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Abstract 

Background  Neoadjuvant chemoimmunotherapy (NACI) has emerged as the standard treatment for early-stage 
triple-negative breast cancer (TNBC). However, reliable biomarkers for identifying patients who are likely to benefit 
from NACI are lacking. This study aims to develop an intratumoral microbiota-aided radiomics model for predicting 
pathological complete response (pCR) in patients with TNBC.

Methods  Intratumoral microbiota are characterized by 16S rDNA sequencing and quantified through experimen-
tal assays. Single-cell RNA sequencing is performed to analyze the tumor microenvironment of tumors with vari-
ous responses to NACI. Radiomics features are extracted from tumor regions on longitudinal magnetic resonance 
images (MRIs) scanned before and after NACI in the training set. On the basis of treatment response (pCR or non-pCR) 
and intratumoral microbiota scoring, we select key radiomics features and construct a fusion model integrating multi-
timepoint (pre-NACI and post-NACI) MRI to predict the efficacy of immunotherapy, followed by independent external 
validation.

Results  A total of 124 patients are enrolled, with 88 in the training set and 36 in the validation set. Tumors 
from patients who achieves pCR present a significantly greater intratumoral microbiota load than tumors 
from patients who achieve non-pCR (p < 0.05). Additionally, tumors in non-pCR group exhibit greater infiltration 
of tumor-associated SPP1+ macrophages, which is negatively correlated with the microbiota load. On the basis 
of intratumoral microbiota scoring, we select 17 radiomics features and use them to construct the fusion radiomics 
model. The fusion model achieves the highest AUC of 0.945 in the training set, outperforming pre-NACI (AUC = 0.875) 
and post-NACI (AUC = 0.917) models. In the validation set, this model maintains a superior AUC of 0.873, surpass-
ing those of pre-NACI (AUC = 0.769) and post-NACI (AUC = 0.802) models. Clinically, the fusion model distinguishes 
patients who achieve pCR from those who do not with an accuracy of 77.8%. Decision curve analysis demonstrates 
the superior net clinical benefit of this model across varying risk thresholds.
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Background
Triple-negative breast cancer (TNBC) is the most aggres-
sive subtype of breast cancer, and it is associated with 
unsatisfactory survival outcomes due to the lack of effec-
tive targeted therapies [1–4]. Recent progress in TNBC 
research has suggested that neoadjuvant anti-PD1 ther-
apy in addition to chemotherapy is associated with sig-
nificantly improved pathological complete response 
(pCR) and long-term survival outcomes [5–7]. Therefore, 
neoadjuvant chemoimmunotherapy (NACI) has become 
the preferable strategy for treating early-stage TNBC. 
However, the addition of pembrolizumab resulted in 
only an approximately 5% absolute improvement in 
the 5-year overall survival rate (86.6% vs. 81.7%), indi-
cating that most patients do not benefit from the addi-
tion of immunotherapy. This highlights the urgent need 
for reliable biomarkers to screen patients who are likely 
to benefit from this treatment approach and thus avoid 
overtreatment.

More than 10% of cancer cases are associated with 
infections [8], and the microbiome has been reported 
to be involved in tumorigenesis and disease progres-
sion [9–15]. Moreover, increasing data highlight that 
tumor microbiome is a potential modulator of immune 
responses and therapeutic efficacy across multiple cancer 
types [16, 17]. Intriguingly, specific bacterial populations 
within the tumor can modulate the immune landscape by 
producing metabolites that impact immune cell behavior, 
such as T cell activation and cytokine secretion, which 
may promote or suppress antitumor responses [17–20]. 
These studies suggest that tumor microbiota may serve 
as a specific and robust biomarker for the prediction 
of immunotherapy efficacy. However, monitoring the 
tumor microbiota requires invasive and time-consum-
ing approaches, and samples are easily contaminated by 
laboratory environments; thus, the clinical application 
of this approach is limited. Therefore, development of a 
noninvasive, easy and accurate tool for monitoring tumor 
microbiota is crucial for the use of individualized NACI 
strategies to treat cancer.

Radiomics, which extracts high-throughput data-char-
acterization algorithms for translation into high-dimen-
sional and quantitative imaging features, has gained 
recognition as a non-invasive approach to assess tumor 
heterogeneity, immune phenotypes, and potentially 
microbiota-associated features [21, 22]. By quantifying 
imaging features such as shape, texture, and intensity, 

MRI radiomics has been used to characterize biological 
processes, including immune cell infiltration and PD-L1 
expression [22–25], which are important for predict-
ing immunotherapy outcomes. Hence, radiomics has 
been widely developed as a noninvasive and time-saving 
method for clinical decision-making [26–28]. However, 
whether radiomics could serve as a tool for monitor-
ing tumor microbiota and tumor response to NACI in 
patients with TNBC remains unstudied.

Here, we explored and validated the association 
between intratumoral microbiota and tumor response 
to NACI in TNBC. Moreover, we performed single-cell 
transcriptome analysis to elucidate the immune microen-
vironment landscape of tumors with different responses 
to NACI, and analyzed the correlation between intratu-
moral microbiota and tumor microenvironment (TME). 
Finally, we developed an MRI radiomics model to moni-
tor intratumoral microbiota and tumor response to 
NACI.

Methods
Study patients
Eligible patients with TNBC diseases treated between 
June 2020 and May 2024 at Guangdong Provincial Peo-
ple’s Hospital (training set) and the First People’s Hospi-
tal of Foshan (validation set) were enrolled for this study 
if they: (i) had newly diagnosed TNBC without distant 
metastasis; (ii) aged 18–70  years; (iii) did not receive 
prior anti-cancer treatments; (iv) received NACI and rad-
ical surgery; (v) did not combined with other malignan-
cies; (vi) had complete dynamic contrast-enhanced MRI 
(DCE-MRI) data before and after NACI. The study was 
approved by the Research Ethics Committee of Guang-
dong Provincial People’s Hospital and the First People’s 
Hospital of Foshan. Written informed consent for the use 
of patient specimens and corresponding medical data 
was obtained from each participant.

Treatment strategy
NACI regimens included nab-paclitaxel (260 mg/m2, d1) 
plus carboplatin (AUC 5, d1) and anti-PD1 (200 mg, d1) 
every 3 weeks for 4 cycles followed by epirubicin (75 mg/
m2, d1) plus cyclophosphamide (600  mg/m2, d1) and 
anti-PD1 (200 mg, d1) every 3 weeks for 4 cycles, or nab-
paclitaxel (260 mg/m2, d1) plus carboplatin (AUC 5, d1) 
and anti-PD1 (200 mg, d1) every 3 weeks for 4–6 cycles. 
After the completion of NACI, patients received radical 

Conclusions  Our intratumoral microbiota-aided radiomics model could serve as a powerful and noninvasive tool 
for predicting the response of patients with early-stage TNBC to NACI.
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surgery including modified mastectomy, breast-con-
serving surgery (BCS) with sentinel lymph node biopsy 
(SLNB) or axillary lymph node dissection (ALND) and 
nipple-sparing mastectomy (NSM) with SLNB or ALND.

16S rDNA sequencing (16S‑seq)
Tissue DNA were extracted from frozen pre-treatment 
samples of 57 patients (22 with non-pCR and 35 with 
pCR) at Guangdong Provincial People’s Hospital using 
the DNA extraction kit. The V3-V4 region of bacterial 
16S rRNA was amplified for library construction  and 
sequenced on the Illumina Nova6000 platform (Magi-
gene Biotechnology Co, China). Detailed information on 
16S-seq and data analysis was shown in Additional file.

Single‑cell transcriptome sequencing (scRNA‑seq)
Fresh pre-treatment tissues of 6 patients (3 with non-
pCR and 3 with pCR) were washed by Hanks Balanced 
Salt Solution (HBSS) and then dissociated into single-cell 
suspensions which were forwarded to reverse transcrip-
tion and library construction. Then, libraries were pooled 
and sequenced on Illumina novaseq 6000 with 150  bp 
paired end reads (Singleron, China). Detailed informa-
tion on scRNA-seq and data analysis was shown in Addi-
tional file.

Real‑time quantitative polymerase chain reaction 
(RT‑qPCR)
Total RNAs were extracted from frozen pre-treatment 
tissues of 65 patients (25 with non-pCR and 40 with pCR) 
at Guangdong Provincial People’s Hospital using TRIzol 
reagent (Life Technologies, USA). A total of 2 μg of RNA 
were reverse-transcribed to cDNA which was subjected 
to real-time quantification. Detailed information was 
shown in Additional file.

Fluorescence in situ hybridization (FISH)
Paraffin-embedded slides of pre-treatment tissues were 
dewaxed, rehydrated and then subjected to antigen 
retrieval. After pre-hybridization at 37  °C for 1 h, slides 
were incubated with the pan-bacterial 16S rRNA probe 
(EUB338-GCT​GCC​TCC​CGT​AGG​AGT​) at 40  °C over-
night followed by DAPI staining at room temperature 
for 5–10 min. Images were obtained by a Nikon upright 
fluorescence microscope. For quantification of 16S rRNA 
expression, we randomly selected three fields of view for 
each section and calculated the intensity of each field of 
view. Then, we took the average of three fields of view as 
the expression level of this section. Detailed information 
was shown in Additional file.

Immunohistochemistry (IHC) staining
Paraffin-embedded slides of pre-treatment tissues were 
deparaffinized in xylene, rehydrated in ethanol gradi-
ent, then incubated with 3% H2O2 followed by anti-
gen retrieval. Following that, slides were blocked by 
5% TBST-BSA buffer for 1  h and then incubated with 
primary anti-LPS (Hycult Biotech, Netherlands) at 4 ℃ 
overnight. After incubation with secondary antibody, 
targeted proteins were stained by DAB reagent (DAKO, 
Denmark). For quantification of LPS expression, we 
randomly selected three fields of view for each sec-
tion and calculated the intensity of each field of view. 
Then, we took the average of three fields of view as the 
expression level of this section. Detailed information 
was shown in Additional file.

Multiplex immunofluorescence staining
Paraffin-embedded slides of pre-treatment tissues 
from 10 patients (5 with non-pCR and 5 with pCR) 
were dewaxed, rehydrated and then subjected to anti-
gen retrieval. After being blocked by TBST-BSA buffer, 
slides were incubated with primary antibody at 4  ℃ 
overnight followed by incubation with secondary anti-
body and then stained by TSA solution at room tem-
perature for 10  min. Subsequently, slides underwent 
antigen retrieval, blocking, incubation with primary 
and secondary antibodies repeatedly until all targeted 
proteins were labelled. Finally, slides were stained by 
DAPI before images capture. Detailed information was 
shown in Additional file.

MRI acquisition
Each patient underwent pre-NACI and post-NACI 
breast MRI scans. To ensure comparability between the 
two time points, the same scanner and imaging protocol 
were used for each patient. The MRI scanning protocol 
included T1-weighted, T2-weighted, diffusion-weighted, 
and dynamic contrast-enhanced (DCE) imaging. MRI 
scans were performed using standardized parameters 
across all centers, ensuring consistency in field strength 
(1.5  T or 3  T), spatial resolution, and acquisition tim-
ing. MRI images underwent rigorous quality control to 
exclude artifacts such as motion or incomplete cover-
age. To address MRI scan inconsistencies, we applied the 
N4ITK MRI Bias Correction tool to mitigate intensity 
non-uniformities caused by magnetic field variations. 
MRI images were resampled to a uniform voxel size of 
1 mm3 using linear interpolation, eliminating anisotropy. 
Additionally, we normalized the grayscale intensity of 
MRI images to a 0–1000 range, followed by histogram 
matching to standardize intensity distributions across 
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all images. These preprocessing steps ensured consistent 
and reliable extraction of radiomics features.

Tumor region delineation
Tumor regions of interest (ROIs) were delineated manu-
ally on DCE images experienced radiologists using 3D 
Slicer (version 4.10.2). Both radiologists performed the 
segmentations independently under a double-blind pro-
tocol. For pre-NACI MRI, ROIs were delineated around 
the primary tumor. For post-NACI MRI, the tumor bed 
was identified based on residual enhancement, changes 
in anatomical structure, and associated features such as 
fibrosis or edema. To ensure reproducibility, inter- and 
intra-rater reliability was evaluated using Dice similarity 
coefficients, achieving a coefficient > 0.9.

Radiomics feature extraction
To avoid batch effects and ensure data quality, feature 
extraction followed the Image Biomarker Standardi-
zation Initiative guidelines. Radiomics features were 
extracted from the ROIs on both pre-NACI and post-
NACI images. The PyRadiomics tool was used to extract 
a comprehensive feature set, including first-order sta-
tistics, shape-based and texture features. Additionally, 
wavelet-transformed features were calculated to capture 
multi-scale tumor characteristics.

Radiomics feature selection
Feature selection was conducted separately for pre-NACI 
and post-NACI feature sets to identify the most relevant 
predictors associated with pCR and intratumoral micro-
biome score. Initially, the Mann–Whitney U test was 
applied to identify features significantly associated with 
the pCR (p < 0.05). Features with high inter-correlation 
(Spearman correlation coefficient |r|> 0.9) were excluded 
to avoid multicollinearity. Only one feature from each 
correlated group was retained based on the stronger uni-
variate association with the intratumoral microbiome 
score. Subsequently, elastic net regression was used to 
select the most important features based on the intratu-
moral microbiome score. The optimal hyperparameters 
(α and λ) for the elastic net model were determined using 
tenfold cross-validation, minimizing mean squared error 
and maximizing model performance.

Model development
The modeling process used data from Center 1 as the 
training set and data from Center 2 as the independ-
ent validation set. Three logistic regression models were 
constructed separately for the pre-NACI features, post-
NACI features, and a combining feature set to predict 
the pCR. For each model, the regularization strength L2 
penalty were optimized using tenfold cross-validation on 

the training set. Model performance was assessed using 
the receiver operating characteristic (ROC) curve and 
precision-recall (PR) curve for the training and validation 
sets. Comprehensive classification metrics was evaluated, 
including area under the receiver operating characteris-
tic curve (AUC), sensitivity, specificity, and accuracy. The 
robustness of three models was evaluated using boot-
strap resampling (1000 iterations) to estimate confidence 
intervals for AUCs. Calibration plots and decision curve 
analysis (DCA) were conducted to assess the clinical util-
ity and reliability of the model.

Statistical analysis
All statistical analyses were performed using Python 
(version 3.8) and R (version 4.3) software. Continuous 
variables were summarized as mean ± standard deviation 
or median with interquartile range, depending on the 
Shapiro–Wilk test. Categorical variables were presented 
as counts and percentages. Differences between groups 
were compared using the Mann–Whitney U test for con-
tinuous variables and the Chi-square or Fisher’s exact test 
for categorical variables. To compare model performance 
across the pre-NACI, post-NACI, and fusion models, the 
DeLong test was used to assess differences in AUC. Cali-
bration was assessed using the Hosmer–Lemeshow test, 
with bootstrapping used to estimate confidence inter-
vals of performance metrics. Statistical significance was 
defined as a two-sided p < 0.05.

Results
Patient characteristics
A total of 145 eligible female patients were screened, 
and 124 patients with early-stage TNBC treated with 
NACI and surgery between June 2020 and January 2024 
were enrolled in this study; 88 patients from Guangdong 
Provincial Peoples’s Hospital served as the training set, 
and 36 patients from the First People’s Hospital of Fos-
han served as the validation set (Fig.  1). NACI resulted 
in a total pCR rate of 62.1% (77/124), and patients were 
grouped according to their tumor response to NACI 
(pCR vs. non-pCR). The patients’ baseline characteristics 
were shown in Table  1. Among the 124 patients, 67.7% 
(84/124) were diagnosed with stage I-II disease, whereas 
only 8 (6.5%) patients presented with N3 disease. Clini-
cal tumor stages were well balanced between the pCR 
and non-pCR groups in both training and validation sets 
(p > 0.05 for all comparisons). Intriguingly, the pCR group 
had significantly greater percentages of patients with 
pathological grade III disease than the non-pCR group in 
both training (70.9% vs. 43.3%, p = 0.013) and validation 
sets (95.5% vs. 64.3%, p = 0.014). As expected, the per-
centage of patients who underwent sentinel lymph node 
biopsy (SLNB) in pCR group was significantly greater 
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than that in non-pCR group in the training set (50.9% vs. 
27.3%, p = 0.0442).

Intratumoral microbiota was positively correlated 
with tumor response to NACI
To confirm the presence of intratumoral microorgan-
isms in TNBC tissues, we performed 16S rDNA sequenc-
ing (16S-seq) on pretreatment biopsy samples from 57 
patients (35 in pCR group and 22 in non-pCR group) in 
the training set. After standard procedures of contami-
nation filtration, a broad spectrum of bacterial commu-
nities at both phylum and class levels were identified in 
TNBC tissues (Fig.  2A). We subsequently determined 
the intratumoral microbiota load of tumors from pCR 
and non-pCR groups. Real-time quantitative polymerase 
chain reaction (RT-qPCR) analysis of 16S rDNA revealed 
that the intratumoral microbiota load was significantly 
greater in pCR group than in non-pCR group (p < 0.0001; 
Fig.  2B). Next, we developed a standard curve for the 
absolute quantification of intratumoral microbiota load 
by RT-qPCR, and the results confirmed that still tumors 
from pCR group had a significantly greater load than 
tumors from non-pCR group (p < 0.0001; Fig. 2C and D). 
Moreover, both fluorescence in situ hybridization analy-
sis of 16S rDNA and immunohistochemical staining of 
bacterial LPS protein revealed that intratumoral micro-
biota load was significantly greater in pCR group than 
in non-pCR group (Fig.  2E–H). Nevertheless, we also 
evaluated the association between intratumoral micro-
biota load and tumor response assessed by radiological 

methods. Tumors with a radiology-defined complete 
response (CR) presented a significantly greater intratu-
moral bacterial load than those without CR (Fig.  2I, J). 
Taken together, these findings suggested a positive cor-
relation between intratumoral microbiota load and the 
pathological tumor response in patients undergoing 
NACI, indicating that intratumoral microbiota may serve 
as a specific and robust biomarker for screening popula-
tions who are likely to benefit from NACI.

Intratumoral microbiota was positively associated 
with an activated TME
To gain insight into the TME of tumors with different 
responses to NACI, we performed single-cell tran-
scriptome sequencing (scRNA-seq) on 6 samples (3 in 
pCR group and 3 in non-pCR group). A total of 61,266 
single cells from 7 clusters were identified, which 
included 33,923 epithelial cells, 1111 endothelial cells 
(ECs), 1134 mural cells, 2274 B cells, 11,764  T cells, 
5434 plasma cells and 5626 mononuclear phagocytes 
(MPs; Fig.  3A–C). Intriguingly, compared with those 
of tumors from non-pCR group, the TME of tumors 
from pCR group presented decreased levels of MPs and 
elevated levels of plasma cells (Fig.  3C). With respect 
to macrophages, a total of 5 subclusters were identi-
fied (Fig. 3D, E). As anticipated, the tumors from pCR 
group had significantly greater FOLR2+ macrophage 
infiltration (46.0% vs. 21.8%), whereas tumors from 
non-pCR group presented more SPP1+ macrophages 
(22.22% vs. 5.76%; Fig.  3F). In addition, 6 subclusters 

Fig. 1  Flowchart of study patient enrollment. TNBC: triple-negative breast cancer; NACI: neoadjuvant chemoimmunotherapy: DCE-MRI: dynamic 
contrast-enhanced magnetic resonance imaging
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of plasma cells were identified (Fig. 3G, H). The tumors 
from pCR group had more IGHM+ plasma cells (53.29% 
vs. 12.14%), whereas tumor from non-pCR group pre-
sented with more HSP90AA1+ plasma cells (70.14% 
vs. 16.72%; Fig.  3I). As SPP1+ macrophages have been 
widely proven to be a tumor-promoting immuno-
suppressive cells [29–34], we therefore validated the 
expression of SPP1+ macrophage in tumors from pCR 
and non-pCR groups by multiplex immunofluorescence 

(mIF) staining. Consistent with the data of scRNA-seq, 
the mIF data confirmed the increased infiltration of 
SPP1+ macrophages into tumors from non-pCR group 
(p = 0.0018; Fig. 3J, K). Moreover, the number of SPP1+ 
macrophages was negatively correlated with the intra-
tumoral microbiota load (Fig.  3L, M). Taken together, 
these results revealed the distinct landscape of TME 
between pCR and non-pCR groups and suggested that 
intratumoral microbiota may affect tumor response to 
NACI by altering the TME.

Table 1  Baseline characteristics of patients enrolled in this study

pCR: pathological complete response; non-pCR: non-pathological complete response; Nab-pac: albumin-bound paclitaxel; Carbo: carboplatin; anti-PD-1: Sintilimab or 
Camrelizumab or Pembrolizumab; EC: epirubicin plus cyclophosphamide; TCb: paclitaxel plus carboplatin; BCS: breast-conserving surgery; SLNB: sentinel lymph node 
biopsy; ALND: axillary lymph node dissection; NSM: nipple-sparing mastectomy
a p values were calculated by the Chi-square test for categorical variables and student’s t test for continuous variables
b According to the 8th edition of the International Union against Cancer/American Joint Committee on Cancer (UICC/AJCC) staging manual
c Three patients in Guangdong Provincial People’s Hospital did not have such data

Characteristic Training cohort Validation cohort

pCR (No, %) Non-pCR (No, %) pa pCR (No, %) Non-pCR (No, %) pa

Median age (range) 47 (28–70) 53 (30–66) 0.045 50 (26–72) 50 (27–62) 0.973

T stageb 0.234 0.108

 T1 6 (10.9) 3 (9.1) 7 (31.8) 0 (0)

 T2 36 (65.5) 21 (63.6) 9 (40.9) 10 (71.4)

 T3 11 (20) 4 (12.1) 5 (22.7) 3 (21.4)

 T4 2 (3.6) 5 (15.2) 1 (4.6) 1 (7.2)
90

N stageb 0.082 0.261

 N0 26 (47.3) 11 (33.3) 1 (4.5) 3 (21.4)

 N1 19 (34.5) 10 (30.3) 20 (90.9) 10 (71.4)

 N2 9 (16.4) 7 (21.2) 0 (0) 0 (0)

 N3 1 (1.8) 5 (15.2) 1 (4.6) 1 (7.2)

Overall stageb 0.486 0.693

 I 1 (1.8) 1 (3.0) 0 (0) 0 (0)

 II 37 (67.3) 18 (54.6) 16 (72.7) 11 (78.6)

 III 17 (30.9) 14 (42.4) 6 (17.3) 3 (21.4)

Chemo-IM regimen 0.811 0.152

NACI regimen 0.296 1.000

 Nab-pac/Carbo + anti-PD1 21 (38.2) 9 (27.3) 0 (0) 0 (0)

 EC-TCb + anti-PD1 34 (31.8) 24 (72.7) 22 (100) 14 (100)

Pathological Gradec 0.013 0.014

 I–II 16 (29.1) 17 (56.7) 1 (4.5) 5 (35.7)

 III 39 (70.9) 13 (43.3) 21 (95.5) 9 (64.3)

Median Ki67 (range) 75 (20–95) 62.5 (10–95) 0.024 45 (20–95) 60 (20–90) 0.711

Surgery 0.144 0.755

 BCS + SLNB 11 (20) 1 (3.0) 0 (0) 0 (0)

 BCS + ALND 8 (14.5) 7 (21.2) 9 (40.9) 5 (35.7)

 Mastectomy + SLNB 14 (25.5) 8 (24.2) 0 (0) 0 (0)

 Mastectomy + ALND 12 (21.8) 10 (30.3) 13 (59.1) 9 (64.3)

 NSM + SLNB 3 (5.5) 0 (0) 0 (0) 0 (0)

 NSM + ALND 7 (12.7) 7 (21.2) 0 (0) 0 (0)
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Feature extraction and selection
Having elucidated the correlation between intratumoral 
microbiota and tumor response to NACI, we then devel-
oped a microbiota-aided radiomic model to predict 
tumor responses. A total of 1223 radiomics features 
were extracted for each time point, including first-order, 
shape-based, texture and wavelet features. The Mann–
Whitney U test revealed that 278 pre-NACI and 395 
post-NACI features were significantly associated with 
pCR. Spearman correlation analysis further eliminated 
highly correlated features, leaving 212 and 306 features. 
Elastic net regression further retained the optimal fea-
ture sets associated with intratumoral microbiome score, 
including 9 pre-NACI features and 8 post-NACI features. 
The correlation matrix revealed that each feature was an 
independent predictor of NCAI (Fig. 4A and B).

Models performance and comparison
In the training set, the fusion model achieved the 
highest AUC of 0.945, outperforming the pre-NACI 
(AUC = 0.875) and post-NACI (AUC = 0.917) mod-
els, indicating improved classification capability when 
both pre-NACI and post-NACI data were integrated 
(Fig.  4C). Precision-recall curves demonstrated a con-
sistent improvement in sensitivity and precision of the 
fusion model (Fig. 4D). Decision curve analysis revealed 
that the fusion model provided superior net clinical 

benefit across a range of risk thresholds compared with 
single-time-point models (Fig.  4E). In the validation 
set, the fusion model maintained superior performance 
(AUC = 0.873), exceeding those of the pre-NACI model 
(AUC = 0.769) and the post-NACI model (AUC = 0.802). 
This model demonstrated better precision and recall bal-
ance in predicting pCR (Fig.  4F and G). Decision curve 
analysis further confirmed the robustness of the fusion 
model (Fig. 4H), which consistently had greater net ben-
efits than did the single-time-point model. These find-
ings demonstrated the added value of incorporating 
pre-NACI and post-NACI data, indicating that the fusion 
model could make better predictions.

Clinical validation of models
The confusion matrices for the fusion, pre-NACI, and 
post-NACI models were analyzed to evaluate their 
clinical value (Fig.  5). In the training set, the fusion 
model achieved the highest sensitivity (96.3%, 52/54), 
specificity (88.2%, 30/34), and accuracy (93.2%, 82/88), 
effectively distinguishing patients with pCR from those 
without with minimal misclassification. In comparison, 
the pre-NACI model had a sensitivity of 90.7% (49/54), 
and a specificity of 79.4% (27/34), and the post-NACI 
model had a sensitivity of 92.6% (50/54) but a lower 
specificity of 73.5% (25/34). In the validation set, the 
fusion model maintained strong performance, with a 

Fig. 2  Intratumoral microbiota load was positively correlated with tumor response to NACI. A Relative abundance of the top 15 taxa at phylum 
level in TNBC tissues identified by 16S-seq. B RT-qPCR analysis of 16S rDNA in negative control (n = 10), pCR (n = 40) and non-pCR (n = 25) tumors. 
C Standard curve used for absolute quantification of intratumoral microbiota load via RT-qPCR assay. D RT-qPCR analysis of absolute intratumoral 
microbiota load of pCR (n = 40) and non-pCR tumors (n = 25). E, F FISH staining of 16S rDNA in pCR (n = 42) and non-pCR tumors (n = 26). Scale bars, 
left panels, 400 μm; right panels, 40 μm. G, H IHC staining of LPS in pCR (n = 42) and non-pCR tumors (n = 25). Scale bars, left panels, 375 μm; right 
panels, 30 μm. I Statistical analysis of 16S rDNA as revealed by FISH staining between radiology-defined CR (n = 43) and non-CR tumors (n = 19). J 
Statistical analysis of LPS in radiology-defined CR (n = 44) and non-CR tumors (n = 19)
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sensitivity of 77.3% (17/22), specificity of 78.6% (11/14), 
and accuracy of 77.8% (28/36). The pre-NACI model 
had lower accuracy (69.4%, 25/36), sensitivity (72.7%, 
16/22), and specificity (64.3%, 9/14). The post-NACI 
model demonstrated an accuracy of 75.0% (27/36) 
and higher sensitivity (90.9%, 20/22) but lower speci-
ficity (50.0%, 7/14), indicating a bias toward identify-
ing patients who achieved pCR but a limited ability to 
distinguish patients who did not achieve pCR. Overall, 
the fusion model integrated pre-NACI and post-NACI 
data and achieved balanced sensitivity and specificity, 

improving its clinical applicability for predicting tumor 
response to NACI. Representative patients with dis-
tinct treatment outcomes highlighted the correlation 
between MRI signs and histopathological findings 
(Fig.  6). Patients 1 and 2 (non-pCR group) exhibited 
heterogeneous and irregular tumor enhancement on 
MRI, with sparse bacterial presence and limited micro-
bial density. In contrast, Patients 3 and 4 (pCR group) 
displayed reduced tumor enhancement after NACI, 
with significantly greater microbial density. These find-
ings indicated the predictive value of combining imag-
ing and intratumoral microbiome.

Fig. 3  Intratumoral microbiota activated anti-tumor immune. A UMAP plots of 7 cell types identified by scRNA-seq of 6 TNBC samples. B The 
top 3 marked genes of each cell type. C Statistical histograms of each cell type in pCR and non-pCR groups. D UMAP plots of 5 subclusters 
of macrophages. E The top 3 marked genes of each subcluster of macrophage. F Statistical histograms of 5 subclusters of macrophages. G 
UMAP plots of 6 subclusters of plasma cells. H The top 3 marked genes of each subcluster of plasma cells. I Statistical histograms of 6 subclusters 
of plasma cells. J mIF staining of pan-CK and SPP1 in pCR and non-pCR tumors. Scale bars, 50 μm. K Quantification of SPP1 + macrophages in pCR 
and non-pCR tumors (n = 5 in each group). L Correlation analysis of LPS and SPP1 + macrophages (n = 10). M Correlation analysis of 16S rDNA 
and SPP1 + macrophages (n = 10)
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Discussion
Although neoadjuvant chemotherapy combined with 
immunotherapy has been proven to be the preferable 
strategy for treating early-stage TNBC, only a small 
proportion of patients benefit from the addition of 

immunotherapy [5–7]. Unfortunately, powerful and spe-
cific biomarkers for predicting the efficacy of immuno-
therapy are still lacking. To the best of our knowledge, 
our current work is the first to incorporate intratu-
moral microbiota and radiomics to generate a specific 

Fig. 4  Performance of pre-NACI, post-NACI, and fusion models in training and validation sets. A, B Spearman correlation heatmaps of radiomics 
features for the pre-NACI and post-NACI models reveal no strong correlations among features, indicating that these features are complementary. 
C, D Receiver Operating Characteristic and Precision-Recall Curves for the training set show that the fusion model achieves the highest AUC, 
outperforming the pre-NACI and post-NACI models. E Decision curve analysis for the training set highlights the fusion model’s superior net benefit 
across a wide range of risk thresholds. F, G Receiver Operating Characteristic and Precision-Recall Curves for the validation set demonstrate superior 
performance of the fusion model compared to the pre-NACI and post-NACI models. H Decision curve analysis for the validation set confirms 
the fusion model’s consistent net benefit, showcasing its clinical utility in predicting tumor response to treatment
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noninvasive tool for the efficacy prediction of NACI in 
patients with early-stage TNBC. As expected, our intra-
tumoral microbiota-aided radiomics model significantly 
outperformed the models generated from pre-NACI 
or post-NACI MRI features, indicating a crucial role of 
intratumoral microbiota in individualized treatment 
strategy delivery.

With the development of next-generation sequencing 
technology, numerous tumor tissues that were previously 
considered sterile have also been shown to present with 
a large amount of intratumoral microbiota [35]. Moreo-
ver, intratumoral microbiota is usually specific to the 
type of tumor, indicating a pivotal association between 
cancer and intratumoral microbiota [19, 36]. Conse-
quently, intratumoral microbiota has been widely applied 
as a powerful biomarker for cancer screening, treatment 
efficacy monitoring and prognosis prediction [9]. Given 
the observed association between antibiotic exposure 
and reduced clinical benefit of immunotherapy [37, 
38], exploring the potential correlation between intra-
tumoral microbiota and immunotherapy is reasonable. 
The role of tumor-resident microbes in modulating the 
TME has been widely studied [14, 39, 40]. By performing 
scRNA-seq analysis on tumors with different responses 

to NACI, we elucidated the landscape of TME in TNBC 
tumors and showed that intratumoral microbiota load 
was negatively associated with the number of tumor-
associated SPP1+ macrophages. These results suggest 
that intratumoral microbiota may serve as an activation 
modulator of tumor TME. Intriguingly, intratumoral 
microbiota metabolite trimethylamine N-oxide (TMAO) 
was reported to promote antitumor immunity in TNBC 
[15], suggesting that intratumoral microbiota modulates 
the TME of TNBC and the efficacy of NACI via their 
metabolites. However, the potential mechanisms need 
further exploration.

Recent studies have explored various imaging modali-
ties for predicting pCR in patients with breast cancer. 
Huang et al. utilized longitudinal MRI for predicting pCR 
and B cell infiltration [41]. Urso et al. employed 18F-FDG 
PET/CT radiomics to predict the responses of tumors 
to neoadjuvant chemotherapy [42]. Additionally, Wan 
et  al. demonstrated the potential of multimodal ultra-
sound radiomics for early pCR prediction [43]. These 
approaches highlight the increasing importance of imag-
ing and radiomics in personalized breast cancer treat-
ment. Radiomics features derived from MR scans before 
and after NACI provided complementary information on 

Fig. 5  Confusion matrices for predicting pCR and non-pCR cases using fusion, pre-NACI, and post-NACI models in the training and validation 
sets. A–C Confusion matrices for the training set using the fusion model, pre-NACI model, and post-NACI model. The fusion model demonstrates 
the highest accuracy, outperforming the single-timepoint models. D–F Confusion matrices for the validation set using the fusion model, pre-NACI 
model, and post-NACI model. The fusion model maintains strong predictive performance with a balance of true positives and true negatives, 
showing the robustness compared to the pre-NACI and post-NACI models
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the tumor response to treatment [27, 44, 45]. Pre-NACI 
features primarily reflected baseline tumor biology, such 
as vascularity and cellularity, whereas post-NACI fea-
tures captured dynamic changes induced by therapy, 
including tumor shrinkage and tissue remodeling [23, 

46]. The integration of these features enabled a more 
accurate prediction of pCR, thus addressing the inher-
ent limitations of single-time-point models. We subse-
quently developed a fusion model that integrated data 
from both pre- and post-NACI MRI, achieving superior 

Fig. 6  Representative MRIs and histological results of breast cancer patients with pCR and non-pCR outcomes. Patient 1 (A–D) and Patient 2 
(E–H): non-pCR cases show pre-NACI and post-NACI MRI images, immunohistochemistry, and immunofluorescence analysis with intratumoral 
microbiome counts marked in red. The two representative non-pCR patients exhibit reduced intratumoral microbiome counts. Patient 3 (I–L) 
and Patient 4 (M–P): pCR cases demonstrate pre-NACI and post-NACI MRI images, immunohistochemistry, and immunofluorescence analysis 
with intratumoral microbiome counts marked in red. The two representative pCR patients show increased intratumoral microbiome counts, 
characterized by denser cell
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predictive performance compared with single-time-point 
models. Our study used elastic net regression to retain 
radiomics features associated with intratumoral micro-
biome, optimizing the interpretability and performance 
of the model. The fusion model captured treatment-
induced morphological and functional changes, while 
the microbiome data added a biological dimension to 
the prediction. Specifically, this model outperformed 
both pre-NACI and post-NACI models in the training 
and validation sets, with the highest AUC values of 0.945 
and 0.873, respectively. These findings indicated that 
integration of imaging biomarkers and microbiome data 
improved the precision of tumor response predictions, 
providing a noninvasive tool to guide personalized NACI.

From a clinical perspective, the fusion model dem-
onstrated consistent performance, with a sensitivity 
of 77.3% and a specificity of 78.6% in the validation set. 
Notably, the decision curve analysis confirmed its clinical 
utility, demonstrating a greater net benefit in decision-
making outcomes across varying risk thresholds than 
single-time-point models. These findings suggest that 
longitudinal imaging data capture dynamic changes in 
tumor morphology and progression, which are critical for 
precisely predicting tumor response. Furthermore, the 
balanced sensitivity and specificity of the model estab-
lished it as a robust tool for distinguishing patients who 
achieve pCR from those who do not, fulfilling a critical 
clinical need for early assessment. Comparatively, single-
time-point models demonstrated limitations, including 
the pre-NACI model’s lower specificity (64.3%) and the 
post-NACI model’s reduced accuracy (69.4%). By provid-
ing accurate predictions of NACI outcomes, the fusion 
model could support patient stratification, facilitate 
individualized treatment planning, and potentially spare 
non-responders from unnecessary toxic effects of chem-
otherapy. Most importantly, this model is constructed on 
the basis of MRI features, and patients with pre-treat-
ment MRI data are eligible to be evaluated by this model, 
making it very easy to integrate into clinical workflows.

Limitations of our study should be acknowledged. 
First, potential bias in data collection may exist because 
of the retrospective nature and small sample sizes, espe-
cially the exclusion of patients with incomplete MRI data 
and unrecorded antibiotic use. For future prospective 
validation, patients with different intratumoral micro-
biota loads defined by the radiomics model should be 
randomly assigned to receive NACI or neoadjuvant 
chemotherapy alone. The exploration of different tumor 
types beyond TNBC and the integration of other omics 
data to increase the model’s accuracy are necessary. Sec-
ond, the sample sizes of scRNA-seq cohort (n = 6) and 
validation cohort (n = 36) were underpowered to cap-
ture intratumoral microbiota diversity or rare immune 

subsets, necessitating larger cohorts to validate the 
SPP1+ macrophage results. Our study population con-
sisted of patients from only two centers in China, and 
we acknowledge that the sample may not fully represent 
diverse ethnicities and geographic regions. Moreover, 
pCR, rather than long-term survival outcomes such as 
overall survival and disease-free survival, was chosen as 
the main endpoint for evaluating intratumoral microbi-
ota and constructing a radiomics model owing to the rel-
atively short follow-up duration. Finally, the mechanisms 
by which intratumoral microbiota modulates the TME 
have not been elucidated.

Conclusions
In summary, we explored and validated intratumoral 
microbiota as a powerful predictor of the response of 
patients with early-stage TNBC to NACI. Moreover, we 
developed an intratumoral microbiota-aided fusion radi-
omics model that showed strong power in predicting 
the response of patients to NACI. Our findings provide 
a noninvasive and powerful tool for the development 
of individualized NACI strategies to treat patients with 
early-stage TNBC.
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