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ABSTRACT The pancreas tumor microbiota may influence tumor microenvironment 
and influence survival in early-stage pancreatic ductal adenocarcinoma (PDAC); however, 
current studies are limited and small. We investigated the relationship of tumor 
microbiota to survival in 201 surgically resected patients with localized PDAC (Stages 
I–II), from The Cancer Genome Atlas (TCGA) and International Cancer Genome Consor­
tium (ICGC) cohorts. We characterized the tumor microbiome using RNA-sequencing 
data. We examined the association of the tumor microbiome with overall survival (OS), 
via meta-analysis with the Cox PH model. A microbial risk score (MRS) was calculated 
from the OS-associated microbiota. We further explored whether the OS-associated 
microbiota is related to host tumor immune infiltration. PDAC tumor microbiome α- 
and β-diversities were not associated with OS; however, 11 bacterial species, including 
species of Gammaproteobacteria, confirmed by extensive resampling, were significantly 
associated with OS (all Q < 0.05). The MRS summarizing these bacteria was related 
to a threefold change in OS (hazard ratio = 2.96 per standard deviation change in 
the MRS, 95% confidence interval = 2.26–3.86). This result was consistent across the 
two cohorts and in stratified analyses by adjuvant therapy (chemotherapy/radiation). 
Identified microbiota and the MRS also exhibited association with memory B cells and 
naïve CD4+ T cells, which may be related to the immune landscape through BCR and 
TCR signaling pathways. Our study shows that a unique tumor microbiome structure, 
potentially affecting the tumor immune microenvironment, is associated with poorer 
survival in resected early-stage PDAC. These findings suggest that microbial mechanisms 
may be involved in PDAC survival, potentially informing PDAC prognosis and guiding 
personalized treatment strategies.

IMPORTANCE Much of the available data on the PDAC tumor microbiome and survival 
are derived from relatively small and heterogeneous studies, including those involving 
patients with advanced stages of pancreatic cancer. There is a critical knowledge gap in 
terms of the tumor microbiome and survival in early-stage patients treated by surgical 
resection; we expect that advancements in survival may initially be best achieved in 
these patients who are treated with curative intent.

KEYWORDS tumor tissue microbiome, early stage, pancreatic cancer, survival

P ancreatic ductal adenocarcinoma (PDAC) ranks third in global cancer-related 
mortality, exhibiting a disheartening 13% 5-year overall survival (OS) (1). Surgical 

intervention is a potentially curative treatment option for early-stage PDAC (Stages I to 
II) (2, 3); yet, the 5-year survival rate after surgical resection of these tumors remains 
low, varying from 10% to 40% (4–6). Differences in mortality cannot be completely 
explained by disease stage or clinicopathological factors (7, 8), suggesting that other 
factors may contribute to survival. Thus, there is a pressing need to identify factors that 
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enable prognostic stratification and potentially guide risk-stratified treatment strategies 
for pancreatic cancer (9).

Growing evidence suggests that the tumor microbiome exerts an influence on 
pancreatic cancer survival. Investigations in tumors of pancreatic cancer patients 
identified a distinct tumor microbiome composition and predominant bacterial 
communities in long-term PDAC survivors (>5 years), compared to short-term survivors 
(<5 years) (10, 11). Studies by Ghaddar et al. (12) also identified a subset of pancreas 
tumors with bacteria that were associated with cell type-specific gene expression 
patterns and pathways, T-cell immune activity, and poorer prognosis, whereas investiga­
tions by Chakladar et al. (13) demonstrated an overlap between smoking-related and 
metastasis-related tumor microbiota, both linking to immunosuppressive pathways in 
PDAC patients. Much of the available data on the PDAC tumor microbiome and survival 
are derived from relatively small and heterogeneous studies, including those involving 
patients with advanced stages of pancreatic cancer. There is a critical knowledge gap in 
terms of the tumor microbiome and survival in early-stage patients treated by surgical 
resection; we expect that advancements in survival may initially be best achieved in 
these patients who are treated with curative intent.

We investigated the relationships of the tumor microbiome with OS (the primary 
outcome) and relapse-free survival (RFS, the secondary outcome) in 201 Stages I–II PDAC 
patients treated by tumor resection and with no prior treatment. We also assessed 
whether the survival-associated microbiota is linked to tumor immune infiltration and 
gene expression in these patients, using data from The Cancer Genome Atlas (TCGA) and 
the International Cancer Genome Consortium (ICGC).

RESULTS

Patient characteristics

The two cohorts consisted of 201 early-stage PDAC participants with a median age of 
66 years (range: 34–90 years, Table 1); a high proportion of patients were male (55.2%), 
White (89.6%), and current or former smokers (49.7%) and had Stage IIB (70.1%) or 
histological Grade 2 (56.7%) tumors. During the follow-up period (median: 15.3 months), 
144 patients (71.6%) experienced a relapse event, and 118 patients (58.7%) died. Older 
age at diagnosis and Stage IIB were associated with poorer prognosis in the two 
cohorts (Table 1). In TCGA, 103 patients (73.6%) and 39 patients (27.9%) were treated, 
respectively, with adjuvant chemotherapy and radiation therapy (treatment data were 
unavailable for ICGC; Table S1).

Tumor microbiome and OS and RFS

There were no significant differences observed in the α-diversity or β-diversity of the 
tumor microbiome with respect to cigarette smoking status, tumor stage (I/IIA vs. IIB), 
tumor grade (G1, G2, and G3), administration of chemotherapy, or radiation therapy 
(Fig. S1 to S4). Furthermore, no significant differences were observed in α-diversity or 
β-diversity with respect to survival (OS, Fig. S5) or relapse (RFS, Fig. S6).

By applying Cox proportional hazard (PH) models with repeated subsampling, we 
identified 11 bacterial taxa that are associated with OS, with >60% confirmation in 
repeated iterations of the meta-analysis (all Q < 0.05, Fig. 1A and B; Table S2). A 
greater abundance of several bacterial species was associated with poorer OS (hazard 
ratio [HR] > 1); these species included Acinetobacter lwoffii, Pseudomonas luteola, and 
Shigella flexneri in the Gammaproteobacteria class, Alcaligenes faecalis in the Betaproteo­
bacteria class, Chelatococcus sambhunathii in the Alphaproteobacteria class, Gardnerella 
vaginalis and Mycobacterium sp. Root265 in the Actinobacteria phylum, and Streptococcus 
infantis in the Firmicutes phylum. Conversely, a higher abundance of Escherichia coli in 
the Gammaproteobacteria class, Afipia broomeae in the Alphaproteobacteria class, and 
Hymenobacter sp. IS2118 in the Bacteroidetes phylum was associated with better OS (HR 
< 1). Similarly, the abundance of nine bacterial species was associated with RFS (Fig. 1C 
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and D). Notably, H. sp. IS2118 and E. coli were associated with better OS and RFS, whereas 
M. sp. Root265, P. luteola, and S. flexneri were associated with poorer OS and RFS. The 
phylogenetic relationships among bacteria associated with OS and RFS are shown in Fig. 
2; Table S2. Additional adjustment for treatment (in TCGA only) revealed no substantial 
differences, with respect to treatment, in tumor bacteria-associated OS or RFS (Fig. S7).

TABLE 1 OS and RFS of Stages I–II PDAC patients in the meta-analysis of TCGA and ICGC cohorts, by selected patient characteristics

Characteristics Combined cohorts (N = 201)

N (%) OS RFS

HR (95% CI)c P-metad P-het HR (95% CI)c P-metad P-het

Agea (range) 66 (34, 90) 1.03 (1.01–1.05) 0.004 0.772 1.02 (1.00–1.03) 0.049 0.499
Gender
  Female 90 (44.8%) Reference Reference
  Male 111 (55.2%) 0.89 (0.62–1.28) 0.530 0.748 1.02 (0.73–1.41) 0.927 0.807
Race
  White 180 (89.6%) Reference Reference
  Others 17 (8.5%) 0.64 (0.29–1.42) 0.273 0.997 0.74 (0.40–1.34) 0.317 0.973
  Not reported 4 (2.0%)
Cigarette smoking
  Never 75 (37.3%) Reference Reference
  Current 23 (11.4%) 1.06 (0.50–2.24) 0.880 0.231 1.03 (0.51–2.10) 0.932 0.214
  Former 77 (38.3%) 0.85 (0.56–1.31) 0.467 0.745 0.90 (0.61–1.32) 0.582 0.926
  Not reported 26 (12.9%)
Tumor stage
  Resectable (I/IIA) 60 (29.9%) Reference Reference
  Borderline resectable (IIB) 141 (70.1%) 1.73 (1.12–2.69) 0.014 0.877 1.50 (1.02–2.19) 0.039 0.486
Tumor grade
  G1 20 (10.0%)
  G2 114 (56.7%) Referencef Referencef

  G3 64 (31.8%) 1.29 (0.87–1.91) 0.203 0.635 1.34 (0.94–1.92) 0.104 0.998
  G4 3 (1.5%)
Chemotherapyb

  No 29 (14.4%) Reference Reference
  Yes 103 (51.2%) 0.27 (0.16–0.46) 7.50E-07 0.40 (0.25–0.64) 1.42E-04
  Not reported 69 (34.3%)
Radiation therapyb

  No 88 (43.8%) Reference Reference
  Yes 39 (19.4%) 0.41 (0.23–0.73) 0.002 0.60 (0.38–0.93) 0.024
  Not reported 74 (36.8%)
Vital status
  Alive 83 (41.3%)
  Deceased 118 (58.7%)
Relapse status
  No 57 (28.4%)
  Yes 144 (71.6%)
OS in monthse (range) 15.3 (0–76.2)
RFS in monthse (range) 12.1 (0–73.0)
aFor age as a continuous variable: HR per 1 year of age.
bChemotherapy and radiation therapy data were available for TCGA only.
cHR, Hazard ratio calculated by Cox regression. If the HR is >1, it indicates that the group of interest has a shorter survival than the reference group, and if the HR is <1, it 
indicates that the group of interest has a longer survival than the reference group.
dP-meta, P value from random effects meta-analysis of the TCGA and ICGC cohorts shows the association between selected patient characteristics and PDAC survival; 
separate cohort results for these characteristics are presented in Table S1.
eFollow-up duration months for OS and RFS in combined cohorts.
fHR (95% CI) compared G3 and G4 combined as G2 as reference group.
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MRS and overall and relapse-free survival

Recognizing that the microbiota are a complex ecosystem often composed of various 
subcommunities related to different traits, we constructed a microbial risk score (MRS) 
(15) to summarize the disease-specific microbial profile and to investigate its association 
with survival. Specifically, our MRS consists of the 11 bacteria for OS and nine species 
for RFS that showed association with OS and RFS, respectively, in >60% of the repeated 
iterations of the meta-analysis (all Q < 0.05). The MRS distributions differed among 
groups with differences in survival and relapse (Fig. 3A); a per unit increase in the MRS 
was associated with threefold increases in death (HR = 2.96) and relapse (HR = 3.07) 
(Fig. 3B). The MRS findings were consistent in both cohorts (HR = 3.06, 95% confidence 
interval [CI]: 2.22–4.23, P = 1.10E−11 in TCGA; HR = 2.74, 95% CI: 1.71–4.38, P = 2.70E−05 
in ICGC; Fig. 3C), as also shown by Kaplan–Meier analysis (log-rank P < 0.0001; Fig. 3D 
and E), with a median survival time of 20‒36 months for patients with MRS less than the 
median versus 9‒16 months for patients with MRS greater than the median. The results 
of the Kaplan–Meier analyses were also similar for the separate cohorts, although not all 

FIG 1 Tumor microbial species and survival in early-stage PDAC. The association of tumor microbial species with early-stage PDAC overall survival (OS) in (A) 

random-effects meta-analysis of the TCGA and ICGC cohorts, and (B) by individual cohort. The association of tumor microbial species with early-stage PDAC 

relapse-free survival (RFS) in (C) random-effects meta-analysis of the TCGA and ICGC cohorts, and (D) by individual cohort. All standard Cox hazard ratios (HR) 

were adjusted for age, sex, tumor stage, and cigarette smoking (HR <1, better survival; HR >1 poorer survival). Complete results for all tumor microbial species are 

presented in Supplemental Table 2. The size of the points indicates relative abundance, and the color of the points, in B and D, indicates each study cohort.
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findings remained individually statistically significant (Fig. S8). Associations of MRSs with 
survival remained consistent across the strata of cigarette smoking, tumor stage, and 
tumor grade (Fig. S9 and S10), as well as treatment (in TCGA only; Fig. S11).

Tumor tissue microbiome and the immune microenvironment

The 11 OS-associated bacteria tended to belong to modules and pathways in energy 
metabolism and environmental information processing (Fig. S12; Table S3), suggesting 
the potential for functional differences of microbial association with survival. We further 
found that the MRSMortality was associated with an increased presence in tumors of 
naïve CD4+ T cells (OR = 3.34, 95% CI: 1.11–10.07, P = 0.033) and a lower presence of 
memory B cells (OR = 0.62, 95% CI: 0.41–0.92, P = 0.019; Fig. 4A). Notably, OS-associated 
A. faecalis (HR > 1) correlated positively with naïve CD4+ T cells and inversely with 
memory B cells (Spearman correlation: r = 0.22, P = 2.05E−03; r = −0.23, P = 8.47E−04; 
Fig. 4B). We also observed that the abundance of OS-associated bacterial species such 
as A. faecalis was inversely correlated with the expression levels of immunity genes in 
the B-cell receptor (BCR) signaling pathway, such as SYK (r = 0.22, P = 8.59E−03 in TCGA; 
r = 0.37, P = 4.44E−03 in ICGC, Table S4). Moreover, we identified microbial-correlated 
genes exhibiting significant enrichment in the BCR, T-cell receptor (TCR), and adipocy­
tokine signaling pathways (Fig. 4C), reflecting the potential role of the OS-associated 
microbiome in the natural antibacterial response and host immune pathways.

DISCUSSION

In this study, we found that survivorship differed by the abundance of 11 bacterial 
species in the tumors of early-stage, resected, PDAC patients. MRS constructed from 11 
and nine bacteria, respectively, were associated with threefold increases in mortality and 
relapse, per unit increase in the MRS. Differentials in the MRS were related to differen-
ces of, on average, many months of survival for this high-fatality disease, suggesting 
that the tumor microbiome may have potential, with further refinement, to serve as a 
robust prognostic marker in early-stage PDAC. High-risk patients, defined by microbial 
profiles, may also benefit from targeted measures and personalized treatment strategies 

FIG 2 Cladogram representation of tumor microbiome species associated with PDAC Overall and Relapse-free Survival. The color of nodes and branches 

represents estimates of PDAC survival, based on the Hazard Ratio (HR) in Cox regressions, ranging from HR <1, in blue, to HR>1, in red. Eleven OS-associated 

species (Panel A) and nine RFS-associated species (Panel B) are highlighted and labeled on the outer rings, respectively. The intensity of magenta shading 

corresponds to the relative abundance of bacterial species. A total of 355 species are included in the cladogram, representing taxa with at least two sequences in 

at least 10% of participants and with mean relative abundance ≥0.001%. The cladogram was created using GraPhlAn (14).
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to enhance survival after localized PDAC surgery (16), with potential implications for 
clinical decision-making.

The nearly threefold differentials in survival revealed by the microbial community-
based MRS (15) suggests that the ecologic characteristics of the tumor microbiome 
may be more important for prognosis than the presence of single bacterial species 
or compared to traditional tumor staging and other patient characteristics. Since the 
highest-risk patients will relapse shortly after surgery, it may be advantageous to adopt a 

FIG 3 Microbial Risk Score (MRS) with overall survival and relapse-free survival in early-stage PDAC. (A) The density plot visualizes the distribution of z-score 

normalized MRSs. For MRSMortality, red represents alive patients, blue represents deceased patients; For MRSRelapse, yellow represents relapsed patients, and 

green represents non-relapsed patients in combined cohorts. Association of the MRSs with early-stage PDAC OS and RFS in the randomeffects meta-analysis (B) 

of the TCGA and ICGC cohorts, and (C) by individual cohort. The color of the points in C indicates each study cohort. MRSs were calculated as a weighted sum 

of clrnormalized abundance of OS-associated and RFS-associated bacterial species separately, with weights assigned according to their effect sizes determined 

via the Cox proportional hazard model with an adjustment for age sex, tumor stage, and cigarette smoking. Kaplan-Meier estimates the survival probability 

of MRSMortality with overall survival (D) and MRSRelapse with relapse-free survival (E) in combined cohorts. Pink represents the high-risk patients, and blue 

represents the low-risk patients, based on the median summary-weighted MRS indexes for OS-associated species and RFS-associate species, separately. The 

dotted line represents the median survival time of each group. The P-value was calculated from analysis of the deviance tables for two Cox model fits by log 

partial likelihood.
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neoadjuvant therapy approach or intensive chemotherapy in this subcohort. A microbial 
imbalance, or dysbiosis, is related to several disease conditions or poor health outcomes 
(17–23), including cancers, obesity, diabetes, and inflammatory diseases. Our results 
reflect that summary MRS leads to significant survival differentials in early-stage PDAC, 
which may advance the clinical relevance of specific microbial communities at the 
primary tumor site.

Notably, our study revealed that some species of the class Alphaproteobacteria, 
Betaproteobacteria, and Gammaproteobacteria were associated with OS. These findings 
are generally consistent with previous studies indicating that the tumor microbiome in 
Gammaproteobacteria class is related to PDAC response to chemotherapeutic gemcita­
bine (24), metastasis (13), and oncogenesis in both human and animal models (25). 
Furthermore, our study identifies new tumor microbial species associated with early-
stage PDAC survival that were not observed in previous PDAC research (26). Of these 
taxa, unfavorable species relevant to poor prognosis comprised S. infantis (27, 28), 
members in Acinetobacter genus (A. johnsonii, A. lwoffii) (29), and P. luteola (30), which are 

FIG 4 Tumor tissue microbiome and immune infiltration in early-stage PDAC. (A) Association analyses on MRSs and 22 immune cells. A generalized logistic 

regression was constructed for the binary quantification (low as 0, high as 1) of immune infiltrates (based on median) and the continuous variables of MRSs 

adjusted for age, sex, tumor stage, and cigarette smoking in random-effects meta-analysis of TCGA and ICGC cohorts. All measures were categorized based 

on their median of immune variables. Blue represents MRSMortality and Red represents MRSRelapse. (B) Correlation analyses on tumor tissue microbiota and 

22 immune cells. The X-axis represents the OS- /RFS-associated species, and the Y-axis represents the immune infiltration. The color of the square indicates 

the Spearman correlation between the microbial node and the immune node. *p<0.05. The color of the bar indicates the Hazard Ratio (HR) of Species in Cox 

proportional hazards models on survival, ranging from HR <1, in green, to HR>1, in yellow. (C) KEGG pathway enrichment for microbial-correlated genes. The 

color and size of each bubble denote enrichment significance, and the number of genes enriched in the functional category, respectively.
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potential opportunistic pathogenic bacteria that may cause serious infections. Further 
connections between identified species and microbial functional modules in energetic 
metabolism are aligned with previous observations on tumor progression (31) and 
long-term survival of PDAC (11).

Mechanistically, certain microbial taxa may influence PDAC through persistent 
inflammation, alterations of host immune response, metabolism regulation, or tumor 
microenvironment modulation (32). Pushalkar et al. demonstrated that microorganisms 
migrate from the gut to the pancreas in both human and mouse models (25); similarly, 
stool transfer from long-term survivors was shown to impede tumor growth in mouse 
models (11), suggesting that components of the gut microbiome might shape at a 
distance the tumor microbial community to impact PDAC outcomes (33).

Our observations concur with the growing body of evidence highlighting the 
significance of CD4+ T cells and B cells in PDAC (34–36). Specific bacteria, mainly 
Gammaproteobacteria, which affect human health worldwide, can manipulate B cells to 
their preference (37). In accordance, our findings suggest that unfavorable OS-associated 
A. faecalis is potentially linked to immune-suppressed T- and B-cell infiltrations, with 
implications for PDAC treatment strategies. This contrasts with the role of Alcaligenes 
residing in gut-associated lymphoid tissues (38), where bacteria can activate immune 
responses via their derived lipid A, a core part of lipopolysaccharides (LPS) that has been 
shown to activate dendritic cells and naïve B cells in the gut (39). However, our observa­
tions align with studies on extensively drug-resistant A. faecalis infections (40), where its 
cell wall component hyperactivates immune variants, leading to immunodeficiency and 
systemic inflammation in humans and mice (41). B-cell infiltration has been associated 
with favorable outcomes of PDAC through antitumor effects mediated by antibody 
secretion (42) and, conversely, shorter survival via immune suppression (36). The spatial 
distribution of cytotoxic T cells (i.e., CD4+ T cells) in proximity to PDAC cells correlates 
with increased overall patient survival (43). This emerging evidence underscores the 
complex role of T and B cells in PDAC and aligns with our findings, which showed that 
MRS and novel unfavorable OS-associated microbial species, including A. faecalis, were 
associated with increased naïve CD4+ T-cell and reduced memory B cell infiltration.

We provide additional evidence supporting previous research that the TCR and BCR 
signaling pathways are part of a supportive microenvironment in pancreatic cancer 
tumors (44). Survival-associated tumor microbiota may influence the PDAC immune 
landscape through key signaling molecules such as SYK (45) in the BCR and TCR 
signaling pathway, relating potentially to a role of tumor microbiome-linked immunity 
by TCR-mediated CD4+ T-cell activation (46) and BCR-regulated immune response (47) 
in the pathogenesis of PDAC (12). Previous studies have demonstrated that microbiota-
derived LPS can increase the invasiveness of PDAC cells through metabolite signaling 
pathways (48, 49), leading to the production of inflammatory cytokines and immune 
suppression (25, 50). Our data also point to enrichment in adipocytokine and prolac­
tin signaling pathways, highlighting the potential role of the tumor microbiome in 
inflammation and metabolism, with implications for T-cell and B cell-specific immuno­
therapy in clinical settings.

There are limitations in our study. First, from our observational study, limited 
mechanistic information on causal relationships could be obtained for the tumor 
microbiome, warranting further human interventional studies and experimental models 
(51). Second, there has been discussion on the human genomic contamination for the 
tumor microbiome characterization; however, these issues have been comprehensively 
addressed with an additional rigorous “exhaustive” filtering process (52) using GRCh38 
(53), T2T-CHM13 (including chromosome Y) (54), and human pangenome (Human 
Pangenome Reference Consortium [HPRC]) (55). Lastly, the treatment data from the ICGC 
cohort could not be accessed, limiting the comparison of the cohorts on this factor; 
however, primary pancreas treatment is standardized in general by tumor stage (56). The 
methodological rigor of this research is also evidenced by (i) our large pooled sample 
size, allowing for the study of early-stage resected PDAC, without the interference of 
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heterogeneity from prior neoadjuvant therapy, and interplay with clinicopathological 
factors; (ii) two multicenter well-structured cohort studies, TCGA and ICGC, relying on 
tumor tissue samples collected during surgery for subsequent follow-up for overall and 
RFS; and (iii) the RNA-sequencing (RNA-seq) approach for comprehensive assignment of 
taxonomy and for assessment of host gene pathways and immune modules.

Our study provides insights into a unique tumor microbiome structure and survival 
in resected early-stage PDAC from two well-structured international cohorts and for 
understanding the role of the T-cell and B-cell immune microenvironment in this process. 
By identifying prognostic tumor microbial markers, we indicate avenues for understand­
ing underlying mechanisms and guiding personalized treatment strategies in the clinical 
management of early-stage resected PDAC.

MATERIALS AND METHODS

Study population and inclusion criteria

Cohort

This study is based on two international multi-center, well-established cohorts (seeFig. 
S13 for workflow).

TCGA (57) is a comprehensive resource and coordinated effort funded and backed by 
the NCI; it contains molecular characteristic information on over 20,000 primary cancer 
and matched normal samples spanning 33 cancer types to explore genomic changes and 
molecular basis (58). From 2006 to 2015, 11,160 patients from 20 collaborating institu­
tions generated standard clinical data resources with high-quality survival outcomes (59). 
All data for 178 pancreatic cancer patients are available in TCGA cohort (60).

The ICGC (61) is a global initiative from 84 worldwide cancer projects, which aims 
to elucidate genomic changes by coordinating large-scale cancer genome studies (62). 
Diverse participants from 20 countries engaged between 2008 and 2013 and concluded 
the 25K Project in 2018 with clinical outcomes (63). All data from 78 pancreatic cancer 
patients collected from the Australian Pancreatic Cancer Genome Initiative are available 
in the ICGC Cohort (64).

Inclusion criteria

The following restricted criteria were used to identify studies included in our analysis: 
(i) the presence of surgically resected primary PDAC, (ii) classification within Stages I 
to II according to the American Joint Committee on Cancer Cancer Staging Manual, 
(iii) no prior neoadjuvant treatment before surgery, (iv) evaluable primary tumors were 
obtained via surgical resection, and (v) comprehensive clinical documentation. This 
resulted in a total of 140 and 63 Stages I/II primary surgical resected, non-pretreated 
PDAC patients in TCGA and ICGC, respectively, for further microbiome analysis.

Outcome

The primary outcome was OS, and the secondary outcome was RFS. OS was the period 
from the date of diagnosis until the date of death from any cause. Patients who were 
alive and free of these events were censored at the last follow-up (59). RFS was the time 
interval between the date of diagnosis and the date of local relapse, regional relapse, 
distant metastases (liver or non-liver), or death (all death), whichever occurs first (65).

Tumor microbiome RNA-seq assay and data processing

RNA-seq assay

RNA was extracted from tumor tissue specimens, quantified and converted to mRNA 
libraries. Libraries were sequenced, and FASTQ files were generated according to 
methods described in previous TCGA (60) and ICGC (66) studies.
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Microbiome data processing

Data filtering

Consistent processing was performed for all raw sequencing data using SHOGUN (67). 
FASTQ RNA sequencing reads were trimmed to remove bases that had a PHRED quality 
score of 25 or lower using Trim Galore.

Exhaustive host depletion

The quality-controlled paired-end data were processed with an additional rigorous 
“Exhaustive” filtering process (52) to identify all genomic regions shared with GRCh38 
(53), T2T-CHM13 (including chromosome Y) (54), and human pangenome (HPRC) (55) 
references of 47 phased, diploid assemblies from a cohort of genetically diverse 
individuals. The total reads for all samples are shown in Fig. S14. The human sequence 
removal data were subsequently aligned with Bowtie2 with the National Center for 
Biotechnology Information (NCBI) RefSeq representative prokaryotic genome collection 
(release 82) (68).

Taxonomic assignment

Per strain coverage was calculated via the default pipeline SHOGUN profiles for the 
microbiome quantification (67). Sufficient reads mapped to a single reference genome 
and multiple reference genomes were assigned at the species level and lowest-common 
ancestor according to the NCBI taxonomy (69), respectively.

Batch correction

Finally, batch effect removal was performed for two tumor microbiome data in TCGA and 
ICGC via conditional quantile regression (ConQuR) (70).

Gene and immune data processing

Available PDAC-normalized gene expression patterns were obtained from the Xena 
platform (71) and were initially derived from RNA-seq assays described in TCGA and 
ICGC (60, 66). The infiltration levels of 22 immune cell types were further estimated via 
a robust enumeration method (cell-type identification by estimating relative subsets of 
RNA transcripts [CIBERSORT]) for both cohorts (72, 73).

Statistical analysis

Baseline characteristics were compared in terms of α-diversity and β-diversity. The 
α-diversity values (Chao1, Shannon, and Simpson indices) were computed to examine 
the differences via the “vegan” R package and were compared via the Wilcoxon rank 
test (two groups) or Kruskal‒Wallis test (more than two groups) and linear regression 
adjusted for age, sex, tumor stage, and cigarette smoking. Cox PH models were used to 
determine whether α-diversity was associated with OS and RFS, adjusting for age, sex, 
tumor stage, and cigarette smoking. Moreover, β-diversity (Jensen‒Shannon divergence) 
was calculated via the “phyloseq” R package as the average distance in 10,000 permuta­
tions of random pairings of tumor samples, where the thresholds were determined on 
the basis of rarefaction curves (Fig. S15), and significance was assessed via permutational 
multivariate analysis of variance, adjusting for the covariates listed above on time-to-
event data.

Taxa with a prevalence of less than 10% in at least two sequences and a mean 
relative abundance of less than 0.001% were removed, resulting in the inclusion of 355 
species. Taxonomic abundance was normalized via scale-invariant centered log-ratio 
(clr) transformation after adding a pseudo count in microbiome data analysis. Stand­
ard Cox PH models for all tested taxa were performed for OS and RFS, adjusting for 
the covariates listed above on time-to-event data. First, cohort-specific estimates of 
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differential abundance by species were obtained. Then, cohort-specific estimates and 
their corresponding standard errors were used to perform random-effects meta-analysis 
to generate the pooled estimates for the two cohorts.

To mitigate the randomness in species selection, we employed a stability selection 
strategy using a repeated subsampling approach. A repeated subsampling procedure 
was also performed so that for each of 100 iterations, 90% of the data were randomly 
subsampled (74), and a meta-analysis of the Cox PH model was performed. Species 
significantly associated with OS or RFS were identified if they appeared in at least 60% 
of the iterations, with the recommended threshold (75, 76), confirming the stability 
of our findings (Fig. S13). We further confirmed the robustness of selected bacterial 
species based on repeated a subsampling procedure, using a permutation test with 500 

iterations. The P value for jth species was calculated as 
∑i500 I Pij ≥ Oj + 1

501 , where I ⋅
is the indicator function, Oj was the frequency of jth species identified (i.e., with a P 
meta of <0.05 in Cox PH model) using the original cohorts, and Pij was the frequency 
of jth species identified using the permuted data in ith iteration. The Q value was then 
calculated adjusting for the false discovery rate across all species.

Furthermore, by building on the concept of a polygenic risk score used productively 
in the genomic research (77), we constructed MRSs (15) to summarize the microbial 
profiles for PDAC prognosis prediction in terms of OS and RFS. For each outcome, its 
MRS was calculated as a weighted sum of the clr-normalized abundance of selected 
bacterial species, with weights assigned according to their effect sizes for individual 
species. Random-effects meta-analysis and Cox PH models were performed to assess the 
effects of MRS on OS and RFS. Patients were stratified into high-risk and low-risk groups 
based on the median MRSs. Kaplan–Meier curves and the log-rank test were then used 
to estimate the OS and RFS curves and test their differences between the high-risk and 
low-risk patients, respectively.

A generalized logistic regression was constructed for the binary abundance (low as 0, 
high as 1) of immune variables and the continuous variables of MRSs adjusted for age, 
sex, tumor stage, cigarette smoking, and cohort in two combined cohorts. All measures 
were categorized based on their median of immune variables. We used Spearman’s 
correlation to examine the relation between clr-normalized taxa, microbial modules, 
microbial pathways, immune infiltrations, and immune genes. These immune genes and 
survival-associated microbiota were calculated with P < 0.05. Kyoto Encyclopedia of 
Genes and Genomes (KEGG) enrichment analysis was performed using WebGestalt (78). 
All statistical analyses were conducted using R version 3.6.1. Figures were generated 
using the ggplot2 packages. For all statistical tests, a two-sided P < 0.05 was considered 
statistically significant.
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