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Summary:

Microorganisms are detected in multiple cancer types, including in putatively sterile organs, but
the contexts in which they influence oncogenesis or anti-tumor responses in humans remain
unclear. We recently developed Single-cell Analysis of Host-Microbiome Interactions (SAHMI),
a computational pipeline to recover and denoise microbial signals from single-cell sequencing of
host tissues. Here, we use SAHMI to interrogate tumor-microbiome interactions in two human
pancreatic cancer cohorts. We identify somatic-cell associated bacteria in a subset of tumors

and their near absence in nonmalignant tissues. These bacteria predominantly pair with tumor
cells, and their presence associates with cell-type specific gene expression and pathway activities,
including cell motility and immune signaling. Modeling results indicate that tumor-infiltrating
lymphocytes closely resemble T-cells from infected tissues. Finally, using multiple independent
datasets, a signature of cell-associated bacteria predicts clinical prognosis. Collectively, tumor-
microbiome crosstalk may modulate tumorigenesis in pancreatic cancer with implications for
clinical management.
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Ghaddar et al. use the computational pipeline SAHMI (Single-cell Analysis of Host-Microbiome
Interactions) to probe the microbiome in pancreatic cancer. They identify a subset of tumors with
bacteria that associate with key cancer hallmarks, immune activity, and prognosis.

Graphical Abstract

scRNA-seq captures human cell-associated microbial RNA in a
subset of tumors in two independent pancreatic cancer cohorts
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Introduction

The microbiome contributes to both human health and disease, including oncogenesis.
While it is uncertain whether the healthy pancreas harbors its own microbiome, emerging
evidence indicates that bacteria and fungi can translocate to the pancreas and induce local
and systemic changes that promote the development of pancreatic ductal adenocarcinoma
(PDA) (Vitiello et al., 2019; Wei et al., 2019). Microbiota products alter gene regulation
(Yoshimoto et al., 2013) and lead to DNA damage (Ogrendik, 2017), stimulate pattern
recognition receptors that potentiate mutant KRAS signaling (Ochi et al., 2012; Zambirinis
etal., 2013), and can induce both inflammation and immunosuppression (Aykut et al.,
2019; Pushalkar et al., 2018; Seifert et al., 2016; Zambirinis et al., 2015). Microbiota
within PDA also may confer resistance to therapies, including deactivating gemcitabine via
microbial cytidine deaminase (Geller et al., 2017), while antibiotic-induced reduction of
the gut microbiome may increase sensitivity to immune checkpoint inhibitors (Pushalkar et
al., 2018; Sethi et al., 2018; Thomas et al., 2018). Moreover, tumors from long-term PDA
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survivors harbor increasingly diverse microbiota (Riquelme et al., 2019) as well as tumor
neoantigens with homology to microbial peptides (Balachandran et al., 2017).

Despite being increasingly implicated in pancreatic cancer, several barriers have limited

the systematic investigation of the tumor-associated microbiome in PDA patients (Sethi

et al., 2019). First, many intestinal microbes are difficult to culture (Suau et al., 1999).
Second, microbiome composition can differ vastly between patients (De Filippo et al., 2010;
Nguyen et al., 2015), and there are few model systems that can sufficiently recapitulate
tumor-microbiome interactions in humans (Mallapaty, 2017; Saluja and Dudeja, 2013).
Third, the possibility of sample contamination post-surgery complicates data interpretation
(de Goffau et al., 2018; Zinter et al., 2019). Recent studies have discovered cancer-type
specific microbial signatures in The Cancer Genome Atlas (TCGA) (Poore et al., 2020)

and tumor-specific intracellular bacteria through 16S bacterial ribosomal DNA sequencing
(16S-rDNA-seq) profiling of hundreds of primary human tumors (Nejman et al., 2020).
However, these studies analyzed genomic data from bulk tissue samples, which do not
capture microbial-somatic cell enrichments, associations with cell-type specific activities,
or microbial contributions to inter-cellular communication networks. In particular, PDA

is characterized by a fibrotic stroma comprising the majority of tumor volume, which
makes disentangling cellular relationships difficult by bulk profiling (Moffitt et al., 2015).
Here, we use SAHMI (Single-cell Analysis of Host-Microbiome Interactions) to examine
tumor-microbiome relationships in pancreatic cancer at single cell resolution using genomic
approaches.

Detection and validation of metagenomic reads in sScRNA-seq data

We recently developed SAHMI, a pipeline to systematically recover and denoise microbial
signal in human clinical tissues and to assess host-microbiome interactions at single-cell
resolution (Fig. 1A, STAR Methods). Briefly, SAHMI first concurrently maps single-cell
RNA sequencing (ScCRNA-seq) reads to the host (e.g. human) and to reference microbial
genomes using Kraken2Unig, a k-mer based taxonomic profiler (Breitwieser et al., 2018;
Wood et al., 2019). A series of filters next remove low quality reads and assignments.

As previously demonstrated on known infection samples (Ghaddar et al., 2022), SAHMI
identifies true microbial reads by analyzing the relationship between the number of total and
unique assigned k-mers per taxon across sScRNA-seq barcodes in an individual sample and
across samples in a study, which we name as the k-mer Correlation Test (kCT). SAHMI
identifies false positive taxonomic assignments and contaminants by comparing individual
taxa counts to their distributions in negative control samples using a quantile test, for which
SAHMI provides an extensive sterile cell line microbiome reference dataset that can be used
in the absence of matched controls (Cell Line Quantile Test, CLQT). Denoised microbial
profiles can then be jointly analyzed with host cellular transcriptomes, and microbes can be
paired with individual somatic cells that share the same scRNA-seq cell barcode. SAHMI
thus enables the systematic analysis of host-microbiome ecosystems at single-cell resolution.

Here, we showcase the utility of SAHMI for studying host-microbiome interactions at
single-cell resolution in PDA. First, we asked whether microbial sequences could be
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detected in human PDA tumors using SCRNA-seq and how their profiles compared to those
from different sequencing approaches. We analyzed 4 tumors by scRNA-seq and whole
genome sequencing (WGS) and 14 tumor and normal adjacent tissues by RNA-seq and 16S-
rDNA-seq. Bacteria were detected in all samples, and their profiles measured using the two
sequencing technologies were significantly correlated (Spearman correlations, p<2.2e-16,
Fig. 1B).

We next applied SAHMI to two large independent scRNA-seq PDA cohorts, hereon
referred to as scPDA1 (Peng et al., 2019) and scPDA2 (Steele et al., 2020). Combined,
these included data for 41 PDA tumors samples and 14 normal pancreatic tissues (Table
S1). The normal samples were from patients who underwent pancreas surgery but did

not have malignant pancreatic tumors. Within each cohort, all samples were processed
similarly, and when clustering data using uniform manifold approximation and projection
(UMAP), we observed no batch effects amongst samples (Fig. S1A), mitigating concerns
of differential contamination within a study. These pancreatic tissues had 100-1500 million
total sequencing reads per sample; on average, Kraken2Uniq classified 94% of reads as
human (standard deviation=4%), 4% as unclassified (SD=3%), and it resolved 0.6% to the
microbial genus level (SD=0.2%) across a total of 1,962 genera and 7,236 species (Fig. 1C).

We used multiple benchmarking and validation steps to denoise the data and ensure that our
final observations were not due to artifacts or contamination. First, we applied the SAHMI
k-mer Correlation Test (kCT), which identifies true taxa as having significant correlations
between the number of reads and the numbers of total and unique k-mers across barcodes
and samples. We observed a wide range of correlation values (Fig. 1D), with only a minority
of taxa [2565 (28%) of 9198] meeting significance criteria in all correlations.

Second, given the absence of physical negative controls, we applied the SAHMI Cell-Line
Test (CLQT) to identify likely false positives taxonomic assignments and contaminant
species. This test compares taxon frequencies to their distribution found across thousands

of sterile RNA sequencing runs from around the world involving >1000 human cell lines
from normal and diseased tissues. The CLQT clearly distinguished 38 taxa in sScPDAL and 2
above the noise threshold and identified contaminants in the data (Fig. S1B). The significant
taxa, such as the gastrointestinal tract species Campylobacter concisus, Clostridioides
difficile, and Fusobacterium nucleatum had microbial frequencies greater than the 95t
percentile in the reference dataset, whereas most taxa, including common contaminants such
as Mycoplasma orale, Ralstonia picketti, and Staphylococcus epidermidis, were detected

at levels consistent with the cell line data (Fig. 1E). As such, only a minority of reads

(mean 0.01%) and taxa (mean 2%) per sample passed all SAHMI denoising criteria and
were retained for further analysis (see STAR Methods for details; Fig. 1C). As an additional
measure, we examined our data for common contaminants recently identified (Poore et al.,
2020); 229 of the 419 reported contaminant genera were initially detected, but none passed
our filtering measures. These denoising steps thus identified taxa in sScPDA1 and 2 at higher
frequencies than expected by chance and for which diverse RNA was present.

Third, we validated reads for taxa resolved to the species level by mapping them using a
well-validated RNA-seq aligner (Dobin et al., 2013). For each species, we extracted its reads

Cancer Cell. Author manuscript; available in PMC 2023 October 10.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ghaddar et al.

Page 5

and aligned them to its reference genome. Across all samples and species, >90% of reads
mapped (see STAR Methods) to locations throughout the genome. Mapped reads did not
exclusively bias towards specific regions, indicating that they were not artifacts (Fig. 1F,
Fig. S1C). While some mapping positions were over-represented, the mapping patterns were
consistent with those previously observed for verified pathogens in clinical tissues analyzed
by scRNA-seq (Ghaddar et al., 2022).

Fourth, although we excluded human reads during the initial taxonomic classification steps,
we attempted to map the denoised microbial reads to the human transcriptome using a third
mapping algorithm (Patro et al., 2017). Only a median of 2.5% of SAHMI microbiome reads
per species were mappable to the human transcriptome; this was significantly less than the
mapping rates for whole samples when all reads were included (Wilcoxon p<2e-16, Fig.
1G), indicating that SAHMI enriched for nonhuman reads.

Fifth, to assess whether the likely ecological sources of PDA microbes were expected, we
calculated body site enrichment scores of the scPDA genera using mBodyMap (see STAR
Methods), a curated human microbiome database containing more than 60,000 sequencing
runs across 22 body sites (Jin et al., 2022). The ecological sources of sScPDA taxa were
predominantly from organs throughout the gastrointestinal (Gl) tract, in addition to microbes
found in the respiratory tract or blood (Wilcoxon p<2e-16, Fig. 1H). These results are
expected given that the pancreas has direct contact with the GI tract via the pancreatic duct
(and respiratory organisms are ingested as well), and it is consistent with literature linking
Gl bacteria to pancreatic disease (Adolph et al., 2019; Thomas and Jobin, 2020).

Sixth, we compared microbial profiles from scPDA1 and 2 to PDA microbiomes profiled
using other technologies. These included (1) n=4 tumors we profiled with dual sScCRNA-seq
and WGS, (2) n=7 tumors and n=7 adjacent normal pancreas we profiled with dual 16S-
rDNA-seq and RNA-seq, (3) RNA-seq of PDA from TCGA (Poore et al., 2020), and (4)
16S-rDNA-seq of PDA from a recent large-scale study (Nejman et al., 2020) — for a total
of 327 pancreatic samples sequenced with four different technologies. We correlated the
number of reads (or normalized counts) assigned to each genus across all studies and found
significant agreement between scRNA-seq and other technologies (Fig. 11). In particular,
the correlations between the sScCRNA-seq data were highly significant (mean Spearman
p=0.78, mean p=1e-5), indicating that ScRNA-seq profiles are reproducible, and correlations
between scRNA-seq and 16S-rDNA data were comparable to those between RNA-seq and
16S-rDNA, suggesting that sScCRNA-seq does not introduce significant bias in read capture
compared to bulk RNA-seq. These comparisons to positive controls indicate that SAHMI
quantitatively identified relevant taxa in scPDA.

Seventh, we used SAHMI to analyze different ScCRNA-seq samples not expected to have
predominant lower Gl tract microbiomes that could serve as negative controls, and we
compared the overlap in their detected microbiome to that from scPDA1 and 2. We

analyzed data from bronchoalveolar lavage fluid from patients with coronavirus-19, skin
samples from patients with leprosy, gastric epithelium from patients with Helicobacter pylori
infection, and data from peripheral blood mononuclear cells infected with herpes simplex
virus or Salmonella enterica (Ghaddar et al., 2022). In each study, SAHMI identified the
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known pathogen in the infected samples and its absence in controls. Next, we computed the
overlap in microbial taxa between scPDA and the other PDA microbiome studies (Nejman
et al., 2020; Poore et al., 2020) and compared it to the overlap in taxa between scPDA and
these negative control samples. As expected, the overlap in taxa was significantly greater
(Wilcoxon p=0.029) between the scPDA and PDA data, despite being profiled with different
technologies (Fig. 1J). The mean overlap coefficient with PDA data was 0.67. In contrast,
the only taxa that overlapped with scPDA from the infection studies were Clostridium and
Helicobacter pylori, both of which were from the gastric samples. These results validate the
ability of SAHMI to identify the appropriate tissue-present taxa.

Taken together, these benchmark and validation analyses demonstrate that the microbiome
we identified in PDA through scRNA-seq is consistent with recent literature. Specific
microbial reads map throughout their respective genomes and are present at frequencies
greater than expected for contamination. SAHMI identified ecologically relevant taxa in
PDA that had negligible overlap with taxa from other tissues and disease states.

Cell-associated bacteria are present in a subset of pancreatic tumors

After all data processing steps (see STAR Methods for details), we detected microbial

reads in 48 (87%) of 55 pancreatic samples tested and identified 19 bacterial genera that
were present in both scPDA1 and 2. These genera had a mean of 29,498 unique k-mer
sequences (range: 1010-210,105) (Fig. 2A). Sequencing depth is a common confounder in
metagenomics; however, after data denoising, there was no correlation between the number
of somatic and microbial gene counts (Spearman, scPDAL: p=0.11; scPDA2: p=0.82, Fig.
S2A). Microbial reads were detected on 96,135 (scPDA1) and 479,834 (scPDA2) molecular
barcodes, with tumors generally having increased total microbial counts compared to normal
samples (Wilcoxon, scPDAL: p=0.015; scPDA2: p=0.089, Fig. 2B). A subset of barcodes
also tagged somatic cellular RNA (scPDAL: 8.7%; scPDA2: 8.9%), providing evidence that
those bacteria were co-localized with a host cell. When we counted cell-associated bacterial
reads across samples, we observed that cell-associated bacteria were found in appreciable
amounts in only a subset of tumors and in nearly none of the nonmalignant samples

(18/41 tumors, 1/14 nonmalignant tissues; Fisher test combined p-value: p=0.009; Fig.

2C). Barcode pairing of host cells and bacteria suggests that these microbes are associated
with somatic cells but does not indicate whether they are intra- or extra-cellular; however,
imaging data indicate that most detected bacteria in pancreatic tumors are intracellular
(Nejman et al., 2020). The significantly increased presence of cell-associated bacteria in a
subset of scPDAL1 and 2 tumors thus suggests a distinct (bacterial cell-associated) tumor
state. This finding is consistent with a previous report detecting intracellular bacteria in a
subset (68%) of PDA tumors tested under stringent experimental conditions to control for
contamination (Nejman et al., 2020).

We did not detect any cell-associated bacteria in 13 of 14 non-malignant samples. We also
analyzed a third sScCRNA-seq study of 13 healthy human pancreas samples and found no
microbes in those tissues (Baron et al., 2016); thus, in total, only one of 27 pancreatic
samples without malignancy was positive for cell-associated bacteria, compared to 44%
of the PDAs. However, scRNA-seq data of paired tumor and normal adjacent tissue will
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be required to further address the specificity of the cell-associated bacteria in the tumors
compared to normal tissues.

The scPDA1 and 2 tumors with cell-associated infections harbored 8-19 bacterial genera,
many of which are associated with oral or gastrointestinal pathology. The most common
bacteria in both cohorts were Campylobacter spp, which is known to cause gastrointestinal
and systemic inflammation (Janssen et al., 2008). Other bacteria included Fusobacterium
nucleatum, which is strongly associated with tumorigenesis in colorectal cancer (Sethi et
al., 2019), Leptotrichia spp., an oral microbe previously associated with pancreatic cancer
(Torres et al., 2015), and Clostridioides difficile, a gut pathogen associated with pancreas
pathology (Adejumo et al., 2019). Although we included fungal and viral genomes during
mapping, none passed our denoising criteria.

When we visualized somatic cell data with UMAP, we observed that the distribution of
bacteria was not uniform across cell-types (Fisher test, p=4e-5) and that bacteria-associated
cells generally clustered together within their cell type, indicating shared, broad gene
expression changes compared to unassociated cells (Fig. 2D). Bacteria were found with

all cell types, consistent with imaging of tumors showing intracellular bacteria in both
malignant and immune cells (Geller et al., 2017; Nejman et al., 2020). Tumor cells had the
greatest total number of associated bacterial counts (Fig. 2E). Using Wilcoxon testing, we
identified 27 bacteria-cell-type specific enrichments that were shared across both scPDA1
and 2 (Wilcoxon, all p<5e-3; Fig. 2F). Tumor cells again had both the greatest number

and strongest bacterial enrichments. Although immune cells co-localized with bacteria (Fig.
2E), we found only 3 bacteria-immune cell enrichments, suggesting that immune cells

had non-specific interactions with intra-tumoral bacteria. These data indicate that a subset
of pancreas tumors have an altered microbiome with possible bacterial tropism towards
malignant tumor cells.

Bacteria associate with cell-type specific diversity and activities

Co-clustering of bacteria-associated host cells (Fig. 2D) raises the possibility of
transcriptional changes in host cells in response to the presence of bacteria. We first asked
whether the presence of cell-associated bacteria associated with the diversity of somatic

cell states in the tumor. We calculated the Shannon diversity of each cell’s transcriptional
profile, and then for each cell-type, we compared diversity values of cells from tumors

with or without detected cell-associated bacteria. In both sScPDAL and 2, samples with
cell-associated bacteria had significantly increased diversity in their tumor and myeloid cells
and decreased diversity in their T cell populations (Fig. 2G).

We next investigated whether the presence of bacteria were themselves associated with
host cell-type specific gene expression. Using Wilcoxon testing, bacterial and host cell
barcode pairing allowed us to identify cell-type specific genes that were differentially
expressed in cells associated with specific bacteria. There was no significant difference

in expression for the vast majority of genes tested (Fig. 3A); however, a subset of genes
was significantly altered in the same direction in both scPDA1 and 2. Of cells localized
with bacteria, tumor cells had the greatest number of differentially expressed genes (Fig.
3B). Despite bacteria co-localizing with many immune cells (Fig. 2E), we did not identify
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any common transcriptional changes in lymphoid cells co-localized with bacteria and only
15 differentially expressed genes (DEG) in myeloid cells. In total, 571 unique DEGs were
identified (Table S2), with the most commonly affected genes across all cell types and
bacteria including keratin, mucin, and trefoil genes (Fig. 3C).

Many of the strongest bacteria-associated DEGs in sScPDAL and 2 have been previously
associated with PDA or microbiome-related inflammation (Fig. 3D). For example, tumor
cells co-localized with Clostridioides difficile in scPDA1 and 2 had significantly increased
expression of ED/L 3 (Wilcoxon, p<2e-16), an integrin ligand involved in angiogenesis

that is implicated in both sterile and microbial-induced inflammation in multiple tissues
(Hajishengallis and Chavakis, 2019) as well as tumor growth and poor prognosis in PDA
(Jiang et al., 2016). Tumor cells in scPDA1 and 2 co-localized with Helicobacter pylori

had significantly increased expression of CRABPZ (Wilcoxon, p<2e-16), an oncogene
upregulated in an /n7 vivo model of oral candidiasis and cancer (Maté et al., 2022). CRABPZ2
also enhances pancreatic cancer cell motility (Yu et al., 2016). Francisella spp. associated
with increased OLFMA4 expression in tumor cells in scPDA1L and 2 (Wilcoxon, p<2e-16).
OLFMA4is a stem cell marker associated with microbiota-induced accelerated epithelial
regeneration (Abo et al., 2020; Lee et al., 2018) as well as poor prognosis in pancreatic
cancer (Ohkuma et al., 2020). Normal ductal epithelial cells in scPDA1 and 2 co-localized
with Fusobacterium nucleatum had increased expression of REG3A (Wilcoxon, p<2e-16), a
gene strongly involved in regulation of host-microbiota interplay (Zhang et al., 2019a) and
which also promotes acinar to ductal metaplasia, a common precursor to pancreatic cancer
(Zhang et al., 2021). These findings and others detailed in Table S2 indicate that microbiota
identified by SAHMI may be associated with critical growth and inflammatory processes in
PDA.

To more broadly examine the biological processes associated with cell-associated bacteria,
we performed Reactome pathway gene set enrichment analysis using the cell-type and
bacteria-specific DEGs (Fig. 3E). In general, the presence of cell-associated bacteria was
associated with increased activity of multiple pathways related to cell motility, extracellular
matrix interaction, and immune signaling in tumor cells and in normal epithelium and
stroma. Such pathways included MET-PTK2 signaling, consistent with the finding that oral
pathogens promote cancer aggressivity via integrin/FAK signaling (Kamarajan et al., 2020),
and integrin and non-integrin membrane-extracellular matrix interactions, consistent with
growing evidence of microbial disruption of tissue integrity and cancer risk (Alfano et al.,
2016). Upregulated immune pathways included those related to the complement cascade
and PD-1 signaling, consistent with the observation that pathogenic fungi promote PDA via
lectin-induced activation of the complement cascade (Aykut et al., 2019) and with evidence
that the gut microbiome modulates response to anti-PD1 therapy (Gopalakrishnan et al.,
2018). These and other pathway data detailed in Table S3 thus further associate microbiota
in PDA with cancer hallmark activities.

To validate our observations, we compared the bacteria-gene associations in scPDA1 and
2 to those found in the TCGA pancreatic cancer cohort (Poore et al., 2020). We identified
the 12/19 genera that were in common between scPDA1 and 2 and TCGA and correlated
their normalized counts in TCGA with corresponding gene expression values from the
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same samples. We identified 100 significant bacteria-gene correlations that overlapped

with scPDAL and 2 bacteria-cell-type-specific DEGs (9.5% of all possible comparisons).
This overlap was significantly greater than expected by chance when we repeated the
procedure using subsampled vs. sample label shuffled data (Wilcoxon, p<2e-16; Fig. 3F),
and it is noteworthy given between-patient differences in microbial compositions and limited
genomic coverage of the TCGA data. Collectively, these observations learned at single cell
resolution consistently associate microbiota with key cancer-related cellular processes in
individual cell-types in the tumor-microenvironment.

Tumors with cell-associated bacteria have activated T-cells

Although we did not identify many shared differentially expressed genes in individual T-
cells paired with bacteria, we asked whether there was a difference in overall T-cell subtypes
found in tumors with or without cell-associated bacteria. We integrated T-cell data from
scPDAL and 2 and identified regulatory, memory, effector, and natural killer T-cells based on
canonical subtype markers (Fig. 4A-B, Fig. S2B). T-cells from tumors with cell-associated
bacteria were more likely to have an activated phenotype (i.e. natural killer T, effector T) and
were less likely to have a regulatory phenotype (Fisher test, p=1e-4, Fig. 4A). We found that,
as a population, T-cells from tumors with cell-associated bacteria compared to those without
had multiple differentially expressed genes that were shared across both scPDA cohorts (Fig.
4C) and that were enriched in several relevant pathways (Fig. 4D). Pathways upregulated

in T-cells from tumors with cell-associated bacteria included PD-1 signaling, consistent
with our finding that individual tumors cells paired with bacteria also had increased

PD-1 signaling, and response to intracellular infection (both hypergeometric test, adjusted
p=0.04). Downregulated pathways included FOXO-mediated transcription and interferon
gamma signaling, consistent with these tumors having relatively fewer regulatory T-cells
(Fig. 4A, 4D). These results are consistent with recent reports that intra-tumoral bacteria
induce immune infiltration and antitumor responses (Pushalkar et al., 2018; Riquelme et al.,
2019).

The majority of PDA T-cells are predicted to have infection-related transcriptional profiles

The extensive bacteria-immune co-localization and association with immune-related
signaling in both scPDA cohorts suggests that the microbiome influences the PDA immune
response. We asked if we could determine the target of individual T-cells in the tumor
microenvironment. To do this, we constructed a random forest model to distinguish
between T-cells responding to known infections from those responding to other microbiome
poor tumors. First, we trained a model to classify T-cells as having either an infection
microenvironment reaction (IMER) or tumor microenvironment reaction (TMER) using
T-cells sampled from patients with sepsis (Reyes et al., 2020) or from tumors known to
have low microbiome burden based on profiling from TCGA (Poore et al., 2020) and
16S-rDNA-seq (Nejman et al., 2020). We then tested the model on >100,000 cells taken
from each of five cancer types with similarly known low microbiome burden and from
three datasets representing either bacterial or fungal infection or stimulation (Fig. 5A). The
model performed exceptionally well in classifying T-cell microenvironment reaction, i.e. it
accurately distinguished between T-cells with microbial vs. tumor stimulation (AUC=0.98,
Fig. 5B). Next, we used this model to identify IMER vs. TMER T-cells in scPDAL1 and
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2. The vast majority of T-cells in both PDA cohorts were classified as having an IMER
pattern (scPDAL: 90% IMER; scPDA2: 92% IMER; Fig. 5C). This result indicates that

T cells in PDA are transcriptionally more similar to T-cells from microenvironments with
infection rather than the other tumors used in model testing (Fig. 5A). This finding suggests
an explanation as to why pancreatic tumors have high levels of inflammation and respond
poorly to immune therapy (Feng et al., 2017).

Microbiome characteristics stratify patient survival

Finally, we investigated whether intra-tumoral microbial signatures correlated with overall
survival. Since a large single-cell PDA cohort with survival data currently does not exist,
we developed a model that classified tumors with and without cell-associated bacteria
based on their bulk mMRNA expression and then used this model to predict infection status
in pancreatic tumors from TCGA (Raphael et al., 2017), International Cancer Genomics
Consortium (ICGC) (Hudson (Chairperson) et al., 2010), and CPTAC (Cao et al., 2021).
Briefly, we first created pseudo-bulk gene expression profiles from the scPDA cohorts by
summating gene counts across all cells in a sample. We identified the most differentially
expressed genes (7LL1, CHRDL1, PSCA, DKK1, KLRC2, MEOX1, ADAMTS5) between
tumors with and without cell-associated bacteria and used them to develop a gradient-
boosted tree model to classify bacterial status. The model accurately distinguished between
tumors with or without cell-associated bacteria in both scPDA1 and 2 (Fig. 5D). We

then used the model to predict the infection status in TCGA, ICGC, and CPTAC PDA
tumors and tested the relationship with patient survival using univariate Cox proportional
hazards models. In TCGA and ICGC, presence of predicted cell-associated bacteria was
associated with significantly decreased overall survival (TCGA: Hazard Ratio [HR] = 2.1,
95% Confidence Interval [CI]: 1.4-3.6, p = 0.006; ICGC: HR = 1.5, 95% CI: 1.1-2.0, p =
0.019; Fig. 5E). The same trend was observed in the CPTAC dataset, although with a smaller
effect size and sample size (HR = 1.3, 95% CI: 0.8-2.3, p = 0.35). These results collectively
suggest that the tumor microbiome may have clinical relevance in a subset of pancreatic
cancer patients.

Discussion

In this work, we used SAHMI to analyze tumor-microbiome interactions at single-cell
resolution in two independent pancreatic cancer studies. Our findings are validated by
consistent observations in both of datasets as well as corroboration with other PDA cohorts
sequenced using four differing technology platforms. We demonstrated the systematic
detection of relevant gastrointestinal tract microbes in these tissues and the exclusion

of contaminants and false positives. Further, we identified host cell-associated bacteria

in a subset of tumors and their near absence in normal pancreas tissues. These cell-
associated bacteria paired with most cell types identified in the single-cell analyses

but were dominantly localized to tumor cells. Their presence associated with cell-type
specific cancer-related processes, including cell motility, extracellular matrix interaction,
complement cascade, and PD-1 signaling. Our T-cell microenvironment reaction model
predicted that the majority of PDA T-cells have infection-related transcriptional responses.
Finally, we developed a model to predict a tumor’s infection status; model predictions
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indicate that patients with tumors with cell-associated bacteria have significantly decreased
survival. In total, our results provide evidence that intra-tumoral bacteria either reflect or
influence the trajectory of tumor growth; either possibility has clinical utility.

SAHMI detects microbial nucleic acids captured in single-cell experiments, but further
work is necessary to ascertain their cellular localization. A subset of microbes might be
“free” in the tissue microenvironment, intracellular, cell-surface-associated, or less likely,
introduced during sample preparation. We observed overall decreased microbial load and
nearly no cell-associated microbes in normal pancreatic tissues; this could possibly reflect
the high nuclease activity in acinar cells, the predominant cell-type in healthy pancreatic
tissue. That microorganisms may be intracellular seems surprising, but it is consistent with
electron-microcopy findings indicating the presence of primarily intracellular bacteria in
tumors (Nejman et al., 2020). Although we do not have imaging data from the two scPDA
studies analyzed in our manuscript, we find similar extent and types of interactions in

both studies. Furthermore, we found that bacteria-cell interactions occur only in a subset
of tumors, consistent with a recent report (Nejman et al., 2020), and are largely absent in
normal pancreas tissue. These observations provide evidence that bacteria-cell interactions
occur /n vivo. However, future studies using matched tumor and normal tissues will be
necessary to further address the specificity of cell-associated bacteria to tumors tissues
compared to the healthy pancreas.

It may seem surprising that sufficient microbial content is captured during SCRNA-seq
despite the resistance of microbial cell walls to the detergents used to lyse eukaryotic cells
and despite the lack of known microbial polyadenylation. However, when we previously
benchmarked SAHMI on multiple sScRNA-seq datasets of diverse tissue types and known
infections, we found that SAHMI successfully identified the known pathogen, and that
pathogen reads were significantly increased in infected samples in proportion to pathogen
load (Ghaddar et al., 2022). Several possibilities, as identified in the literature, may explain
the quantitative capture of microbial reads by scRNA-seq: (1) RNA capture could occur by
priming on internal adenine-rich sites (Hrdlickova et al., 2017), (2) prokaryotic transcripts
may have more polyadenylation than previously believed (Hajnsdorf and Kaberdin, 2018;
Maes et al., 2017), (3) microbes may alter their envelopes or become cell wall-deficient, akin
to L-form switching (Chikada et al., 2021; Mickiewicz et al., 2019; Nejman et al., 2020),
and (4) non-polyadenylated mammalian sequences such as those from noncoding genes or
regions far from the transcript 3’ end are routinely captured in sScCRNA-seq (Wang et al.,
2021). Additionally, the scientific and clinical utility of microbial analyses using poly-A
selected human RNA sequencing has been shown (Poore et al., 2020; Westermann and
Vogel, 2021). Understanding the origin and mechanism of capture of microbial sequences
in single-cell workflows is an important direction for future work. Nonetheless, given our
multiple validation analyses and findings identified only by using sScRNA-seq, we believe
that SAHMI represents a substantial advance in our ability to study host-microbiome
interactions.

Although we refrain from inferring causality from correlation, our observations generate
testable hypotheses regarding tumor-microbiome hologenomic evolution in which crosstalk
amongst microbes and tumor, immune, and stromal cells can potentially modulate
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tumorigenesis and anti-tumor responses. Tumors of long-term survivors of pancreatic cancer
produce neoantigens that share homology with microbial peptides (Balachandran et al.,
2017). Unlike in immunotherapy-responsive cancer-types, our data provide evidence that

a majority of infiltrating lymphocytes in PDA have transcriptional profiles resembling
T-cells in infection-associated microenvironments; this finding could help explain the

lack of efficacy of immune checkpoint inhibitors in PDA (Feng et al., 2017). If PDA-
infiltrating T-cells mostly display IMER, then tumor neoantigens with homology to
microbial peptides may increase susceptibility to anti-tumor immune responses. However,
microbiota in tumors, or tumors expressing microbial antigens, may also contribute

to the characteristic immunosuppression in PDA by attracting regulatory T-cells and

then polarizing macrophages toward immunosuppressive phenotypes (Pushalkar et al.,
2018; Vitiello et al., 2019). The relationship between tumor neoantigens with microbial
mimicry and anti-tumor responses may reflect an equilibrium balancing between immune
recognition and neoantigen expression dynamics. Overall, our observations regarding T-cell
global transcriptomic reactions have important implications for immunotherapy; differential
therapeutic targeting of IMER or TMER T-cells could have clinical utility. Mechanistic
studies will be needed to confirm or refute these possibilities.

Finally, the signature of cell-associated bacteria derived using SAHMI could predict patients
at risk of poor survival, consistent with the observations that antibiotic reductions of
bacterial numbers enhances gemcitabine efficacy in humans (Imai et al., 2019) and improves
PDA responses to checkpoint inhibitors (CPI) in mice (Pushalkar et al., 2018). Although
broad-spectrum antibiotic treatment has been associated with reduced response to CPI in
humans (Lurienne et al., 2020; Pinato et al., 2019a; Thompson et al., 2017), CPI response
can be influenced by microbiome composition (Pinato et al., 2019b) and microbial effects
can be modulated by microbial transfer (Gopalakrishnan et al., 2018; Routy et al., 2018;
Sivan et al., 2015). While our model predicts worse outcomes for infected tumors, others
have reported increased intra-tumoral bacterial diversity in long-term survivors of pancreatic
cancer (Riquelme et al., 2019). This dichotomy may reflect differences in technological
platforms (bulk mRNA/single-cell nRNA/16S rDNA) and sample processing (fresh/frozen/
formalin fixed paraffin embedded), or that only a subset of microbes promotes tumor
growth. As such, higher overall diversity may suppress the effects of the more pathogenic
subset and confer a survival advantage. Further studies will be necessary to resolve this
point.

Our observations at single cell resolution confirm many known tumor-microbiome
associations identified using bulk genomic data, model systems, or targeted experiments
(Aykut et al., 2019; Nejman et al., 2020; Poore et al., 2020; Pushalkar et al., 2018; Sethi
etal., 2019; Vitiello et al., 2019). Nonetheless, our study has important limitations. First,
although we took several /n silico measures to minimize contamination and low-quality data,
these cannot replace gold-standard microbiology practices, including sterile processing,
sterile-certified reagents, negative blanks of reagents, and multiple-sample pooling as
‘positive’ controls (Eisenhofer et al., 2019; Poore et al., 2020). While contaminants
should not drive paired comparisons from identically processed samples, they may limit
interpretation of smaller studies or inter-study comparisons. Second, our conservative
data processing filters select for microbial taxa that are broadly present, but they may
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eliminate individual-specific, region-specific, low-abundance, or difficult-to-detect taxa.
Third, nonspecific RNA capture may affect the rate of detection of specific taxa and impact
overall microbial profiles. Fourth, we cannot determine whether detected microbial nucleic
acids come from live, lysed, intra-, or extracellular microorganisms.

As with prior studies (Nejman et al., 2020; Poore et al., 2020) our data also do not establish
direct causal relationships between microorganisms and the tumor microenvironment, i.e.
whether microbes are oncogenic or pro-inflammatory, or whether they represent infections
of established tumors. We cannot assess the role of environmental exposure or prior medical
intervention (e.g. preoperative biliary stenting that maintains communication between the
small intestine and pancreas, or antibiotic use) in selecting the observed microbial profiles in
human samples. Additional studies will be necessary to directly test causation. Regardless,
SAHMI creates opportunities to examine patterns of human-microbiome interactions from
single-cell sequencing data without the need for additional experimental modifications,
generating testable hypotheses about host-microbiome relationships at multiple levels. This
framework is not tumor-specific and can be applied to study a variety of tissues and disease
states, as well as other infectious agents such as viruses, fungi, or helminths.

STAR METHODS
RESOURCE AVAILABILITY

Lead contact—*Further data and code requests should be directed to and will be fulfilled
by the Lead Contact, Subhajyoti De (subhajyoti.de@rutgers.edu)

Materials availability—This study did not generate new unique reagents

Data and code availability

. Single-cell RNA-seq, whole genome sequencing, and total RNA-seq data are
deposited to dbGaP: phs003035.v1. Processed single-barcode microbiome data
can be accessed via https://github.com/sjdlabgroup/SAHMI. Publicly available
datasets are available via their respective accession codes (scPDAL: GSA:
CRAO001160, scPDA2: dbGaP: phs002071). Accession numbers are listed in the
Key Resource Table.

. Benchmarking of SAHMI is fully described in (Ghaddar et al., 2022).
SAHMI source code, examples, and user-guides are available via https://
github.com/sjdlabgroup/SAHMI under release SAHMI v1.0 and DOI: 10.5281/
zenodo.7017103. DOls are also listed in the Key Resource Table.

. Any additional information required to reanalyze the data reported in this work
paper is available from the Lead Contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Deidentified human tumor and non-malignant tissue samples subjected to genomic profiling
were collected with written informed consent and ethics approval by the Rutgers Cancer
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Institute of New Jersey Institutional Review Board under protocol no. Pro2019002924 (PI:
De). Patient metadata for these samples are available in Table S1.

METHOD DETAILS

SAHMI pipeline for detection and denoising of microbial sequences from
scRNA-seq data—SAHMI (Single-cell Analysis of Host-Microbiome Interactions) is a
statistical pipeline to identify true microbes and denoise contaminants and false positives
from scRNA-seq of mammalian host tissues. We previously reported the full details and
benchmarking of SAHMI (Ghaddar et al., 2022). This manuscript details the first application
of SAHMI to study the tumor microbiome. We summarize key analytical components here.

Metagenomic classification of sScRNA-seq data.: SAHMI is relies on the output of existing
taxonomic classifiers. While it is designed to build on the output of Kraken2Unig, the
pipeline is applicable for any k-mer based classifier. It is essential that at this step that host
reads are excluded or accounted for either prior to or during metagenomic classification
(Ghaddar et al., 2022).

k-mer correlation test selects for true microbes.: SAHMI selects for true taxa by
analyzing four correlations, as these are all shown to be strongly positive for true species.
These are the correlations between (1) total number of minimizers (maximally informative
k-mer groupings utilized by Kraken) vs. the number of unique minimizers across samples

in a study, (2) the total number of minimizers vs. total number of reads across samples in a
study, (3) the total number of reads vs. the number of unique minimizers across samples in
a study, and (4) the total number of k-mers vs. the number of unique k-mers across barcodes
in an individual sample. While minimizers are computationally more efficient than k-mers,
in the absence of minimizer data the same metrics can be computed for k-mers.

Cell-line quantile test identifies contaminants and false positives.: the cell-line test is
based on the pattern that contaminants appear in higher frequencies in negative control
samples. In the absence of matched controls, cell line microbiome data can serve as a
substitute, as any taxa detected in these are contaminants or false positives. SAHMI includes
a microbiome reference from publicly available RNA-seq data for >2500 samples involving
>1500 healthy and diseased human cell lines from >400 data providers from around the
world. For each taxon in a test sample, SAHMI compares the fraction of microbiome reads
assigned to the taxon [i.e. taxon counts/sum(all bacterial, fungal, viral counts), in reads

per million] to the microbiome fraction assigned to the taxon in all cell line experiments.
SAHMI tests whether the taxon microbial fraction in the test sample is greater than the 95t
percentile (by default) of the taxon’s microbiome fraction distribution in cell line data using
a one-sample quantile test.

Quantitation of microbes and joint analysis with somatic data.: Given a list of taxa to
keep, SAHMI filters, extracts, and demultiplexes the relevant reads (Ghaddar et al., 2022).
Parent classifications of each cell barcode’s microbiome is performed. A taxa by barcode
matrix can be constructed at the desired resolution, and sparse barcodes can optionally be
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filtered. The scRNA-seq cellular barcodes can be used to pair microbes to somatic cells.
Downstream analyses can occur at the sample or barcode level.

Cohort selection and metagenomic classification—This study primarily analyzed
data from two scRNA-seq datasets: scPDA1 (Peng et al., 2019) and scPDA2 (Steele et al.,
2020). scPDAL1 contained data for 24 human pancreatic ductal adenocarcinomas (PDA) and
11 control pancreas tissues. SCPDA2 contained data for 17 PDA tumor samples and 3 normal
pancreas tissues. In both studies, normal tissues came from patients with non-pancreatic
tumors or nonmalignant pancreatic lesions. All analyses from this study were replicated

in these two independent cohorts. All tumor and non-malignant pancreas data from both
studies were included. There was no randomization or blinding or blinding during data
analysis and sample size estimation or power computations were not applicable. All tissues
were obtained during pancreatectomy or pancreatoduodenectomy (Table S1). The samples
were checked for batch effects at the levels of sample and somatic cell type clusters. The
cohorts had 100-1000 million reads per sample, of which a substantial proportion did

not map to the human genome, and these reads were used for metagenomic analyses. We
also obtained data on microbial genera classified from bulk-RNA sequencing of pancreatic
adenocarcinoma (PAAD) from TCGA (Poore et al., 2020) (selecting counts and normalized
expression values of TCGA genera passing all decontamination steps), and genera classified
from 16S-rDNA sequencing of pancreatic cancer in a recent large-scale study (Nejman et
al., 2020) (normalized expression of genera passing all filters except the multi-study filter).
Metagenomic classification was done using Kraken2Uniq (Breitwieser et al., 2018; Wood et
al., 2019) with the RefSeq bacterial, fungal, and viral databases.

In-house patient samples, 16S-rDNA-seq, and experimental details—Biopsy
samples were obtained for patients undergoing surgery for pancreatic ductal adenocarcinoma
at Rutgers Robert Wood Johnson University Hospital and the University of Rochester
Medical Center under an IRB approved protocol. Tumor tissue was minced and
subsequently dissociated by enzymatic digestion (200 units/ml Collagenase type I, 60
units/ml hyaluronidase, and 100 ug/ml DNAse I, dissolved in DMEM media without
serum) for 30 min at 37°C. Single cell suspensions were made by passing the digested
tissue through a 100 um filter. Recovered cells were centrifuged at 500xg for 5 minutes

and washed with Phosphate-buffered saline (PBS) containing 0.5% bovine serum albumin
(BSA). Washed cells were pelleted. To eliminate red blood cells (RBC), cell pellets were
resuspended in ACK lysing buffer (Thermofisher/Gibco) for 5 minutes at room temperature,
and then pelleted. Cells were again washed in PBS/0.5% BSA, pelleted, and finally
resuspended in PBS/0.5% BSA. For FACS isolation of CA19+ cells, cells were treated with
a rabbit monoclonal antibody against CA19 (Novus NBP2-54585), which was conjugated to
APC. The antibody treatment was for 30 minutes at room temperature, and then cells were
pelleted by microcentrifugation at 500xg for 5 minutes. After washing in PBS/0.5%BSA
and repelleting, the cells were resuspended in PBS/0.5%BSA. DAPI was added to indicate
viability. For the Rutgers University sample, FACS was performed at the Rutgers Cancer
Institute of New Jersey using a BD Biosciences Influx High Speed Cell Sorter, and
scRNAseq was performed by Genewiz (Piscataway, NJ). For the Rochester sample, FACS
was performed at the University of Rochester Medical Center using a BD FACSAria Il, and
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scRNAseq was performed by the Genomics Research Center at the University of Rochester
Medical Center.

Tumor DNA was extracted from tissue sample using Qiagen Genomic-tips and

Qiagen blood and cell culture DNA mini kit. Briefly, tissue sample was minced and
homogenized mechanically using Qiagen TissueRuptor 11 in lysis buffer, supplemented
with Qiagen Proteinase K and incubated overnight at 50 °C. Thereafter, genomic

DNA was purified following QIAGEN Genomic-tips procedure according to the
manufacturer’s instructions. DNA yield was determined fluorometrically using the High
Sensitivity dsDNA kit (Invitrogen) on Qubit 3.0 Fluorometer and DNA purity was
estimated spectrophotometrically by measuring absorbance on QuickDrop (Molecular
Devices).Sequencing libraries were generated by Novogene with library size of 350 bp.
Whole-genome sequences of samples were generated onNovaseq PE150 platform by
Novogene using paired-end sequencing strategy (2x150 bp) at a depth of 90 G raw data per
sample. Microbiome calling from whole genome sequencing data was done using Kraken?2
with the RefSeq bacterial, fungal, and viral databases.

For 16S Amplicon Metagenomics sequencing, DNA was extracted from tissue samples
using QlAamp Fast DNA Tissue Kit (Qiagen) and for mRNA sequencing, RNA was
extracted from tissue samples using RNeasy Mini Kit (Qiagen) according to the
manufacturer’s instructions. DNA and RNA yield was determined fluorometrically using
the High Sensitivity dsDNA kit (Invitrogen) and RNA High Sensitivity kit (Invitrogen)
respectively on Qubit 3.0 Fluorometer and purity was estimated spectrophotometrically by
measuring absorbance on QuickDrop (Molecular Devices). For Amplicon Sequencing PCR
amplification on target regions (amplicons), sequencing libraries preparation and sequencing
was performed by Novogene. Novaseq 6000 PE250 platform was used to sequence the
library with 0.05 M raw reads per sample. Library preparation and sequencing for mRNA
sequencing was performed by Novogene using NovaSeq PE150 platform with 6 G raw data
per sample.

Metagenomic denoising and benchmarking analyses—We validated the scPDA1-2
microbiome by multiple methods. First, we implemented the k-mer correlation tests and
kept genera and species that had positive correlation values in all metrics with p<0.001 in
both scPDA1 and 2. We also filtered for taxa with >100 reads per million Kraken-classified
microbiome reads, >100 total reads, >1000 unique minimizers, >100 cell-associated counts.
Second, we used the cell-line test to identify contaminants and false positives and kept

only genera and species present at a level >95™ percentile of what is found in the

cell line negative control reference. Third, for reads resolved to the species level, we

used STAR to align reads to their respective genome. STAR (Dobin et al., 2013) was

used with the following parameters: alignintronMax=1, outFilterScoreMinOverLread=0.1,
outFilterMatchNminOverLread=0.1. Biomartr was used to retrieve reference genomes
(Drost and Paszkowski, 2017). The fraction of reads mapped reported includes uniquely
mapped and multi-mapped reads. Fourth, for denoised microbiome reads, we utilized a third
RNS-seq mapper, Salmon (Patro et al., 2017), to map tumor and microbiome reads to the
human genome. Salmon was run with the default parameters and minScoreFraction=0.8.
Fifth, we utilized the MBodyMap (Jin et al., 2022) to compute body-site enrichment scores
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for the scPDA microbiome. We defined a body-site enrichment score for each body site
(ESbody—site) as:

psbody site _ ZzggyDgtéaxa relative abundance N median(relative abundance )scPD A taxa
thl)ldt;?ge relative abundance Zzé[dl)??ge relative abundanceg)] taxq

To calculate enrichment score probability values, we randomly shuffled the body-site label
100 times and recalculated the enrichment scores. P-values comparing the true vs. shuffled
enrichment scores were calculated using one-sample Wilcoxon test. Sixth, we compared
total genus counts in scPDA1-2 to genus counts from other PDA studies sequenced with
different technologies. These included genera classified from bulk-RNA sequencing of the
TCGA pancreatic cancer (TCGA-PAAD)(Poore et al., 2020), from 16S-rDNA sequencing of
pancreatic cancer (Nejman et al., 2020), and our in-house 16S and total RNA-seq samples.
Spearman correlations were run comparing total genus counts across all studies for pairwise
complete genera. Seventh, we compared the overlap in detected genera between scPDA

and other tissue not expected to have a similar microbiome. We analyzed scRNA-seq data
from patient samples with the following clinically verified infections: Mycobacterium leprae
(skin)(Ma et al., 2021), Helicobacter pylori (stomach)(Zhang et al., 2019b), and severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2, bronchoalveolar lavage fluid)(Liao et
al., 2020), in addition to data from scRNA-seq experiments with the following pathogens
introduced: Candida albicans (human PBMCs)(Mufioz et al., 2019), Salmonella enterica
(human PBMCs)(Saliba et al., 2016), and human alpha herpesvirus 1 (human PBMCs)
(Wyler et al., 2019). The overlap coefficient of any genera between two sets was calculated
as overlap (X, Y) = intersect(X, Y)/min(]X|, | Y]).

scRNA-seq data processing—All scRNA-seq data processing was done using Seurat
(Stuart et al., 2019) with default parameters. In brief, data were TP10K normalized per
cell and 2600 highly variable genes common to scPDAL and 2 were identified using

the FindVariableGenes function. Principle component analysis was performed separately
using this data and uniform manifold approximation and projection plots were created
using the first 50 principle components and default parameters. Cell-type annotations for
scPDAL were used from the original study. For scPDA2, Louvain clustering of cells with a
resolution parameter of 0.5 was done using the top 50 principle components. Differentially
expressed genes per cluster were identified via Wilcoxon testing as implemented in the
FindAllMarkers function from Seurat. Cell-types were subsequently annotated by examining
differentially expressed genes in each cluster. For the merged T-cell analysis, batch
correction was done using the Seurat “Integration” method with default parameters, i.e. by
identifying common variable genes across both datasets, identifying integration ‘anchors’,
and running the IntegrateData function.

Association between microbes and cells, cellular processes, and diversity—
Associations between microbes and cells was done using the FindAllMarkers function from
Seurat testing for the relationship between normalized bacterial counts and cell-type pairing.
All differential gene expression was done using the Seurat FindAllMarkers function with
default parameters. Reactome pathway analysis was done using ReactomePA (Yu and He,
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2016) with default parameters. Transcriptome diversity was computed for each cell using
its cell-type’s top 500 most variable genes (FindVariableFeatures function). Diversity values
were computed using the vegan package (https://github.com/vegandevs/vegan) and were
compared across cell-types using Wilcoxon tests. Validation of bacteria-gene associations
was done using the TCGA pancreatic cancer cohort (Poore et al., 2020). The bacterial
genera and genes that had significant associations in both scPDA1-2 were subsetted from
the TCGA RNA and microbiome datasets. Spearman correlations between these gene and
genera in TCGA were computed and the number of significant correlations that were
consistent with the associations found in scPDA1-2 was recorded. This was repeated 100
times for subsampled data vs. sample-label shuffled data, and the distributions of the
numbers of scPDA-TCGA shared associations were compared using Wilcoxon tests.

T-cell microenvironment reaction analysis—A random forest model was trained
and validated to classify IMER vs TMER T-cells based on their gene expression

profiles. The model was trained using single-cell RNA sequencing data of T-cells isolated
from peripheral blood mononuclear cells from patients with bacterial sepsis (https://
singlecell.broadinstitute.org/single_cell; SCP548) or from primary lung adenocarcinomas
(E-MTAB-6149), which were previously shown to have low microbiome burden(Nejman
et al., 2020; Poore et al., 2020). Processed gene expression data were analyzed using
Seurat(Stuart et al., 2019); cells were clustered based on transcriptomic profiles, and T-cells
were identified using known markers(Nirmal et al., 2018). The FindAllMarkers function
from Seurat was used to identify ~500 genes differentially expressed in T-cells from lung
cancer and sepsis patients. We subsampled 1000 T-cells from each study and used the
rank order of the ~500 differentially expressed genes to train a random forest model to
classify tumor-reactive or microbe-reactive T-cells. We then validated the model using the
remaining T-cells from the lung cancer and sepsis studies, as well as 6 other datasets

with either known microbial stimulation or cancer with low-microbiome burden: bladder
cancer (GSE149652), melanoma (GSE120575), glioblastoma (GSE131928), pilocytic
astrocytoma (SCP271), Salmonella stimulation (GSM3855868), and Candida stimulation
(https://egtlgen.org/candida.html). Given the model’s exceptional accuracy in classifying
over 100,000 T-cells from new datasets, we used it to predict T-cell microenvironment
reaction from the two scPDA cohorts.

Survival modeling—Samples were divided into two groups based on presence (100-
10,000 counts) or absence (<100 counts) of cell-associated bacteria. Next, for both scPDA
cohorts, pseudo-bulk expression profiles for each sample was created by summing the read
counts for each gene across all cells, and a Wilcoxon test was used to identify differentially
expressed genes (p<0.0001) between samples with or without cell-associated bacteria.

The resulting sample by gene data was used to train a gradient boosted tree classifier
(Chen and Guestrin, 2016) to predict presence or absence of cell-associated bacteria using
the following parameters: eval_metric = ‘auc’, num_class = 2, colsample_bynode=0.5,
colsample_bytree=0.5. This model was then used to predict microbiome diversity in the
TCGA, ICGC, and CPTACS3 pancreatic cancer cohorts based on their gene ranks. We
stratified patients by their predicted cell-associated and used the survminer package (https://

Cancer Cell. Author manuscript; available in PMC 2023 October 10.


https://github.com/vegandevs/vegan
https://singlecell.broadinstitute.org/single_cell
https://singlecell.broadinstitute.org/single_cell
https://eqtlgen.org/candida.html
https://github.com/kassambara/survminer/

1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ghaddar et al. Page 19

github.com/kassambara/survminer/) to test the relationship with survival and to plot Kaplan-
Meier curves.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were performed using R version 3.6.1 (https://www.r-project.org/).
All p-values were false-discovery rate (fdr)- corrected for multiple hypothesis using the
p.adjust function with method= “fdr”, unless otherwise stated. The ggpubr package (https://
github.com/kassambara/ggpubr) was used to compare group means with nonparametric tests
and to perform multiple hypothesis correction for statistics that are noted in figures. P-values
reported as <2.2x10716 result from reaching the calculation limit for native R statistical test
functions and indicate values below this number, not a range of values. Data processing
relied heavily on the Tidyverse v1.3.2 R packages (https://www.tidyverse.org/).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights
. SAHMI enables systematic microbial detection from single-cell sequencing
. A subset of tumors and no normal tissues have somatic-cell associated
bacteria
. Bacteria associate with cancer hallmarks and immune activity
. Presence of cell-associated bacteria predicts worse prognosis
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Figure 1. Detection and validation of the PDA microbiome.
(A) Study design. See also Table S1. scRNA-seq, single-cell RNA sequencing; KCT, k-

mer correlation tests; CLQT, cell line quantile test (B) Scatter plots showing microbial
genus and species counts correlations from pancreatic tumor sequenced with different
technologies. Blue dashed line, line of best fit; Spearman correlation test; WGS, whole
genome sequencing. (C) Stacked bar plot showing the classification of reads from scPDA1-2
by SAHMI. (D). Scatter plot of the k-mer correlation tests for all detected species in
scPDAL-2. Each point represents a species. x-axis, species Spearman correlation value
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between the number of total vs. unique k-mers assigned to a given species across samples;
y-axis, Spearman correlation value between the number of total vs. unique k-mers assigned
to a given species across barcodes. True species have significant correlations in both
measures. (E) Example normalized counts density plots comparing reads per million for
select species in detected in scPDA1-2 to the same species detected in thousands of cell-line
experiments that serve as a negative control. The left three plots are species detected

above the contamination and noise threshold. The right three plots are contaminants. (F)
Overlaid histograms of genome mapping positions of reads resolved to the species level in
scPDAL-2 showing that reads map to locations throughout their respective genome. Each
color represents an individual species. Mapping positions are scaled per species. See also
Fig. S1B. (G) Boxplots comparing the percent of reads mappable to the human genome for
all reads vs. microbiome reads. Boxplots show median (line), 25t and 75t percentiles (box)
and 1.5xIQR (whiskers). Points represent outliers; Wilcoxon testing. (H) Bar plot indicating
the body location enrichment score for the genera identified in sScPDA1-2. (1) Heatmap of
Spearman correlations of bacterial genus counts from pancreatic tumor from multiple studies
and sequencing technologies. RNA-seq(14) and 16S-rDNA-seq(14), 14 in-house samples
sequenced with total RNA-seq and 16S-rDNA-seq; WGS(4) and scRNA-seq(4), 4 in-house
samples profiled with single-cell RNA and whole genome sequencing. 16S, pancreas tumors
from (Nejman et al., 2020).; TCGA, pancreas tumor from (Poore et al., 2020). (J) Boxplot
showing overlap coefficients comparing genera from scPDA1-2 to genera from other PDA
studies (green) or from other tissue types and diseases (blue). Boxplots are as in (G);
Wilcoxon testing. See also Figure S1 and Table S1.
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(A) Boxplots showing the number of unique k-mers assigned to each genus detected in

scPDA1-2. Boxplots show median (line), 25t and 75™ percentiles (box) and 1.5xIQR
(whiskers); points represent outliers. (B) Boxplots (top: scPDA1, bottom: scPDA2)
comparing the total number of bacterial counts per sample in T (tumor) vs. N (normal)
samples. Boxplots as in (A). (C) Profiles of cell-associated bacterial counts in scPDA1 and
2. Stacked bar plots showing the number of counts and genus composition for each sample.
K, thousand; T, tumor samples; N, normal samples. (D) Uniform manifold approximation
and project (UMAP) plots of host somatic cells for scPDAL (n=57,530 cells) and sScPDA2
(n=59,473 cells). Clusters are labeled by cell type. Cells are colored yellow (scPDA1) or
green (scPDA?) if they share a barcode with bacteria. (E) Bar plots of the number of
bacterial counts associated with each cell type in sScPDA1-2. (F) Circos-plot of significant
(p<5e-3) bacteria-cell-type enrichments identified at the single-barcode level by Wilcoxon
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testing and shared in scPDA1-2. Ribbon width correlates with enrichment strength. (G)
Bar plots showing the adjusted Wilcoxon p-value comparing the transcriptional diversity of
bacteria-associated cells to unassociated cells for each cell type. See also Figure S2.
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Figure 3. Bacteria associate with cell-type specific activities.
(A) Volcano plots for bacteria-cell-type specific gene associations. Wilcoxon tests are run

comparing gene expression values between somatic cells with or without co-localized
bacteria. X-axis, average log2 fold change in normalized expression in cells with vs.
without co-localized bacteria. Y-axis, Wilcoxon test FDR-corrected p-value. Color is scaled
to point density, black=low, yellow=high. (B) Bar plot showing the number of significant
gene-bacteria pairs per cell type for significant pairs shared by scPDA1-2. Significant genes
are were identified as having an FDR-corrected p-value<0.05 in the analysis from Fig. 3A
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and the a fold change in the same direction in scPDAL and 2. (C) Ranked scatter plot
showing the number of times each significant gene was differentially expressed, either with
different bacteria or in different cell types. Significant genes were identified as in the same
manner as in Fig. 3A-B. (D) Boxplots comparing gene expression values in cells with (+)
or without (-) a specific co-localized bacterial genus. Boxplots show median (line), 25t
and 75t percentiles (box) and 1.5xIQR (whiskers); points represent outliers; ‘x” denotes
the mean value. (E) Dot plot showing the Reactome pathways enriched by the differentially
expressed genes shared by scPDA1-2. Dots are colored by cell-type and size-scaled by
p-value. Data is shown for pathways with FDR-corrected p<0.05 (hypergeometric test). (F)
Boxplot comparing the number of shared bacteria-gene associations between scPDA1-2 and
TCGA data. Associations are calculated from subsampled and sample-label shuffled data.
Wilcoxon testing. See also Table S2 and Table S3.
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Figure 4. T-cell subtypes in tumors with cell-associated bacteria.
(A) Uniform manifold and projection (UMAP) plots of T-cells from scPDA1 and 2 after

batch correction. Left: colored by study; middle: colored by major T-cell subtype; right:
colored by the presence of absence of cell-associated bacteria in the same tumor sample.
Table: counts of T-cell subtype in tumors with or without cell-associated bacteria. (B)
Uniform manifold approximation and project (UMAP) plots of batch-corrected T-cell data
from scPDA1 and 2 colored by normalized expression of selected T-cell subtype markers.
(C) Significantly differentially expressed genes shared in scPDA1-2 (Wilcoxon tests) in
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T-cells from tumors with or without cell-associated bacteria. Bar length represents the mean
log2(Fold change). (D) Reactome pathway enrichment for the differentially expressed genes
from (C). See also Figure S2.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Antibodies

Rabbit monoclonal anti-CA19-9 clone Novus Cat#NBP2-54585APC
CA19.9/1390R

Biological samples

Fresh human tumor samples This paper See deposited data section
Chemicals, peptides, and recombinant proteins

Collagenase Gibco Cat#17100-017

DNasel Sigma Cat#DN25

Hyalaronidase Sigma Cat#H3506

ACK lysing buffer Gibco Cat#A10492-01

Critical commercial assays

Qiagen blood and cell culture DNA mini kit Qiagen 13323

QlAamp Fast DNA Tissue Kit Qiagen 51404

RNeasy Mini Kit Qiagen 74104

High Sensitivity dsDNA kit Invitrogen Q32851

RNA High Sensitivity kit Invitrogen Q32852

Deposited data

Genomic data This paper dbGaP: phs003035.v1
Processed data This paper https://github.com/sjdlabgroup/SAHMI

scPDA1 scRNA-seq counts data

Peng et al., 2019

GSA: CRA001160

scPDA2 scRNA-seq counts data

Steele et al., 2020

dbGaP: phs002071

TCGA microbiome genus level summarized
read counts

Poore et al., 2020

ftp://ftp.microbio.me/pub/
cancer_microbiome_analysis/

16S rDNA-seq of pancreatic tumors

Nejman et al., 2020

DOI: 10.1126/science.aay9189

TCGA PAAD normalized bulk RNA-seq and
clinical data

Raphael et al., 2017

https://tcga-data.nci.nih.gov/docs/publications/

ICGC pancreatic cancer normalized bulk
RNA-seq and clinical data

Hudson et al., 2010

https://dcc.icgc.org/repositories

CPTAC3 pancreatic cancer normalized bulk
RNA-seq and clinical data

Caoetal., 2021

dbGaP: phs001287.v1.pl

scRNA-seq of normal pancreas tissue

Baron et al., 2016

GEO: GSE84133

Software and algorithm

SAHMI (v1.0) This paper, and Ghaddar et al. 2022 | https://github.com/sjdlabgroup/SAHMI DOI: 10.5281/
zeno0do.7017103

R (v3.6.1) R CRAN https://www.r-project.org/

Kraken2Uniq (v2)

Wood et al., 2019

https://github.com/DerrickWood/kraken2

STAR (v2.7.3)

Dobin et al., 2013

https://github.com/alexdobin/STAR

Salmon (v1.9.0)

Patro et al., 2017

https://github.com/COMBINE-lab/salmon

Seurat

Stuart et al., 2019

https://cran.r-project.org/web/packages/Seurat/
index.html

Tidyverse (v1.3.2)

R CRAN

https://www.tidyverse.org/
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REAGENT or RESOURCE SOURCE IDENTIFIER

clusterProfiler Yuetal., 2016 https://guangchuangyu.github.io/software/
clusterProfiler/

ReactomePA Yuetal., 2016 https://yulab-smu.top/biomedical-knowledge-mining-
book/reactomepa.html

Survminer R CRAN https://github.com/kassambara/survminer

RTCGA Bioconductor https://www.hioconductor.org/packages/release/bioc/

htmI/RTCGA.html
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