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Abstract
Background: Some breast cancer patients are prone to recurrence and metastasis. Increasing evidence
suggests that the breast tissue contains a diverse population of bacteria, which may be modulating the
risk of breast cancer development or progression. However, the extent of microbial contribution to the
tumor immune microenvironment in breast cancer remains unknown. Here, we explored the potential
in�uence of the tumor microbiota on the local immune microenvironment and breast cancer prognosis.

Methods: Using 16S rRNA gene sequencing, we analyzed the tumor microbiome composition and
identi�ed bacteria that were differentially abundant between breast cancer patients with recurrence or
metastasis (R/M) and those without recurrence or metastasis (NRM). We performed total RNA
sequencing in tumor tissues from patients in both groups to determine differentially expressed genes
(DEGs). The landscape of tumor-in�ltrating immune cells (TIICs) subtypes in the tumor immune
microenvironment was analyzed using CIBERSORT, based on the gene expression pro�ling of tumor
tissues. Differences in the tumor microbiomes were then correlated with DEGs and differences in TIICs, in
order to determine how microbial abundance may contribute to cancer progression.

Results: Microbial alpha-diversity was higher in NRM patients than in R/M patients. The composition and
functions of the tumor microbiome communities differed between the two groups. We found higher
alpha-diversity, higher abundance of Ruminococcus, Butyrivibrio, and Deinococcus, and lower abundance
of Microbacterium could serve as a predictor of better prognosis in breast cancer patients. We also found
that 16 genes, including CD36, showed differential expression in NRM compared to R/M, and differences
in the composition of TIICs were observed between the two groups. In addition, we observed that the
different tumor microbiome pro�les were associated with DEGs and differences in TIICs between the two
groups.

Conclusions: The tumor microbiome may affect the prognosis of breast cancer patients by in�uencing
the tumor immune microenvironment. Thus, the tumor microbiome may be a useful prognostic indicator.

Background
Microbes colonize areas that are directly exposed to the air and surroundings, including the mouth,
nostrils, skin, stomach, and the gastrointestinal and urogenital tracts [1]. Viral or bacterial infection is the
third highest contributor to the development of cancer [2, 3]. It is estimated that 15–20% of malignancies
are caused by microbial pathogens, and even more malignancies are related to alterations in microbial
communities that colonize human tissues [3–6]. The microbiome is associated with a variety of
malignancies, including gastric, colon, liver, lung, and skin cancers and lymphoma. Perhaps the strongest
linkages so far have been found between gastric cancer and Helicobacter pylori, and between colon
cancer and Fusobacterium [7–12]. The microbiome may contribute to carcinogenesis by inducing chronic
in�ammation, altering cellular processes, and triggering uncontrolled innate and adaptive immune
responses [12]. Chronic, persistent in�ammation increases the risk of cancer [5, 6, 13].
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Skin and oral bacteria can access the mammary ducts through the nipple [14–16]. Recent studies
suggested that some mammary gland bacteria may be derived from the gut by an endogenous entero-
mammary pathway [17–20]. Several studies have reported that commensal microbiota are abundant in
breast cancer [21–23]. One study found that the diversity of commensal bacteria in breast cancer tissues
was similar to that in other organs (such as the intestine), and higher than that in the vagina [22]. Breast
tumors show enrichment in taxa of low abundance in normal tissues, including the genera
Fusobacterium, Atopobium, Gluconacetobacter, Hydrogenophaga, and Lactobacillus [21]. The relative
abundance of Bacillus, Enterobacteriaceae, and Staphylococcus is higher in breast cancer tissues than in
normal ones, Escherichia coli and Staphylococcus epidermidis isolated from breast cancer tissues can
induce DNA double-strand breaks in HeLa cells [23]. These results suggest that breast cancer is
associated with changes in the breast microbiome, and that the tumor microbiome may play a role in the
development and progression of breast cancer.

The breast tissue is composed of epithelial cells, stroma, and a mucosal immune system that together
form a complex microenvironment. Myeloid and lymphoid cells are present and localized to lobules, with
cytotoxic T and dendritic cells directly integrated into the epithelium [24]. The development of the
mucosal immune system is a direct result of microbial exposure, and the presence of immune effectors
within the complex microenvironment of the breast is suggestive of a breast microbiome [21]. Immune
cell function has also been extensively linked to progression of breast cancer [25–27]. The breast
microbiome may affect the development or progression of breast cancer by in�uencing the tumor
immune microenvironment (TIME). However, the extent of the microbial contribution to the TIME remains
unknown.

In this study, we sought to explore the in�uence of tumor microbiome on the local immune
microenvironment and on prognosis of patients with breast cancer. We compared the tumor microbiome
between breast cancer patients with or without metastasis/recurrence, and we evaluated the relationships
among tumor microbial diversity, tumor microbial abundance, and disease-free survival (DFS). Lastly, we
explored whether differences between the tumor microbiomes in the two groups of patients correlated
with differences in gene expression and fraction of tumor-in�ltrating immune cells (TIICs). Our goal was
to begin clarifying how the tumor microbiome may contribute to breast cancer progression.

Methods
Study subjects

All patients with breast cancer diagnosed by pathological examination at the First A�liated Hospital of
Nanchang University were retrospectively included in the study. Demographic and clinical data were
collected from medical records and telephone interviews; data included age, height, weight, ethnicity,
cancer stage, tumor molecular subtype, medical history (e.g. with or without breast �broma, mammary
duct ectasia, intraductal papilloma, mastitis), history of preoperative chemotherapy (e.g.
cyclophosphamide, anthracycline, paclitaxel), preoperative use of antibiotics, and disease-free survival
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(DFS) time after surgery. The study was approved by the Ethics Committee of the First A�liated Hospital
of Nanchang University, Nanchang, Jiangxi, China and informed consent was obtained from all subjects.

Breast cancer tissues from all the patients were collected during surgery and stored at -80°C. A total of
106 patients were included in the study, after matching with respect to age, stage, and prior therapies
(antibiotics and neoadjuvant treatment), 57 patients were divided into two groups: 26 patients with no
recurrence or metastasis (≥6-years DFS), hereafter called the NRM group; and 31 patients with recurrence
or metastasis (<6-years DFS), hereafter called the R/M group.

16S rRNA gene sequencing

Bacterial DNA from breast cancer tissue was extracted using the E.Z.N.A.® soil DNA Kit (Omega Biotek,
Norcross, GA, USA). The V3-V4 regions of bacterial 16S rRNA gene were ampli�ed using the primers 338F
(5’-ACTCCTACGGGAGGCAGCAG-3’) and 806R (5’-GGACTA CHVGGGTWTCTAAT-3’). The amplicon library
was used for paired-end sequenced (2× 300bp) on an Illumina MiSeq platform (Illumina, San Diego, CA,
USA).

16S rRNA gene bioinformatics analyses

Amplicon sequence variants (ASVs) were generated after �ltering, denoising, merging, and removal of
chimeric of raw sequences using the QIIME2 dada2 plugin [28]. The QIIME2 feature-classi�er plugin was
then used to align ASV sequences to GREENGENES database and annotated [29]. Kruskal-Wallis,
Wilcoxon, and Linear discrimination analysis (LDA) effect size (LEfSe) were applied to identify the
bacteria differing in abundance between the two groups [30], and the P-value was adjusted using the
Bonferroni method. Diversity metrics were calculated using the QIIME2 core-diversity plugin.

The alpha diversity of the microbiome was calculated as observed OTUs and Chao1 index. The beta
diversity was assessed using the Bray-Curtis metrics, unweighted UniFrac and weighted UniFrac.
Permutational Multivariate Analysis of Variance (PERMANOVA) was used to evaluate the diversity
differences between groups, and principal coordinate analyses (PCoA) were performed to visualize the
distance between samples [31]. Partial least squares discriminant analysis (PLS-DA) was applied as a
supervised model to reveal the microbiota variation between the two groups, using the “plsda” function in
R package “mixOmics”, and the classi�cation performance between the two groups by PLS-DA based on
tumor microbiome markers was assessed using the receiver operator characteristic (ROC) curve [32]. Co-
occurrence analysis was performed to calculate Spearman’s rank correlations between predominant
bacteria. Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt)
was applied to predict the potential function of tumor microbiomes [33]. The Dunn test was applied for
the predicted functions, and P-values were corrected using the Bonferroni method [34].

RNA sequencing (RNA-Seq)

Total RNA was extracted from tissue samples using TRIzol. The RNA integrity was veri�ed with an Agilent
2100 bioanalyzer (Agilent, Santa Clara, CA, USA). Sequencing libraries were generated using NEBNext®
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Ultra™ RNA Library Prep Kit for Illumina® (NEB, MA, USA). RNA libraries were sequenced using the
Illumina NovaSeq6000 platform to obtain 150 bp paired-end reads.

RNA-Seq bioinformatic analysis

HISAT2 [35] was used to align reads to the reference genome. The software StringTie was used to map
reads in order to estimate the expression of each gene transcript [36].

Gene expression levels were estimated by FPKM [37]. Differential expression analysis between the two
groups was performed using DESeq, and adjustment for multiple-testing with the procedure of Benjamini
and Hochberg yielded signi�cant differentially expressed genes (DEGs) based on the criteria of log2|fold
change| ≥ 1 and adjusted P < 0.05 [38, 39]. Gene Ontology (GO) enrichment analysis of DEGs was
performed using the clusterPro�ler R package [40]. Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analysis of DEGs was performed using the clusterPro�ler R package [40] and gage R package
[41].

Evaluation of in�ltrating immune cells in breast cancer tissue

CIBERSORT [42] was used to examine the relative fractions of 22 TIIC types based on the gene expression
pro�ling of tumor tissues; 22 TIIC types included B cells, T cells, natural killer cells, macrophages, and
dendritic cells, and others. CIBERSORT has been shown to accurately determine the lanscape of TIICs in
tumors of the breast, lung, colon, and prostate [43-45].

Statistical analysis

Demographic and clinical characteristics were compared between the two different groups using
Student’s t test or chi-squared test in SPSS 16.0 (IBM, Chicago, IL, USA). Kaplan-Meier survival curves
were used to estimate DFS, and differences between the two patient groups were assessed by log-rank
test. Associations of gene expression and TIICs with microbial abundance were assessed using
Spearman’s rank correlation in R software (version 3.3.2).

Results
Baseline demographic and clinical characteristics of study patients

The demographic and clinical charateristics of the 26 patients in the NRM group and the 31 patients in
the R/M group are shown in Table 1. No signi�cant differences were observed in age, body mass index,
ethnicity, cancer stage, neoadjuvant chemotherapy, antibiotics use (pre-surgery), or tumor molecular
subtypes.

Tumor microbial diversity was signi�cantly different between the two groups and was associated with
prognosis
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To explore the potential association of the tumor microbiome composition with prognosis of breast
cancer patients, we investigated differences in the microbiome composition of tumor tissues between
NRM and R/M patients. A total of 2,610,661 raw reads were obtained from all 57 samples, with an
average number of reads of 45,801±10,702 per sample (Additional �le 1:Table S1). After quality control
and removal of noise and chimeras, a total of 2,241,646 high-quality sequences were generated across all
samples (Additional �le 1:Table S2) and clustered into 4,569 OTUs (Additional �le 2:Figure S1; Additional
�le 1:Table S3). The rarefaction curves approached saturation, suggesting that the majority of OTUs were
recovered (Additional �le 2:Figure S2). 

Richness and evenness were higher in the tumor microbiome of NRM subjects than in that of R/M
patients in terms of alpha diversity, as measured in observed OTUs (P=0.024, Wilcoxon rank sum test, Fig.
1a) and Chao1 index (P=0.024, Wilcoxon rank sum test, Fig. 1b). However, the beta diversity was not
signi�cantly different between the two groups based on the Bray-Curtis index (P=0.853, Fig. 1c), weighted
UniFrac index (P=0.891, Fig. 1d), or unweighted UniFrac index (P=0.591, Fig. 1e) (all P from
PERMANOVA). The PCoA plot was not completely separated based on the Bray-Curtis metrics (Fig. 1f),
weighted UniFrac (Fig. 1g), or unweighted UniFrac metrics (Fig. 1h).

According to the PLS-DA, the tumor microbiomes of the NRM and R/M groups were clearly differentiated
into two independent clusters, suggesting that their composition was signi�cantly different (Fig. 1i). The
area under the curve (AUC) was 0.9975, indicating that the prediction model obtained by the PLS-DA
analysis is reliable. Thus, the tumor microbiome in R/M patients may be a strong predictor of recurrence
or metastasis in breast cancer patients (Fig. 1g).

Based on the alpha diversity results, we tested the relationship between tumor microbial diversity and
DFS by stratifying the patients in two groups based on median diversity obtained by observed OTUs
index. We found that patients with high alpha diversity showed signi�cantly longer DFS (median survival:
78 months) than those with low alpha diversity (median survival: 30 months) (Fig. 2).

The relationship between tumor microbial diversity and prognosis actually allowed the strati�cation of
breast cancer patients according to whether their alpha diversity was high or low. These �ndings support
the idea that tumor microbial diversity may be a prognostic predictor, and suggest that tumor microbiome
composition may in�uence tumor progression.

Tumor microbiome composition was signi�cantly different between NRM and R/M patients and was
associated with prognosis

To identify marked differences in the predominance of bacterial taxa between NRM and R/M patients,
different taxonomy levels were compared using LEfSe analysis based on Kruskal-Wallis and Wilcoxon
test to detect bacterial taxa with signi�cant differential abundances between NRM and R/M patients.
LEfSe then was performed using LDA to estimate the effect size of each differentially abundant taxa with
the criteria of LDA > 2 and P < 0.05. The tumors of NRM patients exhibited a predominance of
Ruminococcaceae at the family level and Anaerostipes at the genus level. In contrast, the tumors of R/M
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patients were dominated by Bacilli at the class level, Tissierellaceae and Enterococcaceae at the family
level, Lactobacillales at the order level, and Anaerococcus and Dechloromonas at the genus level (Fig.
3a,b).

The relative abundance of nine genera differed signi�cantly between NRM and R/M. Four genera were
enriched in R/M: Dechloromonas, Anaerococcus, Thiothrix and Microbacterium. Conversely, �ve genera
were less abundant in R/M: Ruminococcus, Anaerostipes, Weissella, Butyrivibrio and Deinococcus
(adjusted P < 0.05, Kruskal-Wallis and Wilcoxon; Fig. 4; Additional �le 1: Table S4).

We then strati�ed patients into high or low categories based on their median relative abundance of the
four genera Ruminococcus, Butyrivibrio, Deinococcus, and Microbacterium. Risk of recurrence or
metastasis was signi�cantly lower for breast cancer patients with higher abundance of Ruminococcus
[hazard ratio (HR)=0.4554, 95% con�dence interval (CI) 0.2169-0.9560], Butyrivibrio (HR=0.3537, 95% CI
0.1397-0.8957), or Deinococcus (HR=0.4763, 95% CI 0.2291-0.9901). Conversely, the risk was
signi�cantly higher for patients with higher abundance of Microbacterium (HR=2.632, 95% CI 1.113-
6.224) (Fig. 5a-d).

Tumor microbiome function was signi�cantly different between NRM and R/M patients

To determine whether the compositional differences between the two tumor microbiomes corresponded
to functional differences, PICRUSt was used to predict the potential function of tumor microbiomes using
16S rRNA gene data. The top 20 most abundant level 2 and 3 KEGG pathways in the two different groups
are shown in Fig. 6a,b. The comparison of enriched level 3 KEGG pathways between the two groups,
based on the Dunn test, is shown in the Additional �le 1: Table S5. In general, there were two level 3 KEGG
pathways enriched in the NRM group and 69 in the R/M group. Genes associated with iso�avonoid
biosynthesis and glycosylphosphatidylinositol-anchor biosynthesis were more abundant in NRM patients.
However, genes associated with bacterial invasion of epithelial cells, cell division, steroid hormone
biosynthesis, aminoacyl-tRNA biosynthesis, ECM-receptor interaction, and DNA replication were more
abundant in R/M patients (adjusted P < 0.05, Dunn test; Additional �le 1: Table S5).

Tumor DEGs between NRM and R/M patients

To investigate the differences in tumor gene expression at the transcriptional level, we performed
transcriptome sequencing on total RNA samples from 26 NRM patients and 31 R/M patients, whose
tumor microbiome DNA samples were used for 16S rRNA gene analyses. Overall, NRM and R/M groups
had 22,221,601 and 21,832,153 reads on average, respectively (Additional �le 1: Table S6). Using
DESeq2, we identi�ed 16 DEGs (adjusted P < 0.05, Benjamini-Hochberg correction; Fig. 7a,b; Additional
�le 1: Table S7). Of the 16 DEGs, 11 were upregulated in the R/M group (e.g. AKR1C3, CD36, AKR1C1,
MEST, and NR1H3), and �ve were downregulated (EIF5B, ANKHD1-EIF4EBP3, PABPN1, RBM47 and
KCNK6).
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Using clusterPro�ler, we carried out GO enrichment analysis on the DEGs. Using clusterPro�ler and gage R
packages, we conduct KEGG enrichment analysis on the DEGs. We were unable to obtain information
about GO and KEGG enrichment because of the small number of DEGs.

Associations between tumor microbiome differences and DEGs

In order to elucidate how microbial abundance in breast tumors may in�uence prognosis, we considered
correlations between nine microbial taxa and 16 DEGs (Fig. 8; Additional �le 1: Table S9). The relative
abundance of Ruminococcus (Spearman rho=0.337, P=0.01) positively correlated with the expression of
RBM47. The relative abundance of Anaerostipes positively correlated with the expression of EIF5B
(Spearman rho=0.364, P = 0.005), RBM47 (Spearman rho=0.387, P=0.003), and ANKHD1-EIF4EBP3
(Spearman rho=0.346, P=0.008). The relative abundance of Weissella positively correlated with the
expression of PABPN1 (Spearman rho=0.268, P=0.044), EIF5B (Spearman rho=0.263, P=0.048), RBM47
(Spearman rho=0.294, P=0.026), and ANKHD1-EIF4EBP3 (Spearman rho=0.319, P=0.016). The relative
abundance of Butyrivibrio positively correlated with the expression of RBM47 (Spearman rho=0.354,
P=0.007) and ANKHD1-EIF4EBP3 (Spearman rho=0.339, P=0.01). The relative abundance of
Dechloromonas positively correlated with the expression of ANKHD1-EIF4EBP3 (Spearman rho=0.294,
P=0.026). The relative abundance of Anaerococcus positively correlated with the expression of PABPN1
(Spearman rho=0.354, P=0.007), EIF5B (Spearman rho=0.308, P=0.02), and RBM47 (Spearman
rho=0.305, P=0.021), and negatively correlated with the expression of PLIN2 (Spearman rho=-0.29,
P=0.028), VAMP5 (Spearman rho=-0.285, P=0.032), FOS (Spearman rho=-0.291, P=0.028), and TXNIP
(Spearman rho=-0.393, P=0.003).

The relative abundance of Thiothrix negatively correlated with the expression of EIF5B (Spearman
rho=-0.292, P=0.028) and RBM47 (Spearman rho=-0.276, P=0.038). The relative abundance of
Deinococcus negatively correlated with the expression of CD36 (Spearman rho=-0.283, P=0.033), and
positively correlated with the expression of EIF5B (Spearman rho=0.383, P=0.003), RBM47 (Spearman
rho=0.310, P=0.019), and ANKHD1-EIF4EBP3 (Spearman rho=0.301, P=0.023).

In�uence of tumor microbiome on the TIME in breast cancer

Next, we aimed to explore the role of the tumor microbiota on the local immune microenvironment and
the natural history of the cancer. We used the CIBERSORT tool to examine the relative fractions of 22 TIIC
types based on the gene expression pro�ling of tumor tissues, and we explored associations between
relative microbial abundance and TIICs. Fig. 9 exhibits the relative proportions of the 22 TIIC
subpopulation in tumor samples. The fractions of plasma cells, CD8+ T cells, follicular helper T cells,
gamma delta T cells, activated NK cells, M0 macrophages, M1 macrophages, activated mast cells, and
eosinophils were higher in tumor tissue from NRM patients than in tumors from R/M patients (Fig. 10).
Conversely, the fractions of memory B cells, naive CD4+ T cells, resting memory CD4+ T cells, resting NK
cells, monocytes, M2 macrophages, resting dendritic cells, activated dendritic cells, resting mast cells, and
neutrophils were lower in tumor tissues from NRM patients (Fig. 10).
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Next, associations between the tumor microbiome and the 22 TIIC types were analyzed to con�rm the
two-way relationship (Fig. 11; Additional �le 1: Table S10). The relative abundance of Dechloromonas
positively correlated with the fraction of activated mast cells (Spearman rho=0.268, P=0.044), while it
negatively correlated with the fraction of resting mast cells (Spearman rho=-0.33, P=0.012). The relative
abundances of Weissella (Spearman rho =-0.279, P=0.036) and Anaerostipes (Spearman rho =-0.279,
P=0.036) negatively correlated with the fraction of gamma delta T cells. A trend towards a positive
correlation was observed between the relative abundance of Butyrivibrio and the fraction of activated NK
cells (Spearman rho=0.258, P=0.052).

Discussion
In our study, we explored the in�uence of the tumor microbiome on the prognosis of breast cancer. We
performed a comprehensive comparison of the tumor microbiome between R/M and NRM breast cancer
patients. We analyzed tumor microbiomes in terms of taxonomic pro�le and function, and established
associations with tumor DEGs and TIICs. Overall, we detected a substantial microbiome in breast tumors,
as previously reported [23, 46]. We found that tumor bacterial diversity was higher in the NRM group than
in the R/M group. Furthermore, the NRM and R/M groups had different tumor microbiome signatures,
with certain bacterial genera that were predictive of DFS. We also observed that differences in the tumor
microbiome were associated with differences in TIIC subpopulations. We therefore hypothesize that
tumor microbiota may play an important role in the natural history of breast cancer by in�uencing the
local immune microenvironment.

Several bacterial genera were found to be less abundant in R/M relative to NRM patients: Ruminococcus,
Anaerostipes, Weissella, Butyrivibrio, and Deinococcus. Ruminococcus [47, 48] and Butyrivibrio [49] have
been reported to produce butyrate. Butyrate acts as an antitumorigenic and antiproliferative agent, due to
its regulation of genes that decrease cell proliferation and its ability to induce apoptosis by inhibiting
histone deacetylases [50]. Moreover, studies suggest that microbially produced butyrate regulates the
differentiation of T cells [51]. Immune cell function has also been extensively linked to progression of
breast cancer [25–27]. The reduction of butyrate may in�uence the differentiation of T cells and increase
the possibility of breast cancer progression. This is supported by our observation that the proportions of
CD8+ and follicular helper T cells were lower in tumor tissues of R/M patients than in tumors of NRM
patients. This may be because R/M patients had lower abundance of butyrate-producing bacteria, which
correlated with signi�cantly worse prognosis.

The R/M group presented higher relative abundances of Dechloromonas, Anaerococcus, Thiothrix, and
Microbacterium than the NRM group. Anaerococcus is a member of the Gram-positive anaerobic cocci
able to induce in�ammation, remodeling of the extracellular matrix (ECM) and re-epithelialization [52].
The promotion of in�ammation and remodeling of the ECM results in mutagenesis that may promote the
onset and progression of cancer [53]. Studies have shown that Anaerococcus is involved in progression
of cervical intraepithelial neoplasia [54, 55] and bladder cancer [56]. Therefore, the increase of
Anaerococcus may be related to progression of breast cancer.
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Differences in tumor microbial composition likely translate into differences in tumor microbial function.
Genes involved in steroid hormone biosynthesis and ECM-receptor interaction were more abundant in
R/M patients. Breast cancer is hormone-dependent: steroid hormones play a key role in breast cancer
onset and progression [57], and these hormones exert their mitogenic effects by binding to estrogen,
progesterone, and androgen receptors [58]. Several studies have shown that the ECM-receptor signaling
pathway plays a crucial role in modulating breast cancer metastasis [59–62]. Therefore, enrichment of
steroid hormone biosynthesis and ECM-receptor interaction in R/M patients may promote breast cancer
progression.

In order to begin explaining how differences in tumor microbiome composition may in�uence prognosis,
we correlated differences in microbial abundance to DEGs between R/M and NRM patients. We observed
a negative correlation between the relative abundance of Deinococcus, a predictor for better prognosis in
breast cancer patients in our study, and expression of CD36, which plays a critical role in proliferation and
migration of breast cancer cells [63]. These �ndings indicate that the interactions between host gene
expression and microbiome may be involved in the progression of breast cancer.

We analyzed the composition of TIICs between the two patient groups in order to explore the in�uence of
the tumor microbiota on the local immune microenvironment and the natural history of the cancer. We
observed the differences of composition of TIICs between the two patient groups. And we discovered that
the relative abundances of Anaerostipes and Weissella were negatively correlated with the fractions of
gamma delta T cells, which has been associated with longer DFS in breast cancer [64, 65]. Furthermore,
the relative abundance of Dechloromonas was positively correlated with the fraction of activated mast
cells, previously associated with good prognosis in breast cancer [66–69]. In addition, we observed a
trend for a positive correlation between Butyrivibrio and activated NK cells, which are involved in
inhibiting the growth and metastasis of tumors [70–72]. These results are consistent with reports
showing that the numbers of natural killer cells markedly increase in response to Butyrivibrio �brisolvens
(the main member of Butyrivibrio) [73], and that increased numbers of natural killer cells may contribute
to the alleviation of carcinogenesis by B. �brisolvens [74]. This is supported by our observations, since
breast cancer patients with more abundant Butyrivibrio showed better prognosis.

Conclusion
In summary, we provide evidence that the tumor microbiome is associated with prognosis of breast
cancer patients. The tumor microbiome may in�uence the TIME and thereby in�uence risk of recurrence
or metastasis. Thus, the tumor microbiome may be a useful prognostic indicator in breast cancer.
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NRM: Without recurrence or metastasis; R/M:Relapse or metastasis; DEGs:Differentially expressed genes;
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multivariate analysis of variance; PCoA:Principal coordinate analyses; PLS-DA:Partial least squares
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Table 1. Demographic and clinical characteristics of the study patients.
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Characteristic NRM (n=26) R/M (n=31) P value

Age (x̄±sd) 51.31±11.99 50.94±9.24 0.895

BMI (x̄± sd) 22.36±2.07 22.68±3.16 0.67

Ethnicity      

   Han 26 30 1.000

   Non- Han 0 1

DFS (months) (x̄±sd) 84.46±10.04 23.35±22.2 <0.001

Cancer stage      

   IIA 4 5 0.275

   IIB 8 4

   IIIA 6 5

   IIIB 1 5

   IIIC 7 12

Neoadjuvant chemotherapy      

   Yes 5 9 0.392

   No 21 22

Antibiotics (pre-surgery)      

   Yes 4 2 0.274

   No 22 29

Molecular subtype      

   Luminal A 5 4 0.59

   Luminal B 11 11

   HER2- enriched 9 12

   Basal-like 1 4

Abbreviations: NRM, without recurrence or metastasis : R/M, relapse or metastasis; x̄, mean; sd, standard
deviation; BMI, body mass index; DFS, disease-free survival; HER2, human epidermal growth factor
receptor 2.

Figures
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Figure 1

Comparison of microbiome alpha and beta diversity between patients experiencing no recurrence or
metastasis (NRM) and patients experiencing recurrence or metastasis (R/M). a Observed OTUs index. b
Chao1 index. c Bray-Curtis distance index. d Weighted UniFrac index. e Unweighted UniFrac distance
index. f Principal coordinate analysis (PCoA) of Bray-Curtis metrics. g PCoA of weighted UniFrac matrix. h
PCoA of unweighted UniFrac matrix. i Partial least squares discriminant analysis (PLS-DA) on OTUs
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between the NRM and R/M groups. j Receiver operating characteristic (ROC) curve analysis for the
predictive value of the model constructed based on the PLS-DA analysis. The area under the curve (AUC)
of the NRM and R/M groups was 0.9975. *P<0.05

Figure 1

Comparison of microbiome alpha and beta diversity between patients experiencing no recurrence or
metastasis (NRM) and patients experiencing recurrence or metastasis (R/M). a Observed OTUs index. b
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Chao1 index. c Bray-Curtis distance index. d Weighted UniFrac index. e Unweighted UniFrac distance
index. f Principal coordinate analysis (PCoA) of Bray-Curtis metrics. g PCoA of weighted UniFrac matrix. h
PCoA of unweighted UniFrac matrix. i Partial least squares discriminant analysis (PLS-DA) on OTUs
between the NRM and R/M groups. j Receiver operating characteristic (ROC) curve analysis for the
predictive value of the model constructed based on the PLS-DA analysis. The area under the curve (AUC)
of the NRM and R/M groups was 0.9975. *P<0.05

Figure 2

Kaplan-Meier estimates for disease-free survival (DFS) de�ned by alpha diversity in no recurrence or
metastasis (NRM) and recurrence or metastasis (R/M) groups.
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Figure 2

Kaplan-Meier estimates for disease-free survival (DFS) de�ned by alpha diversity in no recurrence or
metastasis (NRM) and recurrence or metastasis (R/M) groups.
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Figure 3

Linear discrimination analysis (LDA) effect size (LEfSe) analysis revealed differentially abundant taxa
between patients with no recurrence or metastasis (NRM) and patients with recurrence or metastasis
(R/M). a Cladogram showing the different taxonomic composition in the two groups. Differences are
represented by the color of the most abundant class (red, R/M group; green, NRM group; yellow,
insigni�cant). Each ring represents a speci�c taxonomic level. b LDA score computed from features
differentially abundant between NRM and R/M patients (green, NRM group; red, R/M group ). The criteria
for feature selection was LDA > 2.
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Figure 4

Heatmap of tumor microbiome differences at genus level between patients experiencing no recurrence or
metastasis (NRM) and patients experiencing recurrence or metastasis (R/M).

Figure 4

Heatmap of tumor microbiome differences at genus level between patients experiencing no recurrence or
metastasis (NRM) and patients experiencing recurrence or metastasis (R/M).
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Figure 5

Kaplan-Meier estimates for disease-free survival (DFS) based on the abundance levels of microbes. a-c
Kaplan-Meier estimates for DFS based on the abundance levels of microbes enriched at genus level in
patients experiencing no recurrence or metastasis (NRM). Ruminococcus (a), Butyrivibrio (b), and
Deinococcus (c). d Kaplan-Meier estimates for DFS based on the abundance levels of microbes that were
enriched (at the genus level) in patients who experienced recurrence or metastasis (R/M).
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Figure 6

The top 20 predicted metagenomic functions at level 2 a and level 3 b of the Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways.
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Figure 6

The top 20 predicted metagenomic functions at level 2 a and level 3 b of the Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways.
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Figure 7

Differentially expressed genes (DEGs) between the two groups. a Heatmap of DEGs between the two
groups. b Volcano plot for DEGs between the two groups. Red colour indicates up-regulated genes in
patients experiencing no recurrence or metastasis; blue colour indicates down-regulated genes in those
patients.
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Figure 8

Associations between tumor microbiome differences and differentially expressed genes. *P < 0.05, **P <
0.01.
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Figure 8

Associations between tumor microbiome differences and differentially expressed genes. *P < 0.05, **P <
0.01.
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Figure 9

Relative proportions of the 22 tumor-in�ltrating immune cell subpopulations in all tumor samples.

Figure 9

Relative proportions of the 22 tumor-in�ltrating immune cell subpopulations in all tumor samples.
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Figure 10

Boxplot presenting the differences in the 22 tumor-in�ltrating immune cell subpopulations between
patients experiencing no recurrence or metastasis (NRM) and patients experiencing recurrence or
metastasis (R/M). *P<0.05, **P <0.01, ***P<0.001, ****P<0.0001.

Figure 10
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Boxplot presenting the differences in the 22 tumor-in�ltrating immune cell subpopulations between
patients experiencing no recurrence or metastasis (NRM) and patients experiencing recurrence or
metastasis (R/M). *P<0.05, **P <0.01, ***P<0.001, ****P<0.0001.

Figure 11

Associations between tumor microbiome differences and differences in tumor-in�ltrating immune cell
abundance. *P< 0.05.
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Figure 11

Associations between tumor microbiome differences and differences in tumor-in�ltrating immune cell
abundance. *P< 0.05.
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