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Abstract
Purpose  Previous reports suggest that a complex microbiome exists within the female human breast that might contribute to 
breast cancer etiology. The purpose of this pilot study was to assess the variation in microbiota composition by breast side 
(left versus right) within individual women and compare the microbiota of normal and breast tumor tissue between women. 
We aimed to determine whether microbiota composition differs between these groups and whether certain bacterial taxa 
may be associated with breast tumors.
Methods  Bilateral normal breast tissue samples (n = 36) were collected from ten women who received routine mammoplasty 
procedures. Archived breast tumor samples (n = 10) were obtained from a biorepository. DNA was extracted, amplified, and 
sequenced. Microbiota data were analyzed using QIIME and RStudio.
Results  The most abundant phyla in both tumor and normal tissues were Bacteroidetes, Firmicutes, Proteobacteria, and 
Actinobacteria. There were statistically significant differences in the relative abundance of various bacterial taxa between 
groups. Alpha diversity (Simpson’s index) was significantly higher in normal compared to tumor samples (0.968 vs. 
0.957, p = 0.022). Based on unweighted UniFrac measures, breast tumor samples clustered distinctly from normal samples 
(R2 = 0.130; p = 0.01). Microbiota composition in normal samples clustered within women (R2 = 0.394; p = 0.01) and by 
breast side (left or right) within a woman (R2 = 0.189; p = 0.03).
Conclusion  Significant differences in diversity between tumor and normal tissue and in composition between women and 
between breasts of the same woman were identified. These results warrant further research to investigate the relationship 
between microbiota and breast cancer.

Keywords  Breast · Cancer · Microbiota · Tumor microenvironment

Background

Breast cancer is the most commonly diagnosed cancer and 
the leading cause of cancer-related mortality among women, 
accounting for more than 500,000 deaths worldwide each 
year [1]. Breast cancer is a highly heterogeneous disease 
with a complex etiology. Although the etiology is not fully 
understood, several well-established risk factors have been 
identified including age, race and ethnicity, reproductive 
characteristics, postmenopausal hormone use, genetic and 
epigenetic factors, and various environmental factors [2, 3]. 
However, these factors do not completely explain the risk of 
developing breast cancer. In fact, a recent study found that 
approximately 70% of women diagnosed with breast cancer 
under the age of 50 were not considered to be at a high 
lifetime risk [4]. Therefore, other potential factors, such as 
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the microbiome, have been of recent interest in regard to the 
development and progression of breast cancer.

The human microbiome consists of approximately 
10–100 trillion symbiotic microorganisms that inhabit 
diverse anatomic sites within the body [5]. The organisms 
that constitute the microbiome, along with their respective 
metabolites, have been found to contribute to the risk of 
certain cancers such as colon [6], stomach [7], liver [8], 
and breast [9]. While the gut has received the most research 
interest in regard to the connection between the microbiome 
and cancer, other anatomic sites have also been explored. 
Although originally thought to be a sterile site, it has been 
suggested that breast tissue may be exposed to microorgan-
isms and associated metabolites via bacterial translocation 
between the gut microbiome and the mammary glands [10] 
or direct nipple-oral contact [11]. The microbiome of the 
breast tissue itself has recently been hypothesized to influ-
ence the initiation and progression of breast cancer [11–18].

To date, only a few studies have explored the association 
between the microbial make-up of the local breast tissue 
environment and breast cancer. Most existing studies have 
found the breast microbiome composition to be dominated 
by a combination of Proteobacteria, Firmicutes, and Bac-
teroidetes [11–20]. Measures of diversity vary across these 
studies with the majority finding no significant differences 
in alpha diversity but observable differences in clustering 
between non-tumor and tumor tissues [11, 13, 17]. Further, 
a few of these studies have found differences in composi-
tion and abundance of the breast microbiome across tumor 
subtypes and stages of breast cancer. Although some studies 
found no difference across tumor subtypes [17] or stages 
[16, 17], other studies found differences in the relative abun-
dance of microbiota across stages [19], observed an inverse 
relationship between total bacterial load and stage [18], and 
detected differences in microbial signatures between human 
epidermal growth factor receptor 2 (HER2) positive, endo-
crine receptor positive (estrogen and progesterone positive), 
triple negative (estrogen, progesterone, and HER2 negative), 
and triple positive (estrogen, progesterone, and HER2 posi-
tive) subtypes [12].

Breast cancer is typically diagnosed unilaterally, sug-
gesting possible differences in the local tissue microenvi-
ronment between the two breasts of the same woman. One 
such local factor could be the microbiome. However, there 
are no existing studies that have described within-woman 
differences in the microbiomes of the left and right breasts. 
Therefore, differences in the composition and abundance 
of the tissue microbiome between the left and right breasts 
within a woman remain unknown. In this exploratory study, 
we aimed to (1) identify the presence of a distinct microbi-
ome within normal breast tissue, (2) evaluate possible dif-
ferences between the microbiome profiles of the left and 
right breasts within an individual woman, and (3) evaluate 

possible differences between the microbiome profiles of nor-
mal breast tissue and breast tumor tissue.

Materials and methods

Tissue collection

A total of ten archived breast cancer tumor tissue samples 
were obtained through the University of Florida (UF) Clini-
cal and Translational Sciences Institute (CTSI) Bioreposi-
tory. All ten samples were from white, non-Hispanic women. 
These samples were stored in liquid nitrogen and, after 
retrieval, were transported to the UF Emerging Pathogens 
Institute (EPI) for further processing.

Additionally, normal breast tissue samples were obtained 
from ten women undergoing routine reduction mammoplasty 
at the UF Health Department of Plastic Surgery. Out of the 
ten women who underwent reduction mammoplasty proce-
dures, eight provided two samples from each of the breasts 
while the remaining two women provided two samples from 
only one breast. A total of 36 normal tissue samples were 
obtained. These fresh tissue samples were delivered to the 
UF Department of Pathology for routine clinical testing and 
histological assessment to ensure a cancer-free status. Tissue 
immediately adjacent to the section used for clinical testing 
was collected, de-identified, placed in a preservative solu-
tion (RNAlater), and transported to the UF EPI for further 
processing.

DNA extraction, amplification, and sequencing

DNA was extracted from homogenized tissue samples using 
Qiagen DNA Blood and Tissue kit (Qiagen) and manu-
facturer protocols with the addition of a mechanical lysis 
bead-beating step (Biospec Products). Following extraction, 
DNA concentration for each sample was measured using the 
Nanodrop platform. Genomic DNA from the tissue samples 
was amplified via polymerase chain reaction (PCR) using 
barcoded primers for the V1–V2 hypervariable regions of 
the bacterial 16S rRNA. Concentration of barcoded PCR 
products were measured (Quati-iT dsDNA assay kit, Invit-
rogen) and equimolar amounts were then pooled and purified 
(Mag-Bind TotalPure NGS beads, Omega Bio Tek). The 
Illumina Mi-Seq platform was used to pair-end (250 × 2) 
sequence the samples. A blank negative extraction control 
consisting of sterile water was run in conjunction with the 
samples during DNA extraction, amplification, and sequenc-
ing in order to identify possible contamination that could 
influence the results of microbiota analysis due to the low 
biomass nature of breast tissue.
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Microbiota data processing and analysis

Quantitative Insights into Microbial Ecology (QIIME) tool 
(version 1.9.1; open source software) [21] and the Brazil-
ian Microbiome Project (BMP) [22] pipelines were used 
to trim, quality filter, and cluster sequences into de novo 
operational taxonomic units (OTUs) at the 98% similarity 
level using UCLUST [23]. Rarefaction curves to assess spe-
cies richness and comparability of the samples were also 
generated through these pipelines. Chimeras were removed 
and taxonomy was assigned to OTUs using the Ribosomal 
Database Project (RDP) [24] classifier and verified against 
the Greengenes 16S rRNA gene database [25]. A phyloge-
netic tree for diversity analyses was generated with the Fast-
Tree pipeline [26]. All OTUs present in the negative control 
and those not classified at the phylum level were removed 
prior to analysis. Further, phyloseq [27] was used to filter 
and remove all OTUs without at least ten total reads across 
samples and those not present in at least 10% of all sam-
ples prior to all downstream analyses. For each sample and 
taxonomic level, relative abundance was calculated as the 
number of counts for a specific taxonomic classification (i.e., 
particular genera such as Bacteroides) divided by the total 
number of counts for all classifications at that taxonomic 
level (i.e., all genera). Normalization, a procedure used to 
render all samples comparable by removing bias due to vari-
able sequencing depths, was performed prior to conducting 
ordination or differential abundance analyses. The procedure 
chosen for this analysis involves the log transformation of 
OTU counts using the formula suggested by McCurdie and 
Holmes [27], log(1 + x), which accounts for the high propor-
tion of zero counts naturally present in microbiome data-
sets. Beta diversity (community diversity between samples) 
was assessed using both weighted and unweighted UniFrac 
measures of phylogenetic distance generated using Phy-
loseq [27]. Alpha diversity (diversity within a sample) was 
assessed using Shannon diversity and Simpson’s index, also 
calculated with Phyloseq [27]. The DESeq function within 
the DESeq2 package, which uses built-in normalization pro-
cedures, was used to conduct differential abundance analyses 
between groups [28]. KEGG Functionality was predicted for 
all OTUs using the metagenomics inference tool Piphillin. 
Methods concerning the inference of metagenomic content 
and copy number normalization are described elsewhere 
[29]. Tumor samples were not analyzed by receptor status 
due to the small samples size (n = 10).

Statistical analysis

All statistical analyses were conducted with RStudio (RStu-
dio Team) [30] and QIIME (version 1.9.1; open source 
software) [21]. The DESeq2 package was used to conduct 
Wald’s test to identify differentially abundant OTUs between 

groups. The Mann–Whitney U test, a non-parametric test 
for two independent samples, was used to assess differences 
in relative abundance of taxa, alpha diversity measures, 
and KEGG functional pathway abundance between tumor 
and normal breast tissue samples. Permutational Multivari-
ate Analysis of Variance Using Distance Matrices (PER-
MANOVA) was performed with 99 iterations via the Adonis 
function within the R package vegan (version 2.5-4) [31] to 
evaluate the differences in UniFrac distance metrics between 
groups. The MaAsLin2 R package was used to run a general-
ized linear mixed effects model (with individual subject ID 
as the random effect and disease status as the fixed effect) to 
identify OTUs associated with tissue group while control-
ling for the paired nature of the normal tissue samples [32]. 
p values for relative abundance and differential abundances 
analyses were adjusted for multiple comparisons using the 
Benjamini–Hochberg method. A p value of less than 0.05 
was considered to be statistically significant.

Results

In total, 46 breast tissue samples (10 tumor and 36 normal) 
were analyzed. From these samples, we obtained a total 
of 5,070,480 sequence reads with an average of 98,402 
total reads per sample from tumor tissue and an average of 
112,232 total reads per sample from normal tissue. A total 
of 2,366 unique OTUs were identified at the 98% similar-
ity level. After filtering to remove all OTUs present in the 
negative control, those without a phylum level classifica-
tion, and those not present in at least 10% of all samples, a 
total of 412 remained and were used in the analysis. The ten 
most abundant OTUs were of the family Ruminococcaceae 
and genera Acidaminococcus, Acinetobacter, Akkermansia, 
Bacteroides, and Sutterella. Of these OTUs, Ruminococ-
caceae and Akkermanisa were consistently in higher relative 
abundance in tumor compared to normal tissue. Bacteroides 
and two of the three OTUs classified as Sutterella were in 
lower relative abundance in tumor compared to normal tis-
sue (Fig. 1).

Alpha diversity between groups

Simpson’s index, on average, was significantly higher with 
more variation in range in normal breast tissue samples 
(0.968; range of 0.574–0.989) compared to tumor breast 
tissue samples (0.957; range of 0.741–0.989; p  for differ-
ence = 0.022). Simpson’s index is a measure of similarity 
and has a range of values between 0 and 1, with 1 equating to 
complete evenness of the community within a sample. This 
index accounts for both richness and evenness, with more 
weight placed on the presence of common or dominant spe-
cies [33]. Similarly, the difference in the average Shannon 
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diversity value between groups was higher, although not 
reaching significance, in the normal samples (4.57; range 
of 1.82–4.98) compared to the tumor samples (4.51; range 
of 3.06–5.00; p for difference = 0.424). Shannon diversity 
can assume values greater than 1, with an increase in val-
ues indicating increases in both richness and evenness of 
the community within a sample. Neither Simpson’s index 
(p = 0.274) nor Shannon diversity (p = 0.706) were found to 
be consistently different between the left and right breasts 
of healthy women.

Differences in relative abundance at various 
taxonomic levels

A total of ten phyla, 58 families, and 74 genera were identi-
fied. 25 OTUs were present in at least one normal tissue 
sample but none of the tumor tissue samples and only one 
was present in at least one tumor tissue sample but none of 
the normal tissue samples. Out of the ten total phyla, eight 
were observed in OTUs found only in normal tissue. The 
OTU exclusive to tumor tissue was of the Aerococcaceae 
family and was present in 50% of these samples. The four 
most predominant phyla which constitute over 94% of the 

average relative abundance per group demonstrated distinct 
clustering by weighted UniFrac distances, which take into 
account both presence and abundance, on individual PCoA 
plots (Fig. 2).

The relative abundance of five of the ten phyla were found 
to be significantly different between normal and tumor tissue 
with a higher relative abundance in normal tissue samples 
including Cyanobacteria (0.56 vs. 0.17%; p = 0.021), Pro-
teobacteria (17.2 vs. 9.13%; p < 0.001), Synergistetes (4.70 
vs. 0.06%; p = 0.013), and Tenericutes (0.82 vs. 0.21%; 
p = 0.006). Verrucomicrobia was significantly less abun-
dant in normal compared to tumor samples (2.18 vs. 5.21%; 
p < 0.001) (Fig. 3a and Online Resource 1a).

Heterogeneity was observed at the phylum level 
between the left and right breasts within an individual 
woman. Of note, both samples for each breast side (two 
for left and two for right) were similar in their rela-
tive abundance measures for each phylum within each 
woman. The median percent difference observed for each 
phylum between the two breasts of each woman ranged 
from 15.65 to 180.25% (the change was larger than the 
original value of relative abundance in one breast) with 
an average of 53.62% across all phyla (Online Resource 

Fig. 1   Relative abundance of 10 most abundant OTUs between nor-
mal and tumor tissue groups. The average relative abundance of the 
top ten most abundant OTUs are displayed by group (normal and 
tumor tissue). The average relative abundance of each OTU is shown 
as a boxplot with the central line representing the median. The rela-

tive abundance values for each individual sample are included as dots 
around the boxplot. P values for the difference between groups are 
displayed for each OTU and were generated through non-parametric 
Mann–Whitney U test and adjusted using the Benjamini–Hochberg 
method
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2). Synergistetes, Tenericutes, TM6, and Verrucomicro-
bia had a median difference of over 50% between the two 
breasts.

The relative abundance proportions of 36 bacterial fami-
lies were also found to be statistically significantly different 
between normal and tumor tissue groups. Among the fami-
lies constituting over 1% of the average total relative abun-
dance, [Odoribacteraceae], Porphyromonadaceae, Rumi-
nococcaceae, and Verrucomicrobiaceae were statistically 
significantly higher in relative abundance and Alcaligen-
aceae and Flavobacteriaceae, Moraxellaceae, and Prevo-
tellaceae were significantly lower in relative abundance 
in tumor compared to normal tissue (Fig. 3b and Online 
Resource 1b).

Further, 59 genera were statistically significantly different 
between normal and tumor tissue groups. Among the genera 
constituting over 1% of the average total relative abundance, 
Acinetobacter, Flavobacterium, Prevotella, Staphylococcus, 
and Sutterella were found in higher abundance and Akker-
mansia, Butyricimonas, and Parabacteroides were found 
in lower abundance in tumor compared to normal tissue 
(Fig. 3c and Online Resource 2c).

OTUs associated with normal and tumor tissue 
groups

Differential abundance calculations were also conducted in 
order to identify OTUs that are associated with tumor-status. 

Fig. 2   Weighted UniFrac distances of most prominent phyla plot-
ted via PCoA by group. Distinct clustering is observable between 
the normal and tumor tissue groups for each of the four most domi-
nant phyla via individual PCoA plots of the weighted UniFrac dis-
tances. These four phyla (Actinobacteria, Bacteroidetes, Firmicutes, 

and Proteobacteria) constitute more than 94% of the average relative 
abundance per group. Each shape on the plot represents an individual 
sample. Data were normalized for equitable comparison prior to ordi-
nation. Normal tissue samples are red circles and tumor tissue sam-
ples are blue triangles
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A total of 77 OTUs were found to be significantly different in 
terms of differential abundance between tumor and normal 
tissue samples (Fig. 4). The absolute value of the log2 fold 
changes for these differences per OTU ranged from 0.853 
to 6.07. The OTUs with the highest magnitude of change 
associated with higher abundance in tumor tissue were of the 
Pseudomonoadaceae (R2 = 4.43), Dietziaceae (R2 = 3.74), 
Gemellaceae (R2 = 3.66), and Neisseriaceae (R2 = 2.43) 
families. Conversely, the OTUs with the highest magnitude 
of change associated with higher abundance in normal tissue 
were of [Mogibacteriaceae] family (R2 = 5.43), and Acineto-
bacter (R2 = 6.07), Brevibacillus (R2 = 5.15), and Flavobac-
terium genera (R2 = 5.97). Interestingly, only three genera 
were found to be associated with higher differential abun-
dance for both tumor and normal tissue samples including 
Bacteroides, Staphylococcus, and Sutterella (Fig. 4).

A linear mixed effects model, controlling for the paired 
nature of the normal tissue samples by setting individual 

subject ID as a random effect, identified 131 OTUs as asso-
ciated with tissue group with coefficients ranging from 
− 2.214 to 1.914. Of these, 59 were associated with nor-
mal tissue and 72 were associated with tumor tissue sam-
ples. The OTUs with the highest magnitude of association 
with tumor tissue were of families Ruminococcaceae and 
Rikenellaceae and genera Butyricimonas, Sutterella, and 
Akkermansia. Those with the highest magnitude of associa-
tion with normal tissue were of Clostridiales order, [Mogi-
bacteriaceae] family, and Flavobacterium, Acinetobacter, 
and Brevibacillus genera (Online Resource 3).

Differences in community similarity between groups

The overall similarity of the microbiota between the 
two groups was evaluated visually using a PCoA plot of 
unweighted UniFrac distances and statistically using PER-
MANOVA. The UniFrac distances differed significantly 

Fig. 3   Relative abundance of phyla, families, and genera in nor-
mal and tumor tissue. Average relative abundance of (a) phyla, (b) 
families, and c genera by group (normal and tumor tissues). *Indi-
cates significant differences in relative abundance between groups 
(p < 0.05). Taxa that are significantly different between groups have 

a corresponding p value on each graph. p values were generated 
through a Mann–Whitney U test and adjusted for multiple compari-
sons using the Benjamini–Hochberg method. Only taxa with an aver-
age relative abundance of over 2% per group were included in the b 
family and c genus graphs
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between tumor and normal tissue samples (R2 = 0.130; 
p = 0.01) and the breast tumor tissue samples demonstrated 
distinct clustering on the PCoA plot (Fig. 5). Although 
normal tissue samples were distributed somewhat hetero-
geneously across the plot overall, we found that the samples 
clustered significantly by individual women (R2 = 0.394; 
p = 0.01) (Fig. 6). Further, we detected significant clustering 
by breast side (left or right) within each woman (R2 = 0.189; 
p = 0.03) (Fig. 6). As an additional control measure, the tis-
sue samples were compared to soil and human stool sam-
ples, both of which are commonly investigated in the lab 
used in this study. We determined that breast tissue, soil, 
and stool samples clustered distinctly differently from one 
another, suggesting limited cross-contamination between 
these sources (Online Resource 4). Although swabs from 
the breast skin prior to each surgical procedure would have 
also served as informative comparisons, collection of such 
samples was outside of the scope of the current project. 
However, a similar study investigating the breast tissue 

microbiome utilized swabs of disinfected areas of the breast 
skin prior to surgery as controls. These authors concluded 
that the breast tissue samples clustered separately from the 
skin swab controls, suggesting a distinct microbial profile 
associated with breast tissue [16].

Predicted functionality of OTUs by group

A total of 288 predicted KEGG Orthology functional path-
ways were identified across all microbiota samples. The pre-
dicted abundance of 205 of these functional pathways were 
significantly different between the microbiota from normal 
and tumor tissue groups. Of these, 16 pathways predicted 
to be in higher abundance in microbiota from tumor tissue 
share similarities to pathways associated with carcinogen-
esis in breast tissue including those with predicted func-
tions related to base excision repair, Th17 cell differentia-
tion, choline and central carbon metabolism, necroptosis, 
microRNAs and proteoglycans involved in carcinogenesis, 

Fig. 4   Significantly different taxa identified by differential abundance 
between normal and tumor tissue. This graph depicts the magnitude 
of change (log2 FoldChange) in terms of abundance between tumor 
and normal tissue. The black horizontal line indicates no difference 
(R2 = 0). All circles above this line represent OTUs more abundant in 
tumor samples and all circles below this line represent OTUs more 

abundant in normal samples. The color of the circle indicates phylum 
and the location on the horizontal axis indicates genus. All OTUs 
shown were found to be statistically significant in terms of differential 
abundance using Wald’s test with Benjamini–Hochberg adjustment in 
the DESeq2 package (DESeq function). Data were normalized within 
the DESeq function for equitable comparison prior to analysis
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and various signaling pathways including IL-17, PI3K-Akt, 
HIF-1, and AMPK.

Discussion

The results of this pilot study suggest distinct bacterial pro-
files associated with breast tumors and normal tissues from 
healthy controls. Additionally, we found that normal breast 
tissue samples differed in their microbiota composition 
across individual women. Further, the microbial profiles of 
the left and right breasts within a woman were found to be 
distinctly different in terms of both relative abundance and 
composition. These differences between the breasts may play 
a role in the unilateral nature of breast cancer development. 
These findings are noteworthy as the current evidence sug-
gests a link between certain microbiota and the presence of 
cancers, with differences in relative abundance and composi-
tion observed between diseased and non-diseased individu-
als. Considering this, the differences in microbiota detected 

between tumor and normal breast tissue, as well as between 
the left and right sides of the breasts within an individual 
woman, may partially contribute to the risk for developing 
breast cancer.

Consistent with other similar studies, the most abundant 
phyla found in our samples included Firmicutes, Bacteroi-
detes, Proteobacteria, Actinobacteria, and Verrucomicrobia 
[11, 14, 15, 18]. Further, a recent study by Smith and col-
leagues also found Pseudomonadaceae to be enriched in 
breast tumor tissue compared normal breast tissue samples 
[19] and other studies found this family to be consistently 
present across all breast tissue samples [15, 20]. Similar to 
our findings, two recent studies [13, 19] found non-tumor 
tissue to have slightly higher alpha diversity when compared 
to tumor tissue; however, this result was not statistically sig-
nificant. Other similar studies that did not find a difference 
in alpha diversity between normal and tumor tissue might 
be explained by the sample retrieval approaches: the “nor-
mal” tissue in these studies was represented by the tissue 
adjacent to the tumor of the same woman [11, 17], unlike 

Fig. 5   Principal coordinate analysis of unweighted UniFrac measures 
of normal and tumor breast tissue. Distinct clustering is observable 
between the normal and tumor tissue groups on a PCoA plot of the 
unweighted UniFrac distances. The distances between normal and 
tumor tissue samples were determined to be significantly different 

(R2 = 0.130; p = 0.01) through PERMANOVA using the Adonis func-
tion in R package vegan. Data were normalized for equitable com-
parison prior to ordination. Each shape on the plot represents an indi-
vidual sample. Normal tissue samples are red circles and tumor tissue 
samples are blue circles
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our study where “normal” breast tissue was obtained from 
other cancer-free women. Several similar studies also had 
comparable findings to our study in terms of distinct com-
position-dependent clustering differences between cancerous 
and noncancerous samples [11, 14, 17, 19].

Notably, some bacterial taxa with the largest effect sizes 
associated with greater differential abundance, as well as 
those found in higher relative abundance in breast tumor 
tissue compared to normal tissue, have been found to be 
pro-inflammatory and immunogenic through increased lev-
els of chemokine ligand 13 (CCL13), pentraxin 3 (PTX3) 
[34], interleukin-8 (IL-8), and C-reactive protein (CRP) 
[35]. Inflammation is known to play a role in breast cancer 
etiology and several recent studies have found increased 
levels of similar pro-inflammatory biomarkers, including 
TNF-α, IL-8, C-reactive protein (CRP), and fibrinogen 
[36], in women with breast cancer compared to women 
without breast cancer. Further, many of these bacteria 
have been associated with other cancers (genera within 

the Pseudomonadaceae family with colorectal adenoma 
[37], both Pseudomonadacea and Dietziaceae families 
with bile duct tissue involved in cholangiocarcinoma 
[38], Rikenellaceae and Ruminococcaceae families with 
colorectal cancer [39, 40], and Neisseriaceae family with 
esophageal adenocarcinoma and squamous cell carcinoma 
[41]), autoimmune disorders [42], and opportunistic infec-
tions [43, 44]. Further, the sole OTU unique to tumor tis-
sue (family Aerococcaceae) has been found to be enriched 
in prostate tumors [45] and significantly associated with 
the presence of leukemia [46]. Interestingly, members of 
the Gemellaceae family have been found in the infant gut 
and oral microbiome as well as in the breast milk of their 
respective mothers [47, 48]. Additionally, the Gemellaceae 
family has been detected within the endometrial fluid and 
vaginal aspirates of fertile women [49], suggesting a pos-
sible maternal vaginal etiology of these microbiota in the 
context of the infant microbiome. This offers a possible 
explanation for the presence of these bacteria in breast 

Fig. 6   Principal coordinate analysis plot of unweighted UniFrac 
measures of normal breast tissue by individual and breast side. This 
PCoA plot displays the unweighted UniFrac distances between 
all normal tissue samples. Samples from each individual woman 
are shown by a unique color. Breast side is depicted by shape (cir-
cle = left; triangle = right). The distances between individual women 

(R2 = 0.394; p = 0.01) and between the left and right breast within one 
woman (R2 = 0.189; p = 0.03) were determined to be significantly dif-
ferent through PERMANOVA using the Adonis function in R pack-
age vegan. Data were normalized for equitable comparison prior to 
ordination
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tissue with a possible nipple-oral or mammary gland eti-
ology of this microbiome. The above-described biologi-
cal mechanisms may suggest a potential link between the 
presence and relative abundance of Pseudomonoadaceae, 
Dietziaceae, Gemellaceae, and Neisseriaceae families 
and the occurrence of breast cancer. That some functional 
pathways related to cancer pathophysiology were pre-
dicted to be enriched in microbiota from tumor samples 
is intriguing but needs to be confirmed by direct deter-
mination of microbiota gene and protein content. How-
ever, it is not yet known whether the detected microbiota 
influence the development of breast cancer or if they are 
conversely a product of the diseased microenvironment 
(reverse causality).

To our knowledge, this is the first study to evaluate char-
acteristics of the tissue microbiome by breast side. Our study 
has several strengths including routine clinical ascertain-
ment of cancer-free breast tissue for normal tissue samples, 
use of validated sequencing methods [50] and bioinformatic 
pipelines to analyze the microbiome data [51], and use of 
methods to control for and remove sequences likely to have 
originated from environmental contamination. Further, our 
tumor tissue samples are comprised of a combination of 
receptor-status subtypes, representing a majority of the sub-
types found in the general population [52]. This study also 
has a few limitations which warrant discussion. First, due to 
the exploratory nature of this pilot study, the sample size was 
small, which may have attenuated the ability to detect sig-
nificant differences in composition and relative abundance 
between tumor and normal tissue samples. Additionally, 
information related to demographics and individual charac-
teristics, such race and ethnicity or medical history, was not 
available. Further, the two types of tissue samples (archived 
tumor tissue and normal tissue from reduction mammo-
plasty) were collected and stored differently and at different 
points in time. This may have introduced contamination dis-
tinct from that identified by the control from the laboratory 
setting. The tumor and normal samples were also obtained 
from different areas of the breast. While the breast cancer 
samples were comprised strictly of tumor tissue, the normal 
samples were collected from multiple areas of the breast. 
Although thorough measures were taken to prevent and con-
trol for possible environmental contamination, the results 
should still be interpreted with caution due to the ability for 
minor contamination to appreciably skew microbiota data 
originating from low biomass samples, such as breast tissue. 
Lastly, functional predictions from 16S data are dependent 
on accurate gene annotation and do not reflect whether these 
genes are transcribed or translated in the environment from 
which the sequences originated and should therefore also be 
interpreted with caution. Despite these limitations, similar 
studies have produced comparable findings in terms of rela-
tive abundance and beta diversity of the breast tissue.

Conclusion

In this pilot study, we found significant differences in 
both composition and relative abundance between breast 
tumor tissue and normal tissue from reduction mammo-
plasty procedures as well as across women and between 
the breasts (left versus right) within each woman. Further 
research is needed to elucidate the potential role of breast 
microbiota in breast cancer etiology and to further evalu-
ate the potential utility of the breast tissue microbiome as 
a potential diagnostic tool and/or a target for therapeutic 
interventions.
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