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The diversity of intestinal microbiome decreased after NAC, and the abundance
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In brief

In this study, 16S rRNA sequencing
and metabolic analysis showed that
the composition of the intestinal
microbiome and metabolites was
related to the efficacy of NAC in
breast cancer, and Fusobacterium may
be a drug resistance marker.
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Abstract

Background: Imbalances in the intestinal microbiome are closely associated with the occurrence and devel-
opment of cancer, and can affect tumorigenesis by influencing the inflammatory response, regulating the
immune system, producing specific metabolites, and participating in tumor signaling pathways.

Methods: This study investigated the relationships among intestinal microbial dynamics, metabolite profiles,
and neoadjuvant chemotherapy (NAC) outcomes in patients with breast cancer. Patients were stratified by
Miller-Payne (MP) grade into good (MP 4-5) or poor (MP 1-3) responders. Fecal samples from patients
(pre- and post-NAC) were analyzed via 16S rRNA sequencing and untargeted metabolic analysis.

Results: After neoadjuvant chemotherapy, the species diversity and abundance of the intestinal microbiome
significantly decreased, and these trends were not correlated with neoadjuvant chemotherapy efficacy. Fuso-
bacterium abundance remained significantly higher in poor responders than good responders post-NAC, thus
suggesting its association with chemoresistance. The Firmicutes/Bacteroidetes ratio was lower in patients
with breast cancer than healthy controls, and was correlated with the therapeutic response: this ratio rose
post-NAC but remained suboptimal in poor responders. Untargeted metabolomics identified upregulated
amino acids (Thr-Thr and histidine) in poor responders and elevated lipids (C17-sphinganine) in good
responders. ROC (receiver operating characteristic curve) analysis validated these metabolites (AUC >0.7)
as predictive biomarkers. KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway analysis highlighted
enrichment in mTOR signaling, endocrine resistance, and estrogen signaling pathways.

Conclusions: These findings underscore the intestinal microbiome’s potential as a predictor of NAC efficacy
and a therapeutic target. Modulating Fusobacterium or metabolite pathways may enhance chemotherapy

response.
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Introduction

Breast cancer remains one of the most
prevalent malignancies among women
worldwide, and its incidence has steadily
increased in recent years [1]. Current thera-
peutic strategies include surgery, endocrine
therapy, immunotherapy, chemotherapy,
and radiation [2]. Chemotherapy for breast
cancer is divided into preoperative and post-
operative chemotherapy. Preoperatively
administered neoadjuvant chemotherapy,
a standard approach for locally advanced
breast cancer, not only improves surgi-
cal feasibility but also guides subsequent
treatment regimens according to therapeu-
tic response [3]. The Miller-Payne (MP)
grading system, a pathological evaluation
method for assessing decreased tumor
cellularity post-treatment, is widely used
in China to predict patient prognosis [4].

Regular monitoring of neoadjuvant chemo-
therapy efficacy through clinical evalu-
ations—such as physical examination,
ultrasound, and magnetic resonance imag-
ing—is critical for optimizing treatment
decisions [5].

The intestinal microbiota, a symbiotic
microbial community within the gas-
trointestinal tract, plays critical roles in
host physiology, including metabolism,
immune regulation, and disease progres-
sion; moreover, a symbiotic relationship is
believed to exist between humans and their
intestinal microbiota [6—8]. Dysbiosis, an
imbalance in microbial composition, can
perturb the host-microbiota relationship
and drive tumor development. Emerging
evidence has linked intestinal dysbiosis
(microbial imbalance) to carcinogenesis
and treatment outcomes across multiple
cancer types [9-11], including stomach,
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colon, liver, lung, skin, and breast cancers [12—17]. Notably,
patients with breast cancer exhibit intestinal microbial pro-
files that are distinct from those of healthy individuals, and
are characterized by altered bacterial diversity, relative abun-
dance, and functional pathways [17-19].

The intestinal microbiota can transform host nutrients into
complex metabolites [20]. Furthermore, intestinal microbio-
ta-derived metabolites, such as short-chain fatty acids and bile
acids, modulate host signaling pathways, thereby influenc-
ing tumor progression and drug metabolism. Recent studies
have suggested that chemotherapy agents, including anthra-
cyclines and taxanes, interact bidirectionally with the intesti-
nal microbiota: chemotherapy alters microbial composition,
whereas the microbiota metabolizes drugs, thereby affecting
their efficacy and toxicity [21-24]. Microbial abundance and
diversity have been reported to significantly decrease after
chemotherapy [25, 26]. Moreover, the intestinal microbiota
and its relevant metabolites may play important roles in both
the progression and treatment of breast cancer. Monitoring
neoadjuvant chemotherapy efficacy is essential for patients
with breast cancer. Therefore, on the basis of previous stud-
ies, we hypothesized that monitoring neoadjuvant chemo-
therapy efficacy for breast cancer according to changes in the
intestinal microbiota and relevant metabolites might provide
a powerful tool. This study investigated the interplay among
intestinal microbial shifts, metabolite profiles, and neoadju-
vant chemotherapy efficacy in patients with breast cancer,
to identify potential biomarkers for therapeutic optimization.

Methods and materials

Sample collection and preservation

From May 2021 to December 2021, 16 patients diagnosed
with breast cancer through needle biopsy who received neo-
adjuvant chemotherapy before undergoing surgery at the
Department of Breast Surgery of the First Affiliated Hospital
of Nanjing Medical University were included in this study.

Inclusion criteria

1. Patients 18—60 years of age, with puncture pathology
indicating an invasive breast cancer diagnosis, who met
any of the following:

1. Tumor 25 cm
ii. Tumor invasion of the skin or chest wall
iii. Clinical evaluation of axillary lymph node metasta-
sis cN2 or above

2. Neoadjuvant chemotherapy regimen of EC-T for a total
of eight cycles. First four cycles: epirubicin 90 mg/m?,
cyclophosphamide 600 mg/m?, once every 3 weeks.
Last 4 cycles: docetaxel 80 mg/m?, once every 3 weeks.
HER-2 positive patients with breast cancer were treated
with herceptin targeted therapy in the last four cycles
of chemotherapy, with an initial dose of 8 mg/kg and
a maintenance dose of 6 mg/kg. After eight cycles

of neoadjuvant chemotherapy treatment, all patients
underwent surgical treatment.

3. Normal body mass index (BMI), 16-26 kg/m?

4. To minimize confounding effects from dietary varia-
tions, all participants received a standardized, nutri-
tionally complete, and hygienically prepared diet
throughout the neoadjuvant chemotherapy period. This
controlled diet protocol ensured adequate caloric intake
with a balanced ratio of high-quality animal protein
(e.g., lean poultry, fish, eggs) and plant-based protein
(e.g., legumes, tofu). Additionally, it provided suffi-
cient essential vitamins, minerals, and dietary fiber and
excluded known prebiotic and probiotic supplements or
fermented foods.

Exclusion criteria

1. History of malignant tumors or receipt of anti-tumor
drug treatment

2. Complications of severe cardiopulmonary disease, or
liver or kidney dysfunction

3. Acute or chronic inflammatory bowel disease

4. Receipt of antibiotics, intestinal probiotics, gastrointes-
tinal motility drugs, or other drugs affecting the intesti-
nal flora within 4 weeks before fecal collection

5. Failure to complete standard course of treatment

According to the above criteria, three patients were excluded.
Fecal specimens were collected from patients with a steri-
lized collection kit and immediately stored at —80°C until
further analysis. After all samples were collected, extraction
and sequencing were performed for each batch.

DNA extraction and PCR
amplification

According to the manufacturer’s instructions, a PowerSoil
DNA Isolation Kit (MO BIO Laboratories, Carlsbad, CA,
United States) was used to extract DNA from stool samples.
The purity and quality of genomic DNA were verified on
1% agarose gels and with a NanoDrop spectrophotometer
(Thermo Scientific).

The hypervariable region of V3—V4 16S rRNA was ampli-
fied by PCR with the primers 338F (5'-ACTCCTACGGG
AGGCAGCAG-3") and 806R (5'-GGACTACNNGGGTA
TCTAAT-3") [27]. For each stool sample, the amplification
conditions were as follows: 95°C for 5 min, followed by 30
cycles of 94°C for 30 s, 50°C for 30 s, and 72°C for 60 s, and
a final extension at 72°C for 10 min. The PCR products were
purified with an Agencourt AMPure XP Kit.

High-throughput sequencing

High-quality PCR products were sequenced on a MiSeq
PE300 high-throughput sequencing system (Illumina, San
Diego, CA, United States), and technical support was provided
by Beijing Allwegene Technology (Beijing, China). After the
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run, image analysis, base calling, and error estimation were
performed with Illumina Analysis Pipeline version 2.6.

Original data processing

Quality control processing of the raw data included removal
of sequences that were shorter than 230 bp or had low-qual-
ity scores (<20) with the UPARSEOTU algorithm (v2.7.1;
USEARCH software, https://drive5.com/uparse), and dele-
tion of chimeric sequences with the UCHIME algorithm
(USEARCH; https://www.drive5.com/usearch/ manual/
uchime_algo.html) based on the “Gold database.” Clean tags
were clustered into operational taxonomic units (OTUs) at a
similarity level of 97% with the Uparse algorithm in Vsearch
(v2.7.1) software [28].

QIIME (v1.8.0; http://qiime.org/1.8.0) software was used
to generate rarefaction curves and to analyze the richness and
diversity indices according to the OTU information. Smooth
curves suggested that the produced data were sufficient.

Alpha diversity

Alpha diversity was used to analyze the complexity of spe-
cies diversity in QIIME software (v1.80) for each sample,
on the basis of the Chaol, Observed species, Shannon,
and Simpson indices [29], all of which positively correlate
with sample complexity. Chaol value and Observed spe-
cies values reflect the species richness of the community.
The Shannon value and Simpson value reflect the species
diversity of the community, and are influenced by species
richness and evenness; that is, both values consider the
abundance of each species. With the same species richness,
greater species evenness is associated with greater commu-
nity diversity.

Beta diversity analysis

Beta diversity analysis was used to evaluate differences in
fecal samples in bacterial community structure in QIIME soft-
ware (v1.80). Beta diversity was measured with both weighted
and unweighted UniFrac, Bray-Curtis, and principal coordi-
nate analysis (PCOA). The differences between two commu-
nities are commonly reflected by the Bray-Curtis distance and
visualized with PCOA, whereas UniFrac uses the system evo-
lution information to compare the community species compo-
sition between samples. These results consider the distance of
evolution between species, and higher index values are associ-
ated with greater differences between samples. Therefore, the
results can be used to measure beta diversity.

Untargeted analysis of fecal
metabolites
Fecal samples were added to extraction solvent, and the

extract was diluted after grinding, ultrasonic processing, and
centrifugation. Supernatants were further separated with an

Agilent 1290 Infinity II series UHPLC System (Agilent
Technologies, Santa Clara, CA, United States) equipped
with a Waters ACQUITY UPLC BEH Amide column (2.1
x 100 mm, 1.7 pm). Subsequently, mass spectrometry data
were obtained with a Triple TOF 6600 mass spectrometer
(AB SCIEX, Redwood City, CA, United States). The raw
data were converted into mzML format with ProteoWizard
and preprocessed with the R package XCMS v3.2.78.
The processed data included the peak intensity, mass-to-
charge ratio, and retention time. Data management was
conducted as follows: peaks in less than 50% of quality
control (QC) samples or 80% of biological samples were
removed. Features with relative standard deviation >30%
were excluded. Subsequently, the differential metabolites
were filtered through statistical analysis. The significant
metabolites had variable importance in projection (VIP)
21 and P value (T test) <0.05. We further identified signifi-
cant metabolites on the basis of >1.25-fold change for sub-
sequent analysis. The metabolite pathways were searched
with databases including KEGG (http://www.kegg.jp),
HMDB (http://www.hmdb.ca), and MetaboAnalyst (http://
www.metaboanalyst.ca)

Statistical analysis

Statistical analysis and plotting were performed in R (ver-
sion 3.6.0), SPSS 25.0, and GraphPad Prism 9.0 software.
Fisher‘s exact test was used for count data. The normality
of data distribution was tested with single factor ANOVA.
Non-normally distributed data were analyzed with the
Wilcoxon rank sum test. Differences between groups
were analyzed with the Kruskal-Wallis test. Four groups
of weighted and unweighted UniFrac distances were com-
pared through molecular analysis of variance (AMOVA).
The receiver operating characteristic curve (ROC) method
was used to predict efficacy. P < 0.05 indicated statistical
differences.

Results

Intestinal microbiome dysbiosis is
closely associated with neoadjuvant
chemotherapy efficacy in breast
cancer

Characteristics of study participants

A total of 26 fecal samples from 13 patients with breast can-
cer were included in this study (patient clinical characteris-
tics in Table 1). The standard treatment process (including
neoadjuvant chemotherapy and surgical treatment), sample
collection times, processing, and analysis after sample col-
lection are shown in Figure 1. Patients with breast cancer
were divided into four groups according to neoadjuvant
chemotherapy efficacy, according to the MP grading sys-
tem. Stool samples of patients with a good chemotherapy
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Table 1 Clinical Characteristics of Patients by MP Grade
Category Total MP grade low remission MP grade high remission P value
Total 13 6 7
Age <50 7 3 4 1.000
>50 6 3 3
ER Negative 5 3 2 0.592
Positive 8 3 5
PgR Negative 6 3 3 1.000
Positive 7 8 4
HER-2 Negative 5 4 1 0.102
Positive 8 2 6
Ki-67 before NAC <50% 5 8 2 0.592
>50% 8 3 5
Ki-67 after NAC <50% 8 2 6 0.102
=>50% 5 4 1
Lymphatic me- Without metastasis 6 2 4 0.592
tastasis
Without metastasis 7 4 3 0.940
Histologic grade 2 5 2 3
3 6 3 3
Unable to assess 2 1 1
Breast cancer patients, receiving
neoadjuvant chemotherapy
Patients received 8 cycles
) foarRNA TR e AG, metth nclsion WER.2 positive patiens
sequencing  abundance analysis ;ﬁ?ﬁéﬂiﬁ:ﬁoﬂ?" were ;;:ia':ztr;;:d therapy. :::iei:;sl ::::;:i:t
g
o _ L | |
L) S D N D NS D N

Collecting fecal samples

;,u

°
/ Jb\) '3{«‘;)’ -
A ° go - A]
\ \/ f Untargeted Microbiome

metabolites and
signal pathways

metabolic
analysis

One day before the first After completing the standard The efficacy of NAC was
chemotherapy, fecal NAC, fecal samples were evaluated according to the
les were one day before postoperative pathological
as samples before NAC. surgery as samples after NAC. MP grading, and the
patients were divided
into 4 groups.

Intestinal Microbiome and Metabolites: Strategy for Breast Cancer Neoadjuvant Chemotherapy Efficacy

Figure 1 The standard treatment process, and sample collection, preparation, and analysis, in patients with breast cancer receiving

neoadjuvant chemotherapy.

response (MP grades 4-5) were divided into groups a and
b, representing those before receipt of the first treatment
and after the last treatment, respectively. Stool samples of
patients with poor response (MP grades 1-3) were divided
into groups c and d, representing those before receipt of the
first treatment and after the last treatment, respectively.

OTU analysis

OTU clustering was performed for the sequences at 97%
similarity, and bioinformatics statistical analysis was sub-
sequently conducted. A Venn diagram of OTUs indicated
902 OTUs in group a, 866 OTUs in group ¢, and 573 shared
OTUs. In contrast, group b comprised 700 OTUs, group d
comprised 722 OTUs, and the two groups shared 429 OTUs.
The non-overlapping portions represented the number of
unique OTUs in each group. The number of OTUs shared by
all groups was 339 (Figure 2A). The intestinal microbiota

OTUs in groups a and ¢ were all higher than those in groups
b and d (Figure 2B). The number of OTUs decreased after
neoadjuvant chemotherapy, regardless of efficacy.

Alpha diversity analysis

The flattening of the dilution curve of the alpha diversity
index curve indicated sufficient sample sequencing and
sequencing depth (Figure 2C). That is, few undiscovered
species were present among the detected species, thus ensur-
ing the reliability of our study.

The microbial species abundance (quantity of different
species) and evenness (quality of being balanced in the envi-
ronment) are frequently measured with the Shannon diversity
index. The Shannon diversity index of intestinal microbiota
was comparatively stable in all patients (Figure 2D).

To characterize the fecal microbiome community diversity
(richness and evenness) in the four groups, we calculated the
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Figure 2 (A) Venn diagram of OTUs. (B) Flower diagram of OTUs. (C) Dilution curve of the alpha diversity index. The dilution curve (Sobs
index) tends to be gentle. (D) Shannon-Wiener curves tended to flatten, thus indicating relatively stable intestinal microbiota in all patients.
(E)—(H) Alpha diversity index boxplot for the four groups, according to the Chao1, observed species, Shannon, and Simpson indices. Abnormal
values are shown as “0.” (I) Principal coordinate analysis score plots for all groups. Groups are presented in different colors (group a, red; group
b, blue; group c, light purple; and group c, light blue). The closeness among the four groups indicates similar species composition among the
four samples. (J) PLS-DA score plot of species abundance samples from participants in the four groups.

Chaol, observed species, Shannon, and Simpson indexes to
estimate the alpha diversity. Significant differences in overall
bacterial community structure across the four groups were
found in the Chaol and observed species indices (Figure 2E
and 2F). Moreover, the microbial communities in groups a and
¢ had greater species richness than those in groups b and d.
Therefore, patients with good or poor chemotherapy response
had higher fecal microbiome community diversity before
rather than after chemotherapy. No significant differences were
observed in the diversity of communities (species richness and
evenness) across the four groups, according to the Shannon and
Simpson indices (Figure 2G and 2H), thus indicating simi-
lar community composition patterns among the four groups.
However, the value of the Simpson index approached 1, thus
suggesting that microbial communities of the four groups had
high species-level diversity. This finding implied that as the spe-
cies richness and evenness increased, the diversity increased.

Beta diversity analysis

To visualize the overall differences in beta diversity in spe-
cies among the microbiome profiles of the four groups, we
conducted PCOA of weighted and unweighted UniFrac
distances. The closeness of the four samples indicated
similar species composition. The generated weighted and
unweighted UniFrac distance metrics did not indicate signif-
icant differences in beta diversity between the groups with
good or poor response to neoadjuvant chemotherapy, both
before or after therapy (Figure 2I).

Partial least squares discriminant analysis (PLS-DA) regres-
sion models are often used to predict the clinical status of sam-
ples. We used PLS-DA to compare the intestinal microbial
profiles among the four groups. The results indicated a distinct
clustering pattern among samples before and after neoadju-
vant chemotherapy in patients with breast cancer, regardless
of whether the efficacy of therapy was good or poor (Figure
2]J), thus reflecting the separation in microbial composition.

Structural analysis of microbiota
associated with breast cancer

Microbial composition and changes before and
after neoadjuvant chemotherapy in the four groups
at the phylum level

In our study cohort, among patients with poor neoadjuvant
chemotherapy efficacy, the co-existing intestinal microbiota
colonies at the phylum level included Firmicutes, Bacteroidetes,
Fusobacteria, Proteobacteria, and Actinobacteria (specific rela-
tive abundance of individual specimens in Figure 3A). Among
all patients with poor efficacy, Fusobacteria and Proteobacteria
in the intestinal microbiota both decreased after neoadjuvant
chemotherapy, with an average percentage decrease of 1.870%
and 1.203%, respectively (Figure 3B).

Among patients with good neoadjuvant chemother-
apy efficacy, the co-existing bacterial colonies included
Firmicutes, Bacteroidetes, Proteobacteria, Actinobacteria,
Fusobacteria, Cyanobacteria, and Saccharibacteria (specific
relative abundance of individual specimens in Figure 3A).
However, among all patients with good efficacy, we did not
confirm the same change trend in the intestinal microbiota
before and after neoadjuvant chemotherapy (Figure 3B).

Microbial composition and changes before and
after neoadjuvant chemotherapy in the four groups
at the class, order, and family levels

At the class, order, and family levels, among patients with
poor or good neoadjuvant chemotherapy efficacy, the com-
positions of co-existing bacterial colonies and their average
change percentages are shown in Figure 4. Notably, among
all patients with poor efficacy, Fusobacteria decreased by
an average of 1.870% at the class level, and Fusobacteriales
decreased by 1.870% at the order level, after neoadjuvant
chemotherapy. In addition, among patients with poor effi-
cacy or good efficacy, the abundance of Lactobacillales
at the order level and Streptococcaceae at the family level
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Figure 3 Phylum level bacterial composition and changes before and after neoadjuvant chemotherapy in the four groups. (A) Pie chart of
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Figure 4 Main bacterial composition and changes before and after neoadjuvant chemotherapy in the four groups at the following levels: (A),

(B) class level; (C), (D) order level; (E), (F) family level.

increased after neoadjuvant chemotherapy, but this increase
was much clearer among the patients with good efficacy.

Microbial composition and changes before and
after neoadjuvant chemotherapy in the four groups
at the genus level

At the genus level, among patients with poor neoadjuvant
chemotherapy efficacy, the co-existing intestinal microbiota
included 52 bacterial colonies, among which Bacteroidaceae,
Lachnospiraceae, Veillonellaceae, Ruminococcaceae,
Acidaminococcaceae, and Porphyromonadaceae were the
most important. The top ten types of bacteria at the order
level and their relative abundance in individual specimens are
shown in Figure SA. Among all patients with poor efficacy,
Parabacteroides decreased after neoadjuvant chemotherapy,
by an average of 1.076%. We observed increased abundance
of seven types of bacteria, including the Eubacterium rectale
group (5.179% average increase), Butyricicoccus (0.611%),

Lachnospiraceae ND3007 group (0.567%), Eubacterium
hallii group (0.322%), Dorea (0.140%), Streptococcus
(0.044%), and Veillonella (0.023%) (Figure 5B).

Among patients with good neoadjuvant chemotherapy
efficacy, the co-existing intestinal microbiota included 78
bacterial colonies, among which Prevotella_9, Bacteroides,
Faecalibacterium, Eubacterium rectale group, Prevotella_2,
Roseburia, Blautia, Lachnospira, and Coprococcus_2 were
the most important. The top ten types of bacteria at the order
level and their relative abundance in individual specimens
are shown in Figure SA. Among all patients with good
efficacy, a total of 15 bacterial colonies showed the same
change trend (nine decreasing and six increasing) before
and after neoadjuvant chemotherapy. In detail, the bacte-
rial colonies with decreased abundance after neoadjuvant
chemotherapy included Phascolarctobacterium (5.829%
average decrease), Ruminococcaceae_UCG-014 (1.881%),
Ruminococcaceae_UCG-002 (1.827%), Coprococcus_2
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(0.582%), Parabacteroides (0.416%), Subdoligranulum
(0.390%), Sutterella (0.331%), Ruminiclostridium_6
(0.205%), and Alistipes (0.139%). The colonies with

increased abundance included Romboutsia (4.761% aver-
age increase), Streptococcus (2.152%), Roseburia (1.991%),
Veillonella (1.395%), Butyricicoccus (0.922%), and
Haemophilus (0.747%) (Figure 5B).

Intestinal microbiota composition or
changes potentially associated with
neoadjuvant chemotherapy efficacy

Notably, at the phylum, class, and order levels, Fusobacteria,
Fusobacteria, and Fusobacteriales had higher abundance among

patients with poor rather than good neoadjuvant chemotherapy
efficacy. At the family and genus levels, Fusobacteriaceae was
found in most patients with poor neoadjuvant chemotherapy
efficacy, and showed high abundance and substantial changes
before versus after neoadjuvant chemotherapy in these patient
samples but not all patient samples. Therefore, we analyzed the
abundance and changes in Fusobacterium at various levels in
all patient samples except for one in which the abundance of
Fusobacteriaceae (at the family level) and Fusobacterium (at
the genus level) could not be detected. As shown in Figure 6A
and 6B, among patients with poor neoadjuvant chemother-
apy efficacy, the baseline abundance of Fusobacterium
before chemotherapy was significantly higher than observed
in patients with good efficacy. After neoadjuvant chemother-
apy, although the abundance of Fusobacterium in both groups
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Figure 7 (A) OPLS-DA plots with scores for the two groups (a_c, patients with good neoadjuvant chemotherapy efficacy; b_d, patients with
poor neoadjuvant chemotherapy efficacy). (B) S-plots of the OPLS-DA model for the two groups. (C) Volcano plot of differential metabolites
obtained according to the screening criteria from all metabolites (p value <0.05, VIP =1, and fold change <0.67 or >1.5). (D) Histogram of
differential metabolites, visualized as fold difference. (E) Variable importance in projection (VIP) plot obtained from OPLS-DA.

showed a decreasing trend, the abundance of Fusobacterium in
patients with poor efficacy was still much higher than the base-
line level in patients with good efficacy, thus suggesting that
high abundance of Fusobacterium in vivo might be associated
with poor neoadjuvant chemotherapy efficacy. Consequently,
to increase neoadjuvant chemotherapy efficacy, the abundance
of Fusobacterium might need to be decreased below a certain
level.

The Firmicutes/Bacteroidetes (F/B) ratio in patients with
breast cancer was lower than that in healthy controls. The ratio
was approximately 6 in healthy individuals and 2 in patients
with breast cancer, thus indicating that the F/B ratio might
be used as a breast cancer risk factor and might potentially
explain the mechanisms affecting breast cancer development
[30]. Similarly, the baseline F/B ratio was higher among
patients with good rather than poor efficacy. After neoadju-
vant chemotherapy, the F/B ratio in both groups increased;
however, among patients with poor efficacy, the F/B ratio
after treatment was close to the baseline level observed in
patients of good efficacy. Moreover, the F/B ratio was usu-
ally below 2 in patients with breast cancer regardless of neo-
adjuvant chemotherapy receipt or efficacy (Figure 6C and
6D). Therefore, drugs targeting specific intestinal microbiota
aimed at increasing the F/B ratio might potentially increase
neoadjuvant chemotherapy efficacy; however, more samples
must be analyzed to provide verification of this possibility.

In addition, among patients with good response, the
increase in Streptococcaceae and Veillonellaceae (at the fam-
ily level), and Streptococcus and Veillonella (at the genus
level), might be associated with good efficacy.

Changes in fecal microbial
metabolites after neoadjuvant
chemotherapy

To determine whether microbiome metabolic pathways
might influence the metabolism of the efficacy of the

neoadjuvant chemotherapy, we conducted untargeted met-
abolic analysis of fecal samples from patients with breast
cancer who received neoadjuvant chemotherapy. A total of
1296 metabolites were detected after data management. An
OPLS-DA model was established between the good-response
and poor-response to chemotherapy groups and shows good
discrimination. The OPLS-DA score plots indicated that
the samples formed two clusters with clear separation, this
further confirming significant metabonomic differences
between groups (Figure 7A). On the basis of the S-plot
from OPLS-DA analysis, 472 metabolites with a VIP score
>1 were selected (Figure 7B). Among them, 28 differential
metabolites were identified according to the selection crite-
ria, including 12 significantly upregulated and 16 downregu-
lated metabolites (Figure 7C). In general, these compounds
comprised carbohydrates, lipids, amino acids, steroids, and
their derivatives. Notably, most of the lipids and lipid-like
molecules were significantly diminished, whereas the amino
acids and carbohydrates were elevated. The fold differences
in differential metabolites were visualized in a histogram
(Figure 7D), in which red represents up-regulated metabo-
lites, and green represents down-regulated metabolites.

We analyzed differential metabolites between the a_c
(patients with good neoadjuvant chemotherapy efficacy) and
b_d (patients with poor neoadjuvant chemotherapy efficacy)
groups (top 20 most relevant metabolites in Figure 7E). We
used the top three ranked differential metabolites to explore
the potential key metabolites in the two groups, according to
the VIP plot obtained from OPLS-DA. Among them, C17-
sphinganine was indicative of good neoadjuvant chemother-
apy response, whereas Thr-Thr and histidine were indicative
of poor neoadjuvant chemotherapy response. In addition, to
illustrate the potential diagnostic value of the intestinal micro-
biome metabolism in predicting neoadjuvant chemotherapy
efficacy in breast cancer, we developed a random forest model
based on the differential metabolites. Univariate ROC analysis
revealed that 20 of 28 differential metabolites had AUC values
exceeding 0.7. The ROC curves of three representative metab-
olites (C17-sphinganine, Thr-Thr, and histidine) are shown in
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Figure 8 (A)—(C) ROC analysis, indicating good diagnostic value of the three representative metabolites in terms of neoadjuvant efficacy.
(D) Bubble plot of the KEGG pathway enrichment analysis of markedly differential metabolites.

Figure 8A, 8B, and 8C. The results showed high discrimina-
tory power in predicting neoadjuvant chemotherapy efficacy.
KEGG pathway differential enrichment analysis of the
metabolites was conducted to identify the top 20 pathways
according to P values (Figure 8D). The targets of different
clusters were distributed primarily in pathways associated
with breast cancer, and related genes were enriched in breast
cancer-associated pathways, e.g., the mTOR signaling path-
way, endocrine resistance, and estrogen signaling pathway.

Discussion

Microbiota and their relevant metabolites have been a
focus of numerous research investigations in recent years.
Bacteria in the intestinal microbiota influence chemother-
apy in cancers including breast cancer [31]. Among the
various neoadjuvant chemotherapy regimens for breast
cancer, the combination of anthracyclines (epirubicin
or doxorubicin), alkylating agents (cyclophosphamide),
and taxanes (docetaxel or paclitaxel) is widely used [32].
Anthracycline drugs can regulate the relative species abun-
dance and content of the intestinal flora, and several specific
bacteria metabolize anthracycline drugs [33-35]. The use of

cyclophosphamide damages the intestinal mucosa, and the
stability of the intestinal flora can prevent mucosal dam-
age caused by cyclophosphamide [36]. Taxanes may also
undergo bacterial metabolism and interfere with the compo-
sition of the intestinal flora [37]. This study focused on the
changes in intestinal flora and metabolites in patients with
breast cancer who were administered epirubicin, cyclo-
phosphamide, and docetaxel as neoadjuvant chemotherapy
drugs. A comprehensive analysis of these changes before
and after chemotherapy was conducted. Our results clarified
the composition characteristics and related changes in the
gut microbiota before and after neoadjuvant chemotherapy.
These changes significantly differed between high-remis-
sion and low-remission patients.

Our results confirmed a decline in intestinal microbiota
diversity at the phylum, class, order, family, and genus lev-
els after neoadjuvant chemotherapy, in patients with good or
poor efficacy. Compared with patients with good efficacy,
patients with poor efficacy had a lower number of intestinal
microbiome species before NAC, and the reduction of flora
species after NAC was more significant. In addition, among
patients with good neoadjuvant chemotherapy efficacy,
the intestinal microbiota composition and variation trends
compared with patients with poor efficacy, the composition
and change trend of intestinal microbiome before and after
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NAC in patients with good efficacy were more consistent.
Moreover, the abundance of specific bacterial groups con-
firmed to be associated with breast cancer in prior studies
[38, 39], such as Firmicutes, Clostridia, Proteobacteria, and
Bacteroidota, all showed changes in their relative propor-
tions in our study. These changes therefore might contrib-
ute to the efficacy of breast cancer treatment. In general, to
increase the accuracy of the conclusions, larger numbers of
patient samples should undergo further detection and verifi-
cation. We also observed some differences in the significance
of related changes at different levels; consequently, combi-
nations of multiple markers must be examined to improve
accuracy and sensitivity in clinical diagnosis and treatment.
Herein, we focused on the flora showing consistent trends at
various levels.

Fusobacterium, represented by Fusobacterium nucle-
atum, is an oral pathogen that is frequently translocated
and engrafted in the upper gastrointestinal tract. Increased
abundance of Fusobacterium is frequently associated with
colorectal cancer [40]. The mechanisms through which
Fusobacterium promotes tumorigenesis include estab-
lishing an immunosuppressive tumor microenvironment,
affecting T cell infiltration and macrophage polarization
[41], promoting tumor cell proliferation and immune
escape, inducing chemotherapy resistance, and activat-
ing immune checkpoints. In addition, Fusobacterium can
transfer to breast tissue through the mammary-intestinal
axis, direct nipple contact, or hematogenous transmis-
sion [42, 43]. Mechanistically, Fusobacterium may acti-
vate the Toll-like receptor 4 (TLR4) pathway [44, 45] and
induce up-regulated expression of matrix metalloprotein-
ase-9 (MMP-9) [42], thereby promoting the formation of
an immunosuppressive and tumor-promoting microenvi-
ronment. Simultaneously, the high expression of immune
checkpoint receptors on T cells, natural killer cells, and
tumor-infiltrating lymphocytes induced by Fusobacterium
is also involved in tumor immune evasion [42]. However,
Fusobacterium increases the expression of immune check-
points, thus potentially increasing immune checkpoint
therapy efficacy [46, 47]. In chemotherapy, Fusobacterium
might interact with specific drugs and activate related
pathways, thereby leading to drug resistance or immune
escape of tumor cells, and ultimately affecting the efficacy
of chemotherapy [48]. In esophageal squamous cell carci-
noma, Fusobacterium regulates the expression of endoge-
nous LC3 and ATG7 and the formation of autophagosomes,
thereby inducing resistance to 5-FU, CDDP, and docetaxel
[49]. In colorectal cancer, Fusobacterium promotes cispla-
tin resistance through miR-135b and the TCF4/B-catenin
complex [50]. Therefore, we plan to further explore the
specific mechanism through which Fusobacterium leads
to neoadjuvant chemotherapy resistance in breast cancer,
to provide theoretical support for improving neoadjuvant
chemotherapy regimens, developing antibacterial drugs
or vaccines, and developing combination treatments with
immune checkpoint therapy in the future.

During recent years, in an emerging research area, intes-
tinal microbial metabolites have shown promising antican-
cer potential. Intestinal metabolites are synthesized in the

microbiome and subsequently exert biological effects [51].
To investigate the interactions between the intestinal micro-
biome and metabolites, and their effects on the efficacy of
the neoadjuvant chemotherapy, we evaluated the microbial
diversity and abundance of metabolites in fecal samples
and their association with neoadjuvant chemotherapy for
breast cancer. The top three enriched pathways of differen-
tial metabolites were the mTOR signaling pathway, endo-
crine resistance, and estrogen signaling pathway, which are
associated with breast cancer. The mTOR signaling pathway
plays important roles in the differentiation, proliferation,
apoptosis, and energetic and glucose metabolism in breast
cancer cells, and consequently affects breast cancer devel-
opment and prognosis [52, 53]. Estrogen receptor-positive
(ER+) breast cancer is the most common breast cancer sub-
type. Endocrine therapy is an important treatment for ER+
breast cancer. The endocrine resistance and estrogen signal-
ing pathways play important roles in endocrine therapy, and
are associated with drug resistance development and meta-
bolic adaptation during breast cancer progression [54-57].
We further observed that most of the lipids and lipid-like
molecules significantly decreased, whereas the amino acids
and carbohydrates increased, after treatment. Among the
three signature metabolites identified, C17-sphinganine, a
carbohydrate, was indicative of patients who responded well
to neoadjuvant chemotherapy, whereas the amino acids Thr-
Thr and histidine were indicative of patients who responded
poorly.

Soluble epoxide hydrolase (sEH) is involved in the inflam-
matory response through regulation of epoxyeicosatrienoic
acids (EETs). sEH regulates the inflammatory response
through the NF-kB and MAPK pathways, and regulates oxi-
dative stress through the Nrf2 pathway [58, 59]. Imbalances
in the intestinal flora imbalance (such as the excessive
growth of pathogenic bacteria and a reduction of short-chain
fatty acids) can induce intestinal mucosal inflammation and
activate NF-xB and MAPK signaling pathways similar to
sEH regulation. EETs, the substrates of sEH, have anti-in-
flammatory effects and are associated with intestinal barrier
repair, through promoting the expression of tight junction
proteins. sEH inhibitors increase the levels of EETs, which
may directly regulate the composition of intestinal flora, such
as by inhibiting pro-inflammatory bacteria and promoting
probiotic colonization, or affecting flora metabolites through
host metabolism, including that of short-chain fatty acids
and bile acids [58—61]. Neoadjuvant chemotherapy for breast
cancer (cisplatin and taxanes) often causes inflammation-as-
sociated adverse effects, such as mucositis and liver injury,
and oxidative stress damage. Alisol B alleviates cisplatin-in-
duced renal injury; therefore, similar mechanisms might
be applicable to chemotherapy-associated organ toxicity
[60]. The anti-inflammatory and antioxidant effects of SEH
inhibitors might decrease chemotherapy damage to normal
tissues. Inflammation in the tumor microenvironment (such
as NF-kB pathway activation) is associated with chemother-
apy resistance. sEH inhibitors inhibit macrophage/microglia
activation and consequently might decrease the secretion of
pro-inflammatory cytokines (TNF-o and IL-6), reverse the
drug-resistant microenvironment, and enhance the efficacy
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of chemotherapy [61-63]. Studies have focused on the roles
of sEH inhibitors in inflammation-associated diseases, such
as acute lung injury, Parkinson’s disease, and acute kidney
injury. The core mechanism involves decreasing inflamma-
tion and oxidative stress through regulation of EET levels
and inhibiting NF-xB, MAPK, and other pathways. These
targets (SEH) and pathways (inflammation and oxidative
stress) are closely associated with the composition of intesti-
nal flora and neoadjuvant chemotherapy in breast cancer. In
addition, sEH inhibitors can inhibit macrophage activation,
reduce the secretion of pro-inflammatory cytokines (TNF-a,
IL-6), reverse the inflammatory microenvironment related to
chemotherapy resistance, and therefore might have potential
value in combined treatments. Future studies may explore
the direct effects of sEH inhibitors on the composition of
the intestinal flora, as well as the efficacy and mechanism in
breast cancer models, and expand their clinical applications.

The sample size and research depth should be increased
in future studies. This study was limited by the difficulty in
obtaining clinical samples, and the time and cost of prospec-
tive studies. However, we controlled for confounding factors
to the greatest extent possible, through strict inclusion and
exclusion criteria and a paired design. Nonetheless, the small
sample size might have led to bias in effect estimation and lim-
ited the external validity of our results. Notably, the flora-me-
tabolite correlations observed herein showed stable trends;
consequently, more robust conclusions would be expected
to be obtained through expanding the sample size. Future
research could build larger queues for verification through
multi-center collaboration or integration of public database
resources. At the level of mechanistic exploration, dozens of
differential metabolites were successfully identified in this
study, yet the exploration of their biological functions remains
in its infancy. These metabolites might affect chemotherapy
sensitivity by regulating the immune microenvironment and
pharmacokinetics. Subsequent studies may include metabolic
flow analysis, gene knockout models, and other technolo-
gies to systematically analyze the upstream and downstream
regulatory networks of key metabolites, and elucidate their
molecular mechanisms in the chemotherapy response. In
addition, the interaction between microorganisms and metab-
olites has not been fully clarified. Fecal microbiota transplan-
tation and sterile animal experiments are expected to further
reveal the causal relationships between microbial metabolites
and host chemotherapy responses. Nevertheless, this study
reports what is, to our knowledge, the first combined analysis
of microbial community and metabolites in the field of breast
cancer chemotherapy efficacy prediction, thereby providing
an innovative multi-omics perspective for exploring new can-
cer treatment targets. This study successfully revealed signif-
icant differences in intestinal flora structures and metabolite
abundance between chemotherapy-sensitive and drug-resist-
ant patients. These findings not only expand research fron-
tiers in tumor treatment mechanisms but also offer potential
biomarkers for the formulation of clinical personalized treat-
ment strategies, thereby providing scientific value and clini-
cal transformation potential.

Conclusion

Neoadjuvant chemotherapy alters the intestinal microbiota
and relevant metabolites, and these changes might in turn
influence chemotherapy efficacy. The intestinal microbi-
ome and metabolite profiles undergo significant alterations
during neoadjuvant chemotherapy that correlate with the
therapeutic response. Targeting Fusobacterium or modulat-
ing metabolite pathways (e.g., C17-sphinganine, Thr-Thr,
and histidine) might enhance chemotherapy efficacy. These
findings underscore the intestinal microbiome’s potential
as a predictive tool and therapeutic target in breast cancer
management.
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