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ABSTRACT
Intrahepatic cholangiocarcinoma (ICC) is a rare malignancy with a high prevalence in China. This 
study aimed to characterize the ICC tissues’ bacterial metagenomics signature and explore its 
antitumor potential for cancer. In this study, 16S rRNA sequencing was carried out on 99 tissues 
to characterize the features of intratumoral microbiota, followed by single-cell RNA sequencing 
(scRNA-seq) and multilevel validation. The presence of microbial DNA in tissues was determined 
using staining, fluorescence in situ hybridization (FISH), and transmission electron microscopy 
(TEM). A Gram-positive aerobic bacterium, identified as Staphylococcus capitis, was cultured from 
fresh tissues. Meanwhile, scRNA-seq showed that intratumoral bacteria could be present in multiple 
cell types. Using 16S rRNA sequencing, we identified a total of 2,320,287 high-quality reads 
corresponding to 4,594 OTU (operational taxonomic units) sequences. The most abundant bacterial 
orders include Burkholderiales, Pseudomonadales, Xanthomonadales, Bacillales and Clostridiales. 
Alpha and Beta diversity analysis revealed specific features in different tissues. In addition, the 
content of Paraburkholderia fungorum was significantly higher in the paracancerous tissues and 
negatively correlated with CA199 (Carbohydrate antigen199) levels. The results of in vitro and 
in vivo experiments suggest that P. fungorum possesses an antitumor activity against tumors. 
Metabolomics and transcriptomics showed that P. fungorum could inhibit tumor growth through 
alanine, aspartate and glutamate metabolism. We determined the characteristic profile of the 
intratumoral microbiota and the antitumor effect of P. fungorum in ICC.
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Introduction

Cholangiocarcinoma (CHOL) is a kind of malig
nant tumor occurring in the biliary system of the 
liver due to carcinoma of the biliary epithelium, 
which has less incidence than hepatocellular carci
noma (HCC)1. As a common type of CHOL, intra
hepatic cholangiocarcinoma (ICC) has a high 
incidence in China and Southeast Asia, with the 
disease having a degree of high malignancy and 
poor prognosis.

Recent studies have found that human commen
sal microbes are closely associated with complex 
diseases such as mental disorders,2 cardiovascular 
diseases,3 and tumors.4 Studies have shown the 

significance of that intestinal microbiota in main
taining the intestinal mucosal barrier and promot
ing the development and maturation of the 
immune system.5,6 An association exists between 
melanoma patients with different gut microbial 
compositions and different treatment outcomes.7 

Microbial communities have been shown to para
sitize the human liver and bile ducts, and they can 
affect liver metabolism, immune environment, and 
disease status.4,8 Clinical studies have found that 
intestinal microbiota imbalance is associated with 
the progression of nonalcoholic steatohepatitis 
(NASH) and cirrhosis.9–11 Another study reported 
that the intestinal microbiota and a functional Toll- 
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like receptor 4 (TLR4), are required for hepatic 
fibrogenesis.12 Both clinical and animal studies 
have shown that microbial communities can stimu
late hepatic inflammatory responses and liver fibro
sis and induce IL-6 production, which in turn 
promotes the development of liver tumors.13 

However, relatively few studies have been con
ducted on the relationship between microorgan
isms and bile duct cancer. Epidemiological studies 
have shown that Helicobacter pylori in bile is a risk 
factor for increased risk of bile duct cancer.14 

H. pylori located in the biliary tract can activate 
the NFKB signaling pathway, increase the tran
scriptional expression of vascular endothelial 
growth factor, and promote tumor angiogenesis.15 

Therefore, a good understanding of how intrahe
patic microbiota influences the development, pro
gression and treatment of liver and bile duct disease 
deserves further investigation.

With the development of metagenomic technol
ogy, researchers have discovered many novel 
microbial taxa in different environments. 
Metagenomic sequencing technology has a wide 
range of promising applications in clinical diag
nosis, such as metagenomic sequencing of stool or 
blood samples to diagnose infectious diseases and 
malignant tumors.16 A team of Israeli scientists 
found that in tumors such as brain, bone, and 
breast cancers, bacteria are present in most tumors 
and their adjacent normal tissues, and different 
types of tumors even have their unique commu
nity structure. However, whether and how 

bacteria within tumor cells contribute to tumor
igenesis, progression, and response to treatment 
requires further in-depth study.17 Several 
researchers have studied the microbiome of tissues 
from patients with bile duct cancer associated with 
Schistosoma haematobium, but they have not 
further explored the biological functions of bac
teria in the tissues.18

In this study, we sequenced 16S rRNA from the 
tissues of ICC patients and quantified the bacteria 
in the tissues of ICC patients using computational 
biology methods. Meanwhile, the presence of intra
cellular bacteria in bile duct cancer tissues was 
verified by bacterial culture and transmission elec
tron microscopy (TEM) experiments. Moreover, 
we verified the biological function of 
Paraburkholderia fungorum via in vitro and 
in vivo experiments, and omics data demonstrated 
that it may affect tumor growth by participating in 
amino acid metabolic pathways. All in all, our study 
provides a comprehensive overview of the micro
biome with confirmation of the anti-tumor effects 
of bacteria and suggests potential approaches for 
ICC therapy.

Results

We collected 94 clinical samples (42 paired tumor 
(T) and paracancerous (P) tissues, plus unpaired 3 
tumor tissues and 7 paracancerous tissues) from 52 
ICC patients. The clinical and biochemical features 
of ICC patients are presented in Table 1.

Table 1. Clinical information of ICC patients enrolled in 16S sequencing.
clinical factor Sample Information Statistics

Patients ICC (n = 52)
T/N/M Staging II (n = 32), III (n = 18), III (n = 2)
Alpha-fetoprotein (AFP) 5.9 ± 12.6
Albumin (albumin) 43.1 ± 3.5
Total bilirubin (TBil) 13.5 ± 7.7
Alanine aminotransferase (ALT) 48.0 ± 91.0
Gamma-glutamyl transferase (GGT) 140.9 ± 221.2
Glycoantigen 199 (CA19-9) 953.6 ± 1841.7
White blood cells (WBC) 6.9 ± 2.8
Hepatitis B virus surface antigen (HBsAg) + (n = 12), – (n = 40)
Hepatitis B virus surface antibody (HBsAb) <2.0 (n = 21), >2.0 (n = 31)
Hepatitis B virus e antigen (HBeAg) + (n = 0), – (n = 52)
Hepatitis B virus e antibody (HBeAb) + (n = 28), – (n = 24)
Hepatitis B virus core antibody (HBcAb) + (n = 41), – (n = 11)
Hepatitis B virus (HBV-DNA) +(n = 6), – (n = 46)
Hepatitis C virus antibodies (HCVAb) +(n = 0), – (n = 52)

Numerical information is expressed as average ± stdev; +, positive; -, negative; n in 
parentheses is the number of cases.
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16S rRNA sequencing reveals distinct microbiome 
features in ICC patients

To remove the interference of contaminating bac
teria introduced during the experimental manipula
tion, negative controls were used in the DNA 
extraction and PCR amplification process. By ana
lyzing the 16S rRNA sequencing data, we found that 
the negative control samples contained a variety of 
bacteria (Supplementary Table S1; Supplementary 
Fig. S1). We used Decontam19 to remove contam
inating bacteria in the operating environment and to 
identify the specific microbial composition of ICC 
patient tissues. After removing contaminating bac
teria from the negative control and filtering out 
individual low-quality samples, a final total of 
2,320,287 sequencing reads with an average length 

of 413 bp was obtained. These reads correspond to 
4,594 OTU (operational taxonomic units) sequences 
with species taxonomic levels corresponding to 266 
species, 602 genera, 282 families, 160 orders, 98 
classes, 33 phyla, and 1 kingdom (Supplementary 
Table S2). Among them, bacteria with high abun
dance included Burkholderiales, Pseudomonadales, 
Xanthomonadales, Bacillales, Clostridiales, and 
Sphingomonadales (Figure 1a). The results of this 
study show an overall similar pattern of microbial 
composition between carcinoma and adjacent tis
sues. The differences in microbial composition 
between tumor and paracancerous were greater rela
tive to normal liver tissues.

Given the significant differences in the tumor 
microenvironment between normal liver tissues 

a

b c d

Figure 1. Analysis of the composition of bacterial microbiota in ICC tissues. (a) Composition features of the microbiota in each group at 
the order level. The color was set by phyla using different shades of color for the different orders within a phylum. (b) Relationship 
between tumor and paracancerous microbiota at the species level. (c) Comparison of differences in the alpha diversity index (PD index) 
of microbiota in groups N, P and T. (d) Beta diversity index reflecting the composition of the microbiota between groups N, P and T. PD: 
Phylogenetic diversity; N: normal liver tissues; P: ICC paracancerous tissues; T: ICC tumor tissues.
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and paracancerous and cancerous tissues, we 
explored the compositional diversity of bacterial 
microbiota in these three groups of samples. 
A Venn diagram of the composition of the micro
biota in the tissues showed that ICC cancer tissues 
had a greater variety of microorganisms 
(Figure 1b). At the OTU level, the number of bac
terial consortiums shared by the T and P groups 
was 964. The calculation of the spectral diversity 
index (PD: Phylogenetic diversity) showed that the 
Alpha diversity of bacterial microbiota was signifi
cantly higher in ICC tumor tissues than in para
cancerous tissues (Figure 1c). The selected normal 
tissue was derived from patients with liver metas
tases from intestinal cancer or hepatic heman
gioma, which we speculated to be more different 
from the pathological background of ICC cancer 
and paracancerous tissue, and therefore did not 
include the normal group of differential bacteria 
in the subsequent comparison step. In summary, 
the PD index results for the three groups of samples 
indicated that there were differences in the compo
sition of the microbiota between the groups.

We next calculated the Beta diversity of commu
nity species using the NMDS analysis (non-metric 
multidimensional scaling) method, which charac
terizes the similarities or differences in community 
composition among different subgroups. By calcula
tion, we observed that there was a significant differ
ence in beta diversity among the three groups of 
samples (groups N, P and T). However, there was 
also a great similarity between group P and group 
T relative to group N (Figure 1d). As can be seen 
from the figure, there is more overlap between 
tumor and paracancerous groups than the normal 
group, which is because clinical samples from cancer 
and paracancerous are paired, i.e., tumor and para
cancerous tissues are usually selected during clinical 
sampling to facilitate subsequent comparisons.

FISH, bacterial culture, and TEM experiments reveal 
the presence of live and intracellular bacteria in 
tissues

Previously, by 16S rRNA sequencing, the presence 
of bacterial DNA in ICC tissues was initially deter
mined. Then, DNA oligonucleotide probes were 
designed and FISH was used to explore the pre
sence of target bacterial DNA in the tissues. In our 

study, DNA probes for Klebsiella pneumoniae, 
Pseudomonas azotoformans, S. capitis and 
P. fungorum were designed and hybridized to tissue 
sections of ICC. H&E staining and FISH fluores
cence staining revealed the presence of DNA in the 
ICC tissues (Figure 2a; Supplementary Fig. S2A).

Given the presence of bacterial DNA in tumor 
tissues and combined with reports from other 
researchers on microbes in tissues, we hypothesize 
that live bacteria are present in fresh tumor tissues 
and can be isolated by in vitro culture. In this study, 
fresh tumor tissues were taken for homogenization, 
and then the tissue homogenate was coated onto 
plates and placed in a thermostat for incubation. By 
incubation, it was observed that colonies were pre
sent in the plates, indicating the presence of viable 
bacteria in the tumor and paracancerous tissues 
(Figure 2b). Multiple colonies were picked to sepa
rately identify them by mass spectrometry, and the 
presence of Staphylococcus capitis in fresh tumor 
tissue of ICC was found, with the genus being 
present in our 16S rRNA sequencing data.

Using the bacterial culture experiments described 
above, we determined the presence of live bacteria in 
fresh tumor tissues, but could not visualize the bac
terial morphology. As a result, it was discovered 
using TEM experiments that intracellular bacteria 
were present in tumor tissue and paracancerous 
tissue and that they could be encapsulated in lyso
somes (Figure 2c; Supplementary Fig. S2B). Given 
that lysosomes can break down substances entering 
the cell from the outside, we presume that the bac
teria entering the cell will be lysed by the lysosome, 
while the part that is not completely lysed can be 
observed by electron microscopic imaging. The fig
ure shows that the bacteria have been digested by the 
lysosomes, but their outlines are still visible. From 
the distribution position of the bacteria, we observed 
that some of the bacteria are located outside the cell, 
but others are located inside the cell, which is con
sistent with the findings of others.17

Single-cell transcriptome data shows the 
enrichment of bacterial DNA transcription products 
in immune cells

In combination with reports by others, the presence of 
intracellular bacteria was verified utilizing bacterial 
culture and TEM experiments. However, it was not 
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able to fully depict the changes in the distribution of 
bacteria in various cell types. As such, we analyzed 
ICC scRNA-seq data from three tissue samples (one 
each for tumor, paracancerous, and plasma tissues) 
from ICC patients, yielding a total of 11,357 cells for 
subsequent cluster analysis (Figure 3a). The tSNE 
clustering method20 was used to classify all cells into 
11 cell clusters, and these 11 cell classes were 

annotated as fibroblast, endothelial, hepatocytes, 
malignant cells, and multiple immune cells by review
ing marker genes21–25 in the literature (Figure 3b; 
Supplementary Fig. S3). Unlike the conventional 
human scRNA-seq data analysis, we added the num
ber of bacterial reads to the initial matrix, and the 
results showed that bacterial RNA was present not 
only in parenchymal cells such as bile duct cells and 

tissue 
homogenization

constant 
temperature 
incubation

fresh tissue

T P

cb

dish coating

a

Figure 2. Validation experiments show the presence of bacteria in the tissues. (a) Results of FISH fluorescence staining and HE section 
staining of ICC tissues. The green signal indicates the synthetic FISH probe and the red signal indicates the positive probe signal 
(EUB338). The red arrow indicates the spot of the signal in the slices. T: tumor tissue slice; P: paracancerous tissue slice. (b) Fresh ICC 
patient tissue (tissue obtained shortly after surgery) was used to homogenize and culture live bacteria. The flowchart on the left shows 
the basic process of culturing bacteria from fresh tumor tissues. The diagram on the right shows the microbial colonies cultured from 
fresh tissues. Pure culture medium was used as a negative control, and wipes from the sink or door handle environment were used as 
a positive control. ‘B’ denotes that we used Brain heart infusion (BHI), which is a growth medium for growing microorganisms. (c) TEM 
experiments show the existence of bacteria in ICC tumor tissues (the locations marked with yellow arrows denote bacteria).
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hepatocytes but also in a variety of immune cells like 
macrophages and NK cells (Figure 3c).

Next, the bacterial transcription products in each 
cell of the sample were calculated using scRNA-seq 
analysis. The results showed that bacteria in plasma 
were enriched in granulocytes, which belong to 
white blood cells. In paracancerous tissues, bacterial 
transcription products were most abundant in 
T cells, perhaps because T lymphocytes would be 
actively involved in the immune response in para
cancerous tissues (Figure 3d). The most predomi
nant cell type in the tumor tissue is the malignant 
cell, which mainly includes cancerous hepatocytes 
and bile duct cells, and therefore most bacteria in 
tumor are enriched in this cell type (Figure 3e). 
Differential expression results showed that bacteria 
were more abundant in malignant cells of cancerous 
tissue than in paracancerous tissue, while bacteria 

were less abundant in cancerous tissue T cells than in 
paracancerous tissues. It is considered that immune 
cells, especially T cells, can act directly on malignant 
tumor cells, and both types of cells have higher levels 
of bacteria. Moreover, a recent study on melanoma 
found that bacterial protein peptide fragments could 
bind to tumor cells and thus be recognized by 
T cells.26 Therefore, we speculate that they can be 
directly involved in the body’s immune response.

Clinical factor analysis shows a negative correlation 
between Burkholderia and CA199 levels

Then, clinical information of patients was collected 
to explore the relationship between intratumoral 
microbial abundance and clinical factors. 
Considering the correlation between clinical factors, 
a preliminary screening of clinical information was 
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Figure 3. scRNA-seq analysis reveals the presence of bacterial RNA in each cell type. (a) t-SNE plot showing cell origins by color. (b) 
t-SNE plot showing cell clusters including fibroblasts, endothelial cells, malignant cells, hepatocytes, granulocytes, neutrophils, 
dendritic cells, macrophages, NK cells, plasma cells and T cells. (c) Violin plot showing the levels of bacterial RNA content in each 
cell type. The RNA content is reflected by sequencing reads count. (d) CD45 immunohistochemical staining shows an increased 
abundance of immune cells in the paracancerous tissue. (e) The proportion of cell counts of each cell type in each sample. B, plasma; P, 
paracancerous tissue; T, tumor tissue.
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performed before performing a clinical factor asso
ciation analysis. The clinical information selected for 
the study comprised AFP, albumin, total bilirubin, 
ALT, GGT, CA199 and WBC. The RDA/CAA envir
onmental factor analysis showed that the cancer 
antigen CA199 had the greatest effect on tumor 
tissue bacteria, followed by albumin and leukocytes 
(Figure 4a). Two of these clinical factors, CA199 and 
albumin, were positively correlated, while CA199 
was negatively correlated with leukocytes and 
methemoglobin. By calculating the correlation 
between intratumoral microbial classification and 
clinical factors, the amount of Bacillus anthracis 
and P. azotoformans was found to be positively cor
related with CA199 (Figure 4b). Comparatively, the 
amounts of Burkholderia tuberum and P. fungorum 
were negatively correlated with CA199 and were 
associated with high expression of this bacterium in 
ICC paracancerous tissues, from which we specu
lated that they may have antitumor properties.

Functional predictions indicate that bacterial 
microbiota may be associated with amino acid 
biosynthesis

Based on the 16S amplicon sequencing data combined 
with the eggNOG and KEGG databases, we predicted 

the biological functions of the bacteria (Figure 5). In 
combination with the eggNOG database, the func
tions of bacteria were predicted to be mainly involved 
in metabolism, with amino acid metabolism account
ing for the highest abundance (Figure 5a; 
Supplementary Table S3). Similarly, the 16S rRNA 
sequencing data combined with KEGG functional 
predictions indicated that bacterial colony function 
is primarily related to the pathway of amino acid 
and nucleotide metabolism of carbohydrates 
(Figure 5b; Supplementary Table S3). Combined 
with information from KEGG data at a deeper level 
(3rd Level), we could further confirm the association 
of bacteria with the biosynthesis of amino acids, pur
ine metabolism, pyrimidine metabolism, and pyru
vate metabolism (Figure 5c; Supplementary Table S3).

Differential expression analysis reveals higher 
biomass of Burkholderia in paracancerous tissues

Considering the tissue differences between cancers 
and paracancers, the characteristics of their differen
tial bacterial populations at the level of each species 
were calculated. At the Phylum level, linear discri
minant analysis (LDA) results showed a higher 
abundance of Proteobacteria in paracancerous tis
sues, while Armatimonadetes, Verrucomicrobia and 
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Figure 4. Environmental factor analysis showing the correlation of bacterial abundance with clinical data. (a) RDA/CAA environmental 
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magnitude of the correlation coefficients; * 0.01 < P ≤ .05, ** 0.001 < P ≤ .01, *** P ≤ .001.
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Fusobacteria were more abundant in cancerous tis
sues (Figure 6a). The LDA results at the genus level 
are shown in Supplementary Fig. S4. Overabundance 
of Verrucomicrobia DNA in the tumor tissues of 
ICC patients was further validated by an indepen
dent quantitative molecular approach (RT-qPCR) 
using primer sequences with high specificity 
(Figure 6b). Depletion of Proteobacteria DNA in 
the tumor tissues was further validated by qPCR 
(Figure 6d). At the family level, most of the differ
ential organisms showed high levels in tumor tissues, 
including Comamonadaceae, Staphylococcaceae, 
Verrucomicrobiaceae, Thiobacteriaceae, and 
Peptococcaceae. At the genus level, most abundant 
bacteria exhibited high levels in tumor tissues, 
including Acidovorax, Staphylococcus, Bdellovibrio, 
Roseimicrobium, and Roseburia. At the species 
level, Ralstonia pickettii and Acinetobacter johnsonii 
accounted for the largest amount (Figure 6c). 
However, it is possible that these two species are 
contaminating bacteria in the environment, and 
they are widely distributed in drinking water, soil, 

and hospital environments, among others. Among 
them, P. fungorum and P. azotoformans were the 
bacteria with significant differences in cancer and 
paracancerous tissues (Figure 6c; Supplementary 
Table S4). The results showed that P. fungorum and 
P. azotoformans were more abundant in paracancer
ous tissues than in cancerous tissues. We conjecture 
that bacteria with higher levels in paracancerous 
tissues have an inhibitory effect on tumor develop
ment, similar to the results of fluorescence semi- 
quantitative analysis for P. fungorum (Figure 6e). 
The results of differential abundance at the family 
and genus levels are shown in the supplemental 
materials (Supplementary Fig. S5-S6).

We have computationally identified differentially 
characterized bacterial populations in tumor and 
paracancerous tissues, but the evolutionary relation
ships between the microbiota are unclear. To explore 
the relationships between bacteria in ICC tissues, we 
constructed a phylogenetic tree (Supplementary Fig. 
S7). The results showed that genera that differed 
relatively less from Burkholderia include Ralstonia, 

a

b c

Figure 5. Functional prediction analysis of bacterial microbiota. (a) PICRUSt2 combined with the egNOG database to predict the 
function of bacterial microbiota in tissues. PICRUSt2 combined with the KEGG database to predict the function of bacterial microbiota 
in tissues, showing the results of the KEGG pathway in Level 2 (b) and Level 3 (c).
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Pelomonas, and Acidovorax. The genera 
Pseudomonas and Thermomonas were evolutionarily 
more related. The genera Afipia, Methylobacterium, 
Sphingomonas, and Paracoccus showed higher spe
cies similarity.

P. fungorum inhibits bile duct cancer cell migration 
and proliferation

Considering that the supernatant of the bacterial 
fluid contains macromolecules and bacterial 

a

c

d e

b

Figure 6. Differential analysis of bacteria content between tumor and paracancerous tissues. (a) Performance of the linear discriminant 
analysis (LDA) at the phylum level to estimate the magnitude of each species’ abundance effect on the differential expression. (b) qPCR 
validation of the differential abundance of the phylum Verrucomicrobia in a dependent cohort. (c) Species levels of the differentially 
expressed bacterium between tumor and paracancerous tissues. Multiple testing correction using two-tailed Wilcoxon test and FDR; *P 
value < .05; CI calculated by the bootstrap method using 95% CI. (d) qPCR validation for phylum Proteobacteria in a dependent cohort 
between tumor and paracancerous tissues. (e) The relationship between P. fungorum content (obtained by FISH fluorescence semi- 
quantitative) and tumor size (threshold set to 7.5 cm) was investigated using an independent cohort. T, tumor tissues; P, paracancerous 
tissues.
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metabolites, experiments were designed to investi
gate the functions performed by these bacteria. The 
human cholangiocarcinoma cell lines RBE and 
QBC939 were utilized in our study. Methyl thiazo
lyl tetrazolium (MTT), transwell and scratch assays 
were used to study the effect of P. fungorum meta
bolites on cancer cell migration. Considering the 
inhibitory effect of S. aureus on hepatocellular car
cinoma progression27 and that S. aureus and 
S. capitis are highly homologous,28 we performed 
in vitro and in vivo experiments using S. capitis 
obtained in culture as a positive control. The 
MTT assay results displayed that the supernatant 
of the P. fungorum solution (pre-filtered and devoid 
of viable bacteria) could inhibit cell proliferation, 
and the higher the concentration, the more effective 
the inhibition (Supplementary Fig. S8). The results 
of transwell assays demonstrated that the number 
of cells per unit area under electron microscopy was 
significantly reduced after the addition of 
P. fungorum supernatant, which represented 
a diminished proliferation and migration ability of 
cells (Figure 7a).

Similarly, we investigated the effect of bacterial 
supernatant on the migration ability of cholangio
carcinoma cells by scratch assay. The percentage of 
cell scratch healing was significantly lower in 
QBC939 cells after adding the supernatant of 
P. fungorum or S. capitis than in the control sam
ples (Figure 7b; Supplementary Fig. S9A and Fig. 
S9B), and the scratch healing rate decreased with 
a gradual increase in the concentration of bacterial 
supernatant. A similar phenomenon was observed 
in the RBE cell line. Comparing the two cell lines, 
QBC939 had a stronger cell migration ability than 
the RBE cell line. Taken together, these results 
indicate that bacterial supernatant inhibits the 
migration of different types of bile duct cancer 
cells, which predicts the possible presence of factors 
in bacterial metabolites that inhibit cancer cell 
migration.

Next, we studied the effect of bacteria on tumor 
phenotypes and their possible functions in vivo 
experiments. We utilized the QBC939 cell line and 
constructed a subcutaneous transplantation tumor 
model in 6-week-old nude mice (Figure 7c). In 
addition to the conventional subcutaneous trans
plantation of tumor cells into mice as a control 
group, the other three experimental groups were 

designed: tumor cells plus live bacteria, tumor cells 
plus bacterial supernatant, and tumor cells plus live 
bacteria with the addition of antibiotics to the 
drinking water of mice to ablate bacteria in mice. 
The antibiotics were a mixture of penicillin and 
streptomycin, and we pre-tested the sensitivity of 
the bacteria to the antibiotics and found that the 
antibiotic mixture could effectively inhibit the 
experimental bacteria. The results of in vivo experi
ments showed that the tumor volume of mice in the 
experimental group was reduced relative to the 
control group (Figure 7d; Supplementary Fig. 
S9C). The tumor volume of mice with live bacteria 
in the experimental group was the lowest compared 
to the control group, and there was a statistically 
significant difference when compared to the con
trol group. Among the experimental groups, there 
was no significant difference in their volume 
changes between the bacterial supernatant group 
and the antibiotic-treated group from inoculation 
to the 3 weeks, although the average volume of 
tumors was eventually larger in the antibiotic 
group. To demonstrate the existence of bacteria in 
mouse tumor tissues, we stained the tumor sections 
of the experimental group of mice treated with live 
bacteria. Using different probes, we verified the 
presence of P. fun in mouse tumors using FISH 
experiments, which also illustrates the accuracy of 
our in vivo experiments to some extent (Figure 7e).

Metabolomics and transcriptomics of transplanted 
tumors show that bacteria can affect amino acid 
metabolic pathways

To explore the effect of bacteria on tumors, samples 
were collected from mouse transplanted tumors and 
liquid chromatography-mass spectrometry (LC-MS)- 
based untargeted metabolomics was performed. The 
results of univariate statistical analysis showed that 
a total of 380 metabolites were significantly different 
(screening criteria: P value < .05 and |Fold change| >2) 
in tumors transplanted from experimental and control 
mice, of which 187 were expressed down-regulated 
and 193 were up-regulated (Figure 8a). The results of 
the principal component analysis showed that the two 
groups of sample data could be well distinguished 
(Figure 8b), indicating the existence of different bio
logical characteristics between the two groups. By 
comparative analysis, after the treatment of 
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transplanted tumors with P. fungorum, the metabo
lites 2-Propylglutaric acid, 3-Methyldioxyindole, 
Dihydrofolic acid, Dihydrolipoate, 
L-4-Hydroxyglutamate semialdehyde, N-Acetyl- 
L-aspartic acid and N-Acetyl-aspartyl glutamic acid 
showed an up-regulation trend (Figure 8c; 
Supplementary Table S5). The most significantly 
upregulated metabolites were 2-propylglutaric acid 
(fatty acid class, probably related to drug metabolism) 
and N-acetylaspartic glutamate (amino acids, peptides 
and their analogs). Similarly, we counted the cate
gories of the above metabolites and found that most 

of the differential metabolites belonged to either fatty 
acids or amino acids, peptides and analogues. Next, 
a KEGG-based pathway enrichment analysis was per
formed for the differential metabolites. The results 
showed that the differential metabolites were mainly 
enriched in the metabolic pathways of alanine, aspar
tate and glutamate metabolism (Figure 8d; 
Supplementary Table S6). By combining the results 
of the functional prediction analysis with previous 
microbiome data, we could see an increased amount 
of N-acetyl-L-aspartate in this pathway (Figure 8e), 
which might be caused by bacterial action.
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Figure 7. In vitro and in vivo assays show the inhibitory effect of P. fungorum on tumor growth. (a) Transwell assay of P. fungorum and 
bile duct cancer cells. (b) Scratch assay of QBC939 (top panel) and RBE cells (bottom panel) with the addition of bacterial P. fungorum 
supernatant (no viable bacteria). Percentages in parentheses indicate the percentage of scratch healing. (c) Schematic diagram of the 
mouse experiment. (d) Volume changes of transplanted tumors in PBS and P. fungorum-treated mice in vivo experiments. (e) FISH 
fluorescence staining of nude mouse transplanted tumor sections. The red color indicates the EUB probe signal, while the green color 
indicates the P. fun probe signal. P. fun, Paraburkholderia fungorum.
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In addition to probing metabolite changes with 
metabolomics of mouse transplanted tumors, tran
scriptomic assays were performed using superna
tant-treated cell lines to detect gene expression 
changes. KEGG metabolic pathway enrichment 
analysis revealed that differentially expressed 
genes were mainly enriched in carbon metabolism, 
glycolysis/gluconeogenesis, amino acid biosynth
esis, aminoacyl-tRNA biosynthesis, pyruvate meta
bolism, cancer central metabolism, and carbon 

metabolism pathways (Supplementary Fig. S10; 
Supplementary Tables S7-S8). By comparing the 
results with the metabolomics results, we infer 
that amino acid anabolism is closely related to the 
bacterial action on tumors.

Discussion

The presence of bacteria in human tumors has been 
reported for more than a hundred years, but 

a b

c

d e

Figure 8. Metabolomic analysis of subcutaneous transplanted tumors in mice. (a) Volcano plot of differential metabolites. (b) Principal 
component analysis of metabolomics data. (c) Expression abundance of differential metabolites. The colors from blue to red indicate 
the metabolite expression abundance from low to high. (d) Results of pathway enrichment analysis of differential metabolites. (e) 
Schematic diagram of the alanine, aspartate and glutamate metabolic pathways. The red circles indicated by red arrows in the figure 
denote the upregulated metabolites.
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a systematic and complete understanding of the 
characteristics and biological significance of bac
teria is lacking. The low microbial content in 
tumor tissues makes it difficult to find an appro
priate biological model to initiate systematic valida
tion of them.29,30 Previously, researchers in 
Singapore studied the intratumoral microbiota of 
Thai cholangiocarcinoma patients, some of whom 
were infected with Schistosoma hepatica, which is 
very different from the clinical background of our 
native Chinese cholangiocarcinoma patients.18 As 
far as the research methodology is concerned, in 
addition to the analysis of microbiome data, we 
went a step further and discussed the mechanism 
of microbial action on tumors at the molecular 
level. In addition, using fresh tissue homogenate 
cultures, we identified and isolated live bacteria 
from them, which demonstrated the intracellular 
presence of bacteria in tumor tissues in the form of 
live bacteria. By setting up a negative control, we 
used computational biology to remove contaminat
ing bacteria and thus more accurately characterize 
the microbiota in ICC tissues. Previous researchers 
have also used large sample sizes to demonstrate 
that many of the bacteria in tumor tissues are 
intracellular and that they are present in both can
cer cells and immune cells.17 This predicts that 
there is no distance barrier between bacteria and 
tumor cells, which implies a direct interaction 
between them. Additionally, some investigators 
have also found that the number of bacteria in 
adipose tissue correlates with indicators of immune 
cell infiltration, inflammation and metabolism.31 

Therefore, based on the analysis of microbiome 
data from clinical samples, we have considered 
two research directions for subsequent experimen
tal validation, one of which is the effect of bacteria 
on the tumor microenvironment, and the other is 
the effect of bacteria on tumor tissue metabolism.

The results of the microbiome data showed that 
most of the highly abundant bacteria were less 
expressed in ICC tissues relative to paracancerous 
tissues. Among the differences, P. fungorum was 
higher in paracancerous tissues, and the abundance 
of this bacterium showed a weak negative correla
tion with the level of CA199, a clinical cancer anti
gen indicator. Therefore, we speculate that 
metabolites of this bacterium may suppress tumor 
cells. Riquelme et al. found higher levels of 

microorganisms in the tumors of long-term surviv
ing patients and showed immune activation relative 
to short-term surviving patients with pancreatic 
cancer.32 On this basis, it can be assumed that 
certain bacteria play an active role in tumor sup
pression and that they can be directly or indirectly 
involved in the “anti-tumor” process. However, it 
has also been found that treatment of xenograft 
colon cancer mice with metronidazole, an antibio
tic that inhibits Bacillus nuclei in colorectal cancer 
tissues, can inhibit the proliferation of cancer 
cells.33 In summary, we conclude that for different 
tumor types, diverse intratumoral bacteria have 
distinct effects on tumor progression.

Through in vitro and in vivo experiments, we 
verified that Burkholderia blocked tumor cell 
migration and significantly inhibited the growth 
of transplanted tumors in mice with cholangiocar
cinoma. Given this, we linked a nonpathogenic 
Escherichia coli strain capable of expressing 
CD47nb, which was designed by Sreyan et al. at 
Columbia University using a synthetic biology 
approach, where local injection of this bacterium 
in mouse lymphoma tumors stimulated an anti- 
tumor immune response that led to complete 
tumor regression in mice and even control of 
tumor lesions distal to the uninjected strain.34 

Thus, changes in microbial abundance can also be 
considered as a process by which microorganisms 
interact with human host cells, with alterations that 
have multiple effects, one of which is on the tumor 
immune response. It has been shown that micro
organisms in pancreatic cancer can induce immune 
infiltration and thus prolong patient survival.32 In 
addition, metabolites of the microbial community 
may influence tumor development. Several studies 
have reported that the metabolism of human intest
inal bacteria can interact with the products of host 
genes.35 Metabolites between the host and its bac
terial symbionts have also been reported to control 
host tumor immunity.36 Considering these two 
points, we should choose immunologically intact 
tumor-bearing mouse models. However, due to 
laboratory conditions and technical limitations, 
we were unable to successfully construct 
a spontaneous tumor mouse model of ICC. 
Therefore, we conducted an exploratory study to 
solve the problem by using a xenograft tumor 
model, focusing on the relationship between 
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bacteria and tumor metabolism. In addition, the 
inhibition of transplant tumor growth by the live 
bacteria was more pronounced compared to the 
supernatant of the bacterial solution, which may 
be since the live bacteria metabolize more vigor
ously and produce more metabolites. It is note
worthy that the size of transplanted tumors in the 
experimental group with antibiotics added to the 
drinking water was significantly reduced compared 
to the control group, and the change in the size of 
transplanted tumors in this group was similar to 
that in the group containing only live bacteria. The 
reason for this may be that the addition of antibio
tics to the drinking water did not ensure that the 
drug reached the tumor sites of the mice rapidly.

For the functional mechanism study, through 
microbiome data analysis, we identified micro
bial features of cancer and paracancerous tissue 
differences and predicted their association with 
amino acid metabolic pathways. We performed 
metabolomic assays on mouse transplanted 
tumors. By analyzing the differences in metabo
lites between experimental and control groups, 
we infer that the colony may influence tumor 
progression through the biological process of 
amino acid metabolism.

The discussion of the origin of intratumor 
microbes is a very interesting issue. Riquelme and 
his colleagues showed cross-talks between intra- 
tumor microbes in resected pancreatic adenocarci
noma, and intestinal bacterial microbiota, which 
can modulate the host’s antitumor immune 
response.32 Other similar studies have shown that 
gut microbes usually regulate tumor growth 
through tumor immunity and that intratumoral 
microbe may exert an essential role,37–39 implying 
a close relationship between intratumoral and gut 
microbiota. In particular, due to the presence of 
enterohepatic circulation (EHC), some substances 
are excreted into the intestine via the bile, reab
sorbed in the intestine, and eventually returned to 
the liver via the portal vein.40,41 Considering that 
this mechanism of hepatic-intestinal circulation is 
likely to create conditions for cross-talks between 
intestinal microbes and intratumoral bacteria, we 
postulated that ICC intratumoral microbes are also 
derived from intestinal microbes to a large extent. 
However, further experiments are needed to verify 
the hypothesis.

In conclusion, our findings demonstrate that 
bacteria in ICC may play an important antitumor 
role and that bacterial biomass in the tumor corre
lates with clinical factors. Thus, DNA of bacterial 
microbiota can be used as a diagnostic marker or 
prognostic marker for tumors, or even as a target 
for clinical drug therapy. However, the molecular 
mechanisms of how exactly they interact with can
cer cells remain to be deeply explored. We need to 
understand clearly the molecular mechanisms of 
how microbiota enter and reside in tumor tissues, 
and study how to utilize them as targets for tumor 
prevention.

Patients and methods

Patients selection and samples collection

The samples were collected from patients diag
nosed with ICC who had previously undergone 
curative resection surgery without any adjuvant 
treatment. Considering the possibility of endogen
ous contamination during the procedure, we tried 
to select clean tissue blocks for the procedure 
experiments. All patients were from Zhongshan 
Hospital, Fudan University. The study was 
approved by the Research Ethics Committee of 
Zhongshan Hospital, and written informed consent 
was obtained from each patient. Detailed informa
tion is available in the supplementary material.

16S rRNA sequencing

DNA from tissues was extracted using the same 
protocol as follows. Briefly speaking, tissues 
(30 ~ 50 mg) were ground in disposable grinding 
tubes (volume 2 mL) with one steel ball (diameter 
0.6 cm) in each tube. The grinding tubes were pre- 
cooled with liquid nitrogen and the tissue was 
ground for 10 seconds at 50 Hz using a tissue 
grinder (WB2017075, Shanghai WonBio 
Biotechnology Co., Ltd.). DNA extraction was per
formed with FastDNA Spin Kit for soil (MP 
Biomedicals, USA, 116560200-CF) according to 
the instructions (https://www.mpbio.com/ 
116560000-fastdna-spin-kit-for-soil-samp-cf). 
DNA concentration and purity were measured 
using a NanoDrop 2000 UV-Vis spectrophot
ometer (Thermo Scientific, Wilmington, USA) 
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according to the manufacturer’s directions. The 
OD260/OD280 ratios of all DNA samples were 
greater than 1.9, indicating that the quality of the 
DNA samples was up to standard. The average 
DNA concentration of all samples was 
160.39 ± 84.87 ng/µL. The quality of the DNA 
samples was further assessed using 1% agarose gel 
electrophoresis.

The primer pairs we used were 338 F (5’- 
ACTCCTACGGGAGGCAGCA-3’) and 806 R (5’- 
GGACTACHVGGGTWTCTAAT-3’), and the V3- 
V4 region of the bacterial 16s rDNA gene was 
amplified in a GeneAmp PCR System 9700 
Thermal Cycler (Applied Biosystems Inc, CA, 
USA) using TransStart Fastpfu DNA Polymerase 
(TransGen AP221-02, TransGen Biotech Co.) to 
amplify the V3-V4 region of the bacterial 16s 
rDNA gene. To ensure the accuracy and reliability 
of subsequent data analysis, we used low cycle 
number amplification whenever possible, using 
the same number of cycles for each sample. The 
reaction system contains 4 μL 5× FastPfu buffer, 
2 μL 2.5 mM dNTPs, 0.8 μL forward primer (5 μM), 
0.8 μL reverse primer (5 μM), 0.4 μL FastPfu poly
merase, 0.2 μL BSA and 10 ng template DNA. The 
volume is then adjusted to 20 μL with water. The 
first round of PCR reaction consists of the follow
ing steps. 95°C for 3 min; 23 cycles (95°C for 30s; 
55°C for 30s; 72°C for 45s); 72°C for 10 min; and 
10°C until stopped by the user. A second round of 
PCR was performed to increase the index, using the 
following procedure. 95°C, 3 min; 8 cycles (95°C for 
30s; 55°C for 30s; 72°C for 45s); 72°C for 10 min; 
and 10°C until stopped by the user.

The amplification parameters were adjusted in 
preliminary experiments. PCR products were ana
lyzed using 2% agarose gel electrophoresis. PCR 
products were classified as A (strong), 
B (moderate), and C (weak or invisible) according 
to their size and concentration. Samples A and 
B were regarded as qualified samples and 
sequenced. For samples with score C, DNA extrac
tion and PCR amplification were replicated using 
residual tissue from the same specimen. For 
sequencing, three PCR experiments were con
ducted in parallel for each sample. PCR products 
from each sample were merged and subjected to 2% 
agarose gel electrophoresis. PCR fragments were 
recycled from the gels using the AxyPrep DNA 

Gel Extraction Kit (AXYGEN Biosciences, Union 
City, CA, USA). DNA was eluted using Tris-HCl 
buffer and its recovery and quality were evaluated 
by 2% agarose gel electrophoresis. DNA concentra
tion was measured using a QuantiFluor-ST hand
held fluorometer (Promega Corporation, Madison, 
WI, USA).

Miseq libraries for sequencing are built by add
ing Illumina adapters to the ends of target DNA by 
PCR using the TruSeq DNA Sample Preparation 
Kit. PCR products were retrieved from agarose gels 
using the AxyPrep DNA Gel Extraction Kit. We 
eluted the DNA with Tris-HCl buffer and evaluated 
its quality by 2% agarose gel electrophoresis. 
Double-stranded DNA was denatured with NaOH 
to generate single-stranded DNA. Purified ampli
cons were pooled in equimolar patterns and ana
lyzed on the Illumina MiSeq PE300 platform/ 
NovaSeq PE250 platform (Illumina, San Diego, 
USA) in paired-end mode.

Analysis of 16S rRNA sequencing data

Quality control to remove low-quality reads data 
using fastqc software42 and cutadapter software.43 

The reads sequences from double-end sequencing 
were merged with FLASH software.44 The specific 
QC steps are as follows: (1) filter the bases with 
a tail mass value below 20 in the reads, set a window 
of 50bp, and truncate the back-end bases from the 
window if the average mass value within the win
dow is below 20; filter the reads below 50bp after 
QC, and remove the reads containing N bases; (2) 
merge pairs of reads into one sequence according to 
the overlapping relationship between PE reads, 
with a minimum overlap length of 10bp, and the 
maximum mismatch ratio allowed for the overlap 
region is 0.2; (3) distinguish samples according to 
the barcode and primers at the beginning and end 
of the sequence, and adjust the sequence orienta
tion, the number of mismatches allowed for bar
code is 0, and the maximum number of primer 
mismatches is 2. The clean data were processed 
into OTUs sequences with UPARSE software45 to 
complete OTU clustering. The 16S rRNA database 
Silva v138 (https://www.arb-silva.de/)46 was com
pared with the RDP Classifier software47 and anno
tated for each OTU sequence to generate OTU 
tables. In addition to the Silva database, we also 
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annotated the OTU sequences with the 16S rRNA 
database RDP (http://rdp.cme.msu.edu/)48 and 
GreenGenes (http://greengenes.secondgenome. 
com/). Contaminating bacteria were removed with 
the Decontam program19 with the parameter 
“method = frequency”. Calculation of colony 
Alpha diversity using Mothur software.49 Qiime 
software50 was used to generate abundance tables 
for each taxonomic level of the microbiota and to 
calculate the Beta diversity of the microbiota. 
Phylogenetic trees were constructed and evolution
ary analyses were performed using Mega software51 

and IQ-TREE.52 Differential bacterial populations 
were identified on the Majorbio Cloud Platform 
using linear discriminant analysis (LEfSe, https:// 
huttenhower.sph.harvard.edu/galaxy/).53 The 
PICRUST2 tool54combined with the KEGG 
database55 (https://www.genome.jp/kegg/) and the 
EggNOG database56 (https://eggnog.embl.de/) was 
used to predict biological functions.

Single-cell RNA-sequencing (scRNA-seq)

Fresh tissue samples were immediately stored 
upon collection in the GEXSCOPETM Tissue 
Preservation Solution (Singleron Biotechnol- 
ogies) within 2–8°C. Before digested in 
GEXSCOPETM Tissue Dissociation Solution 
(Singleron Biotechnologies) at 37°C, the speci
mens were firstly washed with HBSS for three 
times and grinded into 1–2 mm pieces. After 
digestion, cell debris was filtered out and the 
cells were centrifuged at 1000 rpm, 4°C, for 5 min
utes and cell pellets were resuspended into 1 ml 
PBS. To remove red blood cells, 2 mL 
GEXSCOPETM Red Blood Cell Lysis Buffer 
(Singleron Biotechnologies) was added to the cell 
suspension and incubated at 25°C for 10 minutes. 
The mixture was centrifuged at 1000 rpm for 
5 min and the cell pellet was then resuspended in 
PBS. Single cell suspension was loaded onto 
a microfluidic chip and single cell RNA-seq 
libraries were constructed according to the manu
facturer’s instructions (Singleron Biotechno- 
logies). The resulting single cell RNA-seq libraries 
were sequenced on an Illumina HiSeq X10 instru
ment with 150bp paired-end reads.

Analysis of the scRNA-seq datasets

The data analysis of the scRNA-seq follows 
a conventional approach with the following simple 
steps. QC, filtering, comparison and quantification of 
raw sequencing data using the SCOPE-tools toolkit to 
generate a single cell matrix. Single-cell sequencing 
reads data were processed using Kraken2 software57,58 

and Bracken software59 to obtain the abundance 
matrix of the bacterial population. The raw gene 
expression matrix was imported and processed using 
the R package Seurat.60 Data were filtered by the 
following criteria: the sum of expression of all genes 
measured per cell (nCount_RNA) was greater than 
201, the number of genes measured per cell 
(nFeature_RNA) was more than 6,000 or less than 
201, and the percentage of mitochondrial genes (per
cent.mt) was no more than 20%. The gene expression 
matrix of the remaining high-quality cells was nor
malized by the total number of cellular UMIs. The 
normalized expression was scaled by the total number 
of cellular UMIs and the percentage of mitochondrial 
genes (scale.factor = 1e4). Highly variable genes were 
calculated using the Seurat FindVariableGenes func
tion with all parameters as default except select. 
method = “vst” and features = 2000. PCA analysis 
was then performed with highly variable genes, and 
significant principal components (top 10) were 
selected for dimensionality reduction, and clusters 
were identified using the FindClusters function 
(dims.use = 1:10, resolution = 0.5). Dimensionality 
reduction and gene expression visualization were per
formed using tSNE and UMAP analysis. Also, the first 
10 principal components were further dimensionality 
reduced using the RunUMAP function with default 
settings. Initial annotation of cell types was performed 
using SingleR,61 and the literature on marker genes 
was reviewed to correct the cell annotation results.

16S rRNA sequencing, H&E staining, FISH, bac
terial culture, single-cell RNA sequencing (scRNA- 
seq), quantitative PCR (q-PCR), in vitro and mouse 
experiments, and data analyses were performed, as 
described in the supplementary methods.
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