaris flagellin
exacerbates colorectal cancer through activating LRRC19/TRAF6/TAK1 pathway. Gut Microbes 2025, 17, 2446376. [CrossRef]
[PubMed]

Chen, F; Li, S;; Guo, R.; Song, F.; Zhang, Y.; Wang, X.; Huo, X; Lv, Q.; Ullah, H.; Wang, G.; et al. Meta-analysis of fecal viromes
demonstrates high diagnostic potential of the gut viral signatures for colorectal cancer and adenoma risk assessment. J. Adv. Res.
2023, 49, 103-114. [CrossRef]

Marongiu, L.; Landry, J.J.M.; Rausch, T.; Abba, M.L.; Delecluse, S.; Delecluse, H.; Allgayer, H. Metagenomic analysis of primary
colorectal carcinomas and their metastases identifies potential microbial risk factors. Mol. Oncol. 2021, 15, 3363-3384. [CrossRef]
Mueller, S.; Saunier, K.; Hanisch, C.; Norin, E.; Alm, L.; Midtvedt, T.; Cresci, A.; Silvi, S.; Orpianesi, C.; Verdenelli, M.C;
et al. Differences in Fecal Microbiota in Different European Study Populations in Relation to Age, Gender, and Country: A
Cross-Sectional Study. Appl. Environ. Microbiol. 2006, 72, 1027-1033. [CrossRef]

Chakladar, J.; Kuo, S.Z.; Castaneda, G.; Li, W.T.; Gnanasekar, A.; Yu, M.A.; Chang, E.Y.; Wang, X.Q.; Ongkeko, W.M. The Pancreatic
Microbiome Is Associated with Carcinogenesis and Worse Prognosis in Males and Smokers. Cancers 2020, 12, 2672. [CrossRef]
[PubMed]

Liang, X.; Zhu, Y.; Bu, Y,; Dong, M.; Zhang, G.; Chen, C.; Tang, H.; Wang, L.; Wang, P; Wang, Y.; et al. Microbiome and
metabolome analysis in smoking and non-smoking pancreatic ductal adenocarcinoma patients. BMC Microbiol. 2024, 24, 541.
[CrossRef] [PubMed]

Pinart, M.; Dotsch, A.; Schlicht, K.; Laudes, M.; Bouwman, J.; Forslund, S.K.; Pischon, T.; Nimptsch, K. Gut Microbiome
Composition in Obese and Non-Obese Persons: A Systematic Review and Meta-Analysis. Nutrients 2021, 14, 12. [CrossRef]
[PubMed]

Friedenreich, C.M.; Ryder-Burbidge, C.; McNeil, J. Physical activity, obesity and sedentary behavior in cancer etiology: Epidemio-
logic evidence and biologic mechanisms. Mol. Oncol. 2021, 15, 790-800. [CrossRef]

Eibl, G.; Rozengurt, E. Obesity and Pancreatic Cancer: Insight into Mechanisms. Cancers 2021, 13, 5067. [CrossRef]

Honda, K.; Katzke, V.A.; Hiising, A.; Okaya, S.; Shoji, H.; Onidani, K.; Olsen, A.; Tjenneland, A.; Overvad, K.; Weiderpass, E.;
et al. CA19-9 and apolipoprotein-A2 isoforms as detection markers for pancreatic cancer: A prospective evaluation. Int. J. Cancer
2019, 144, 1877-1887. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.chom.2023.01.013
https://doi.org/10.1186/s12967-024-05762-y
https://www.ncbi.nlm.nih.gov/pubmed/39449013
https://doi.org/10.3389/fmicb.2022.1007831
https://doi.org/10.3389/fcimb.2023.1170326
https://doi.org/10.1080/19490976.2020.1712986
https://www.ncbi.nlm.nih.gov/pubmed/31971861
https://doi.org/10.3389/fmicb.2019.00826
https://doi.org/10.1136/gutjnl-2019-319664
https://doi.org/10.1080/19490976.2024.2446376
https://www.ncbi.nlm.nih.gov/pubmed/39718561
https://doi.org/10.1016/j.jare.2022.09.012
https://doi.org/10.1002/1878-0261.13070
https://doi.org/10.1128/AEM.72.2.1027-1033.2006
https://doi.org/10.3390/cancers12092672
https://www.ncbi.nlm.nih.gov/pubmed/32962112
https://doi.org/10.1186/s12866-024-03688-5
https://www.ncbi.nlm.nih.gov/pubmed/39731043
https://doi.org/10.3390/nu14010012
https://www.ncbi.nlm.nih.gov/pubmed/35010887
https://doi.org/10.1002/1878-0261.12772
https://doi.org/10.3390/cancers13205067
https://doi.org/10.1002/ijc.31900

	Introduction 
	Methods 
	Study Design and Sample Collection 
	Shotgun Metagenomic Sequencing and Data Analysis 
	Microbial Signature Selection and Model Construction 
	Validation of Predictive Model Performance 
	Statistical Analysis 

	Results 
	Microbiota and Functional Features of PDAC 
	Construction and Validation of Metagenomic-Based PDAC Classifiers 
	Microbial Signature and CA19-9 Levels Improve Diagnostic Accuracy for PDAC 
	Efficacy of the Microbial Signatures Across Different Confounders 

	Discussion 
	References

