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PURPOSE

To investigate the predictive value of deep learning (nnU-Net)-based fully automated quantitative
background parenchymal enhancement (BPE) metrics and clinicopathological factors for patholog-
ical complete response (pCR) in patients with breast cancer receiving neoadjuvant chemotherapy
(NACT).

METHODS

This retrospective study included 142 patients who underwent NACT and had pre- and post-treat-
ment magnetic resonance imaging (MRI) scans. The breast parenchyma and tumors were automati-
cally segmented using nnU-Net. Quantitative BPE metrics were calculated using multiple threshold
values based on signal intensity and the signal enhancement ratio. Clinicopathological variables
analyzed included age, menopausal status, body mass index (BMI), hormone receptor (HR) status
(estrogen receptor, progesterone receptor), human epidermal growth factor receptor 2 (HER2) sta-
tus, Ki-67 proliferation index, histologic grade, tumor and breast parenchymal volumes, and pre-/
post-treatment pathological findings. The BPE parameters and clinicopathological data were evalu-
ated using univariate and multivariable logistic regression models. Pre-specified subgroup analyses
were performed using Mann-Whitney U tests, and the independence of subgroup BPE signals from
menopausal status and BMI was tested in adjusted logistic models.

RESULTS

None of the evaluated quantitative BPE metrics showed a statistically significant association with
pCRin the overall cohort (P > 0.05 for all). In pre-specified exploratory subgroup analyses, however,
baseline BPE was significantly lower among patients with pCR in the HER2-negative subgroup (me-
dian 49.8% vs. 59.3%, P =0.014) and in HR-positive disease (median 44.6% vs. 58.3%, P=0.003), and
arelative increase in BPE during NACT was associated with pCR in HR-positive tumors (P=0.017). In
triple-negative disease, lower post-treatment BPE accompanied pCR (P = 0.010). Multivariable anal-
ysis revealed that a high Ki-67 proliferation index [adjusted odds ratio (OR) 1.03 per unit, 95% confi-
dence interval (Cl), 1.01-1.04; P = 0.0029] and HER2 positivity (adjusted OR: 2.99, 95% Cl, 1.19-7.56;
P =0.020) were strong and independent predictors of pCR. The diagnostic performance [area under
the curve (AUC)] of the multivariable model was 0.76 (95% Cl: 0.69-0.83).

CONCLUSION

Even when standardized and reproducible quantitative measurements are obtained via deep learn-
ing algorithms, BPE dynamics did not independently predict pCR in this single-center cohort; how-
ever, hypothesis-generating subgroup-specific signals in HER2-negative and HR-positive disease
warrant prospective evaluation. Traditional clinicopathological features reflecting the tumor’s in-
trinsic biology remain the most reliable determinants in this cohort for predicting NACT response.

CLINICAL SIGNIFICANCE

Although custom-trained deep learning models enable standardized and reproducible quantifica-
tion of BPE, our findings show that BPE dynamics do not independently predict pCR across an unse-
lected NACT cohort. Even a model combining BPE with clinicopathological variables achieved only
modest cross-validated discrimination (AUC = 0.69), and this discrimination was fully accounted for
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by Ki-67 and HER2 status; quantitative BPE added no incremental value. These results do not support the standalone clinical use of quantitative BPE for
early response prediction. Clinicians should continue to prioritize intrinsic tumor markers (Ki-67 index, HER2 status), but the subgroup-specific BPE signals
observed here are exploratory and require prospective validation before any clinical application.
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eoadjuvant chemotherapy (NACT) is
N increasingly utilized in breast cancer

management to reduce tumor size,
facilitate breast-conserving surgery, and
assess in vivo systemic therapy response.” A
primary goal is achieving pathological com-
plete response (pCR), defined as the total
eradication of invasive cancer cells in the
breast and axillary lymph nodes. Achieving
pCR is a robust prognostic indicator that sig-
nificantly improves overall and disease-free
survival, particularly in aggressive subtypes
such as triple-negative breast cancer (TNBC)
and human epidermal growth factor recep-
tor 2 (HER2)-positive breast cancer.?

Radiological evaluations are essential for
post-treatment surgical planning and pCR
prediction. Breast magnetic resonance imag-
ing (MRI) remains the most accurate imaging
modality for detecting residual disease by
assessing changes in tumor vascularity, per-
fusion, and microstructural composition fol-
lowing NACT." Although highly sensitive and
specific, its accuracy in predicting pCR varies
across different biological tumor subtypes.?

The characteristics of normal breast tissue
distinct from the tumor are currently gar-
nering considerable attention. Background

* A custom-trained three-dimensional no-
new-Net deep learning model enables
reproducible and observer-independent
quantification of background parenchymal
enhancement (BPE).

* Despite rigorous objective volumetric
assessment, neither baseline BPE nor its
dynamic changes independently predict
pathological complete response to neoad-
juvant chemotherapy in the overall cohort.

* Intrinsic biological tumor markers, specif-
ically Ki-67 proliferation index values and
human epidermal growth factor receptor 2
(HER2) status, remain the most reliable inde-
pendent predictors of treatment response.

* Pre-specified subgroup analyses suggest
that lower baseline BPE in hormone recep-
tor-positive/HER2-negative  disease and
lower post-treatment BPE in triple-negative
disease may carry a response signal that is
masked in the unstratified cohort.

parenchymal enhancement (BPE)—the en-
hancement of normal fibroglandular tissue
(FGT) on dynamic contrast-enhanced (DCE)
MRI—is a crucial clinical and biological bio-
marker.* Highly influenced by estrogen (ER)
levels, as well as the menstrual cycle phase
and menopausal status,’ it reflects the basal
metabolic activity and perfusion of normal
tissue. Notably, moderate or marked BPE is
significantly associated with an increased
risk of developing breast cancer.®

In clinical practice, BPE is evaluated
qualitatively using the American College of
Radiology Breast Imaging Reporting and
Data System lexicon (minimal, mild, mod-
erate, or marked). However, this subjective
assessment causes substantial inter-reader
variability.” To eliminate this and obtain re-
producible data, quantitative methods using
computer algorithms have been developed
to segment FGT and calculate BPE.®3° These
measurements overcome visual assessment
limitations by objectively determining FGT
volume and BPE intensity.

A continuous decrease (suppression) in
BPE is generally observed throughout the
NACT process. This is thought to stem from
chemotherapy-induced ovarian suppression
and decreased vascularity in normal breast
tissue. The absence of BPE suppression
during NACT has been proposed as an early
indicator of inadequate tumor response;'®"
thus, monitoring quantitative BPE changes
during chemotherapy provides a potential
opportunity for early evaluation of treatment
efficacy.

The relationship between BPE levels—
particularly in the contralateral (healthy)
breast—and pCR following NACT has be-
come a prominent research focus."'? This
stromal activity, which represents high mi-
crovascular density, reflects the delivery ca-
pacity of chemotherapeutic agents to the
tumor. Consequently, an early-stage decline
in BPE could serve as a potential predictor of
successful pCR."

Accordingly, quantitatively analyzing BPE
changes on pre- and post-NACT breast MRIs
is crucial for elucidating their association
with pCR. Beyond confirming or refuting pri-
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or reports, the present study advances the
literature by (i) deploying a fully automat-
ed, dedicated three-dimensional (3D) deep
learning (nnU-Net) segmentation framework
that was trained and internally validated on
manually corrected expert annotations and
shown to be on par with inter-reader agree-
ment; (ii) evaluating, in the same cohort, BPE
quantified across two enhancement defi-
nitions [signal intensity (SI) and signal en-
hancement ratio (SER)] and three thresholds
(> 10%, > 20%, > 30%)—an analysis space
not previously reported together; and (iii)
performing pre-specified subgroup analyses
by molecular subtype, HER2/hormone re-
ceptor (HR) status, and menopausal status to
test whether the previously reported associ-
ations between BPE and pCR are reproduced
when BPE is measured in a fully objective
way.>’

Methods

Study population

University of Health Sciences Tirkiye,
Bakirkdy Dr. Sadi Konuk Training and Re-
search Hospital Ethics Committee approved
this retrospective study (decision number:
2025-05-03, date: March 5, 2025), waiving
the need for informed consent. Initially, 186
women with breast cancer who received
NACT between January 2016 and September
2024 were evaluated. The inclusion criteria
were as follows: (i) biopsy-proven unilateral
invasive breast cancer; (ii) receipt of NACT;
and (iii) the availability of pre- and post-
NACT breast MRIs at the study institution.
Among the 168 eligible patients, exclusions
included the lack of post-NACT surgery at
the study center (n = 4, 2.4%), subsequent
identification of contralateral breast lesions
(n =2, 1.2%), or missing MRI data (n = 20,
12%). Ultimately, 142 patients (mean age,
48.9 + 10.2 years; range, 25-86) with 284 MRI
examinations were included.

Clinical and treatment data

Analyzed variables included age, meno-
pausal status, body mass index (BMI), histo-
logic grade (Bloom and Richardson method),
biomarker status [ER, progesterone (PR),
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HER2], Ki-67 proliferation index values, tu-
mor/breast volumes, BPE percentage, and
post-NACT surgical type. Tumors with > 10%
nuclear immunoperoxidase staining were
considered ER or PR positive, and HER2 sta-
tus was evaluated via immunohistochemis-
try (3+ considered positive) or fluorescence
in situ hybridization for 2+ equivocal cases
(HER2/chromosome 17 centromere ratio
> 2.0)."*'> Co-expressing tumors (HR- and
HER2-positive) were analyzed within the
HER2-positive group, and NACT regimens
were individualized through a multidisci-
plinary tumor board based on biological
subtypes: anthracycline- and taxane-based
therapies for Luminal A/B and triple-nega-
tive subtypes (with platinum agents added
selectively for the latter), with targeted ther-
apies (trastuzumab + pertuzumab) added for
HER2-positive cases.

PCR definition

pCR was defined, as per the institutional
pathology protocol, as the absence of re-
sidual invasive carcinoma in the breast and
ipsilateral axillary lymph nodes on the sur-
gical specimen (ypTO/Tis ypNO) based on
standardized whole-specimen sampling by a
dedicated breast pathologist; residual ductal
carcinoma in situ (DCIS) was permitted in line
with current consensus.

Imaging time windows

Pre-NACT MRI was performed within 4
weeks (median 14 days) after biopsy and
before the first cycle of chemotherapy. Post-
NACT MRI was performed within 4 weeks
(median 18 days) before definitive surgery
and at least 3 weeks after the last chemo-
therapy administration. Because the study
cohort was retrospective, patients who were
premenopausal could not be systematically
scheduled in the second week of the men-
strual cycle; this is acknowledged as a limita-
tion.

Magnetic resonance imaging protocol

Pre- and post-NACT MRIs were acquired
on a 3-Tesla system (Magnetom Verio; Sie-
mens Healthcare, Erlangen, Germany) using
a dedicated bilateral phased-array breast
coil. The standardized protocol included
axial turbo inversion recovery magnitude,
multi-b-value diffusion-weighted imaging,
and pre-contrast T1-weighted sequenc-
es. DCE imaging utilized a fat-suppressed
3D T1-weighted gradient-echo sequence.
Following a pre-contrast baseline, an intra-
venous gadolinium-based contrast agent
(0.2 mmol/kg) was injected at 2-3 mL/s,
followed by a 20-mL saline flush, alongside
four post-contrast dynamic phases. Subtrac-
tion images and time-SI curves were subse-
quently generated (Table 1).

Image processing and background paren-
chymal enhancement quantification

All segmentation work was performed on
the axial first post-contrast DCE T1-weighted
sequence (the same volume used for BPE
quantification) in NIfTI format. A radiologist
(10 years of dedicated breast imaging expe-
rience) manually contoured the bilateral fi-
broglandular parenchyma and the enhanced
tumor region on every slice in 3D Slicer
(v5.8.1), explicitly excluding the nipple-are-
olar complex, cysts, and major vessels. The
mean manual segmentation time was ap-
proximately 15-20 minutes per examination,
illustrating the operational burden that mo-
tivates the automated pipeline described
below.

Image registration

Pre- and post-contrast volumes of each
examination were co-registered with a rig-
id (6 degrees of freedom) transformation in
SimplelTK (Mattes mutual information met-
ric, regular step gradient descent optimizer,
multi-resolution pyramid with three levels).
Registration quality was visually inspected
slice by slice by the radiologist before vox-

Table 1. Magnetic resonance imaging protocol parameters

el-wise subtraction; cases in which residual
misregistration produced ghosting at the pa-
renchyma-fat interface were excluded.

Automated segmentation (nnU-Net)

A 3D full-resolution nnU-Net (v2) model
was trained for three-class semantic seg-
mentation (right parenchyma, left paren-
chyma, tumor) on 121 patients (242 exam-
inations, pooled pre- and post-NACT), with
21 patients (42 examinations) retained as
an internal test set. Five-fold cross-valida-
tion was performed using the framework’s
default U-Net encoder-decoder backbone
with anisotropic convolutions, instance nor-
malization, leaky ReLU activations, and deep
supervision. Mirroring augmentation was
disabled (nnUNetTrainerNoMirroring) to pre-
serve the left/right anatomical distinction
required for laterality-specific BPE outputs.
The supplementary schematic illustrates the
overall pipeline (pre/post DCE volume, nnU-
Net inference, laterality-aware parenchyma
masks, voxel-wise BPE thresholding). A sec-
ond radiologist independently segmented
the test set to assess inter-observer variabil-
ity using the Dice similarity coefficient (DSC)
and Cohen’s k. The study design is presented
in Figure 1.

BPE quantification

BPE was quantified using an Sl approach.
For parenchymal voxels, the percentage sig-
nal increase was calculated as follows: Per-
cent Increase = [(SI_post - SI_pre) / SI_pre] x
100. Binary BPE masks were generated using
10% to 100% thresholds (in 10% increments)
to compute absolute BPE volume (mL), rela-
tive BPE percentage, and mean post-contrast
SI. A secondary SER was similarly calculated
using late post-contrast phases (phase 4)
when available: SER = (Sl_early — SI_pre) /
(Sl_late — SI_pre). Structured BPE metrics
(pretreatment, post-treatment, and delta)
were extracted for the non-tumor contralat-
eral breast as well as bilaterally. Automated
BPE quantification was also validated against

Sequence TR (ms) TE ETL TI(ms) FA(°) Matrix Slice Gap FOV Pixel size NEX  BW (kHz)

(ms) Thickness (mm) (cm) (mm)

(mm)

TIRM (axial) 5,000-7,000 50-70 15-25 170-220 150 320x 256 3-4 0.5-1 30-36 =1.0x12 1-2  200-260
DWI (EPI) 4,000-8,000 60-90 — — 90 128x128 3-4 0-1 30-36 =2.0x2.0 2-4 1500-2000
Pre-contrast T1-weighted il5= 10- -
GRE (fat-saturated, 3D) 4-6 25 — 15 384 x 256 1-1.5 0 30-36 =0.8x08 1 300-450
Dynamic T1-weighted ~ 1.5- 10- _ . ~ .
GRE (fat-saturated, 3D) 4-6 25 15 384 x 256 1-1.5 0 30-36 =0.8x0.8 1 300-450

TR, repetition time; TE, echo time; ETL, echo train length; Tl, inversion time; FA, flip angle; FOV, field of view; NEX, number of excitations; GRE, gradient echo; EPI, echo-planar
imaging; DWI, diffusion-weighted imaging; TIRM, turbo inversion recovery.
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Breast MRI Examinations
142 Patients / 284 MRI
Examinations
(Pre- and Post-NACT MRI)

Manual Reference
Segmentation
Right Parenchyma

Left Parenchyma

Tumor

nnU-Net v2 Training
3-Class Semantic
Segmentation Model
Training Set: 121 Patients
(242 MRI)
Internal Test Set: 21 Patients
(42 MRI)

Statistical Analysis
pCR vs Non-pCR
Logistic Regression
Subgroup Analyses
Model Performance
Evaluation

BPE Quantification

Segmentation Validation
Dice Similarity Coefficient
Cohen's k
Inter-observer Agreement

Figure 1. Flowchart of the study design. BPE, background parenchymal enhancement; MRI, magnetic
resonance imaging; NACT, neoadjuvant chemotherapy; nnU-Net, no-new-Net; pCR, pathological complete

response.

manual measurements using the mod-
el-generated masks.

Statistical analysis

Structured feature triplets (pretreatment,
post-treatment, and delta BPE) alongside
clinical variables were evaluated for predict-
ing pCR. Univariate logistic regression was
initially applied to standardized continuous
variables, reporting odds ratios (ORs) per
standard deviation (SD) increase. Model per-
formance was assessed via the area under
the receiver operating characteristic (ROC)
curve (AUQ), sensitivity, specificity, and F1
scores, with 95% confidence intervals (Cls)
derived from 1,000 bootstrap iterations.
Independent predictors were identified
through multivariable logistic regression uti-
lizing L1-regularized (least absolute shrink-
age and selection operator) feature selec-
tion, evaluated using the apparent AUC and
five-fold cross-validation. Non-parametric
tests (Kruskal-Wallis, Mann-Whitney U) as-
sessed associations between BPE and im-
munohistochemical subtypes. Pre-specified
subgroup analyses compared BPE (pre, post,
delta at the > 30% SER bilateral threshold)
between patients with and without pCR in
terms of the following: (i) HER2 positivity vs.

HER2 negativity, (ii) HR positivity (ER+ and/or
PR+) vs. HR negativity, (iii) molecular subtype
strata (Luminal A/B, HER2+, TNBC), and (iv)
premenopausal vs. postmenopausal status
(recorded directly in the clinical database).
Mann-Whitney U tests were used given the
non-normal distributions in these strata; be-
cause of the exploratory nature of these sub-
group analyses, nominal p-values are report-
ed without further multiplicity correction.
The associations of menopausal status and
BMI with both pCR and baseline BPE were
tested directly (Fisher exact, Mann-Whitney
U, Spearman correlation), and a multivariable
logistic model adjusting baseline BPE for
age, BMI, and menopausal status was fitted
within the HR-positive subgroup in which a
univariate BPE signal was detected. To assess
the incremental value of the full multivari-
able model over the two dominant clinical
predictors, a parsimonious logistic model
containing only HER2 status and Ki-67 was
additionally fitted and compared with the
full model using the same standardization,
L2 estimator, five-fold cross-validation, and
bootstrap procedure. The added discrimina-
tion of the remaining covariates was tested
using the DelLong test on the apparent ROC
curves, and the incremental contribution of
the BPE terms was tested with nested likeli-
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hood-ratio tests. Analyses were conducted in
Python (v3.12; scikit-learn, statsmodels, nnU-
Net, 3D Slicer), with statistical significance
defined as a two-sided P < 0.05.

Results

Cohort demographics and treatment char-
acteristics

The final cohort comprised 142 wom-
en with a mean age of 48.9 + 10.2 years; 77
(54.2%) were under 50 years of age and 65
(45.8%) were > 50. Menopausal status was
recorded directly: 69 (48.6%) were premeno-
pausal and 73 (51.4%) postmenopausal, and
the mean BMI was 28.4 + 4.9 kg/m? (range
17-42). The molecular distribution was as
follows: Luminal A =5 (3.5%), Luminal B =
36 (25.4%), HER2 positive = 61 (43.0%), and
triple negative = 40 (28.2%). HR positivity
(ER and/or PR) was observed in 74 patients
(52.1%) and HER2 positivity in 61 (43.0%).
The overall pCR rate was 40.1% (57/142); pCR
rates per subtype were 0% (0/5) for Luminal
A, 22.2% (8/36) for Luminal B, 52.5% (32/61)
for HER2 positive, and 42.5% (17/40) for tri-
ple negative [chi-square (y?), P = 0.007]. Pre-
NACT axillary involvement was document-
ed in 115/142 (81.0%) patients. The most
common post-NACT surgical procedure
was breast-conserving surgery with sentinel
lymph-node biopsy (54/142, 38.0%).

Automated segmentation performance

In the internal test cohort, the deep learn-
ing framework demonstrated high spatial
agreement with manual annotations for
breast parenchyma and moderate-to-high
agreement for tumor segmentation. Mean
DSCs for the left and right breast parenchy-
ma were 0.85 + 0.10 (range 0.50-0.96) and
0.87 = 0.13 (range 0.15-0.97), respectively.
Tumor DSCs averaged 0.61 + 0.36 (range
0.00-0.97), which improved to 0.70 + 0.29
(range 0.00-0.97) when restricting the anal-
ysis to tumors > 100 predicted voxels. Overall
tumor detection sensitivity was 0.93, with a
specificity of 0.85. Applying the 100-voxel
threshold maintained high sensitivity (0.90)
while increasing specificity (0.92) by reduc-
ing false-positive detections.

Inter-reader and model-reader agree-
ments were robust. For the right breast, Co-
hen’s k between observer 1 and the model
(0.87 £ 0.13) was comparable to that of in-
ter-observer agreement (observer 1 vs. 2:
0.86 + 0.20) and model vs. observer 2 agree-
ment (0.82 + 0.19). For the left breast, the
corresponding « values were 0.85 + 0.10,
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0.88 + 0.09, and 0.83 *+ 0.12, respectively.
Tumor segmentation agreement followed a
similar pattern (observer 1 vs. model: 0.61 +
0.36; observer 1 vs. 2: 0.77 + 0.32; model vs.
observer 2: 0.59 + 0.36) (Figure 2).

Predictors of pathological complete re-
sponse

Univariate analysis of clinicopathological
and background parenchymal enhance-
ment variables

Univariate analyses (Table 2) revealed
that the absence of post-treatment axillary
metastasis was markedly more frequent
among patients with pCR (91.2% vs. 38.8%).
Conversely, the presence of post-treatment
axillary metastasis was associated with sub-
stantially lower odds of pCR (OR: 0.06, 95%
Cl: 0.02-0.17; P = 6.88 x 10%; AUC: 0.76, 95%
Cl: 0.69-0.82). Similarly, post-treatment lym-
phovascular invasion (P = 1.65 x 10°), DCIS
(P =6.41 x 107), and perineural invasion (P
=0.011) were strongly associated with lower
odds of pCR. These post-treatment patholog-
ical variables are reported here as correlates
of the residual disease state rather than as
pretreatment predictors, and they are there-
fore presented separately from the candi-
date predictor variables in Table 2 and were
not entered into the multivariable predictive
model.

Among baseline tumor variables, HER2
positivity (OR: 2.47, 95% Cl: 1.24-4.92; P =

Ground Truth

Ground Truth

Ground Truth

Prediction

Prediction

Prediction

0.010) and higher Ki-67 levels (OR 1.51, 95%
Cl 0.99-2.29; p = 0.0396) were associated
with increased odds of pCR. Pretreatment
tumor volume showed an inverse associa-
tion (OR 0.63, 95% Cl 0.41-0.93; P = 0.0233).
Pretreatment axillary metastasis and ER/PR
status were not significant (P > 0.05). Howev-
er, the Luminal A/B subtype was significantly
associated with lower odds of pCR compared
to other molecular subtypes (OR: 0.26, 95%
Cl: 0.11-0.61; P = 0.001). Menopausal status
(postmenopausal vs. premenopausal: OR:
0.76, 95% Cl: 0.39-1.49; P = 0.43) and BMI
(OR0.82 per 1 SD, 95% Cl: 0.58-1.16; P = 0.26)
were likewise not significantly associated
with pCR (Table 2). Notably, neither baseline
BPE nor dynamic BPE changes demonstrated
statistically significant associations with pCR
in the unstratified cohort (all P > 0.05; AUC =
0.5-0.6) (Supplementary Table 1). In addition,
BPE variables showed no significant relation-
ships with immunohistochemical molecular
subtypes (P > 0.05) (Supplementary Table 2).

Pre-specified subgroup analyses

Within the HER2-negative subgroup (n =
81), patients with pCR had significantly low-
er baseline bilateral BPE than those without
(median 49.8% vs. 59.3%, Mann-Whitney P
= 0.014). Within the HR-positive subgroup
(n = 74), patients with pCR had lower base-
line BPE than those without (median 44.6%
vs. 58.3%, P = 0.003) and a relative increase
in BPE during NACT (median delta +6.8% vs.

GT - Prediction

Left Breast Dice: 0.96
Right Breast Dice: 0.95
Tumor Dice: 0.76

GT - Prediction

Left Breast Dice: 0.96
Right Breast Dice: 0.95
Tumor Dice: nan

GT - Prediction

Left Breast Dice: 0.92
Right Breast Dice: 0.97
Tumor Dice: 0.96

Figure 2. Deep learning-based automated segmentation of breast parenchyma and tumor. Representative
axial contrast-enhanced magnetic resonance imaging slices demonstrating the performance of the
nnU-Net model. Columns (left to right): original image, ground truth (GT; manual expert segmentation),
automated model prediction, and the difference map (GT — Prediction). The left breast parenchyma is
delineated in green, the right breast parenchyma in red, and the tumor in yellow. The corresponding Dice
similarity coefficients for each class are provided on the right (“nan” tumor Dice in the middle row indicates
the absence of tumor on that slice). Color legend, scale bar, and per-class Dice values are now annotated

directly on the figure to improve readability.

-3.5%, P = 0.017). The same direction was
observed in the combined Luminal A/B sub-
group (pre-BPE P =0.004; delta p =0.029, n =
41 with eight pCR events). In the triple-neg-
ative subgroup, pCR was associated with
lower post-treatment BPE (median 47.7%
vs. 57.9%, P = 0.010), whereas no BPE metric
reached significance in the HER2-positive
subgroup or in the pre-/postmenopausal
subgroups (Supplementary Table 3). Giv-
en the small number of pCR events within
each stratum, these findings should be in-
terpreted as hypothesis-generating. Meno-
pausal status was not associated with pCR
(premenopausal 43.5% vs. postmenopausal
37.0%; Fisher exact OR 0.76, P = 0.49), and
baseline BPE did not differ between women
who were pre- and postmenopausal (median
55.3% vs. 56.8%, P = 0.94). Likewise, BMI was
unrelated to pCR (P = 0.23) and showed no
correlation with baseline BPE (Spearman p =
-0.08, P = 0.32). Notably, in the HR-positive
subgroup, the lower baseline BPE associated
with pCR remained significant after adjust-
ment for age, BMI, and menopausal status
(adjusted OR 0.46 per 1-SD increase in BPE,
P =0.006), indicating that this subgroup sig-
nal is not explained by menopausal status or
body habitus.

Multivariable predictive modeling

In multivariable analysis incorporating
L1-regularized feature selection (Table 3,
Figure 3), Ki-67 (adjusted OR 1.03 per unit
increase, 95% Cl: 1.01-1.04; P = 0.0029) and
HER2 positivity (adjusted OR 2.99, 95% Cl
1.19-7.56; P = 0.020) remained the sole in-
dependent predictors of pCR. Age, tumor/
breast volumes, and BPE metrics (> 30% in-
crease in SER) were not independently asso-
ciated with pCR (all P> 0.05).

The multivariable model achieved an ap-
parent AUC of 0.76 (95% Cl: 0.69-0.83). At the
Youden-derived threshold (0.334), sensitivity
was 0.88 (95% Cl: 0.64-0.98), specificity was
0.56 (95% Cl: 0.46-0.81), and F1-score was
0.69 (95% Cl 0.61-0.78). Five-fold cross-vali-
dation yielded an apparent AUC of 0.754 and
a mean cross-validated AUC of 0.694 + 0.075,
indicating moderate generalizability.

Overall, although residual post-treatment
pathological features strongly correlated
with pCR, as expected from their nature as
outcome-related findings, baseline prolifer-
ative activity (Ki-67) and HER2 status were
the primary independent pretreatment pre-
dictors. Moreover, MRI-based BPE metrics did
not independently predict pCR in the over-
all cohort, although exploratory subgroup
analyses identified consistent BPE signals

Quantitative BPE for pCR Prediction «



Table 2. Univariate analysis of pretreatment clinicopathological and background parenchymal enhancement variables (primary candidate
predictors). Post-treatment pathological variables are reported separately at the end of the table as descriptive outcome correlates and are

not candidate pretreatment predictors

Predictor pCR(-) pCR(+) OR (95% Cl) P AUC (95% Cl)

%Ki-67 (mean + SD) 39.7 £22.1 49.0 £ 25.6 1.51 (0.99-2.29) 0.040 0.60 (0.51-0.70)
Age (years, mean * SD) 49.1 £10.7 48.7 £9.6 0.94 (0.65-1.38) 0.763 0.52 (0.42-0.61)
Postmenopausal vs. premenopausal, n (%) 46 (54.1) 27 (47.4) 0.76 (0.39-1.49) 0.431 0.53 (0.45-0.62)
Body mass index (kg/m?, mean + SD) 288+5.3 27.8+4.2 0.82 (0.58-1.16) 0.264  0.56 (0.46-0.66)
HER2 positive, n (%) 29 (34.1) 32 (56.1) 2.47(1.24-4.92) 0.010  0.61(0.53-0.69)
ER positive, n (%) 48 (56.5) 25(43.9) 0.60 (0.31-1.18) 0.171 0.56 (0.48-0.64)
PR positive, n (%) 35(41.2) 20 (35.1) 0.77 (0.39-1.55) 0.488 0.53 (0.45-0.61)
Luminal A/B vs. other IHC 33(38.8) 8(14.0) 0.26 (0.11-0.61) 0.001 0.65 (0.57-0.73)
Invasive ductal carcinoma vs. other 72 (84.7) 56 (98.2) 10.11 (1.28-79.6) 0.008 0.57 (0.53-0.61)
Tumor grade 3 vs. 2 37 (43.5) 25 (43.9) 1.01(0.51-1.99) 0.969 0.50 (0.42-0.58)
Pretreatment LVI present, n (%) 13 (15.3) 6(10.5) 0.65 (0.23-1.82) 0.462 0.52 (0.47-0.58)
Pretreatment DCIS present, n (%) 9(10.6) 6(10.5) 0.99 (0.33-2.96) 1.000 0.50 (0.45-0.55)
Pretreatment PNI present, n (%) 1(1.2) 2(3.5) 3.05Cl: 0.27-34.50 0.564 0.51 (0.49-0.54)
Pretreatment axillary metastasis, n (%) 72 (84.7) 43 (75.4) 0.55 (0.24-1.29) 0.194 0.55 (0.47-0.61)

Pretreatment tumor volume (mL)

Pretreatment bilateral parenchymal volume (mL)

33,106 + 64,131
238,798 + 201,087

17,201 £ 19,197
220,560 + 119,641

0.63 (0.41-0.93) 0.023
1.08 (0.76-1.61) 0.690

0.61 (0.51-0.70)
0.48 (0.39-0.58)

Pretreatment BPE% (> 30% SER, bilateral)
Post-treatment BPE% (> 30% SER, bilateral)
ABPE% (> 30% SER, bilateral)

Post-treatment axillary metastasis present (outcome correlate)

Post-treatment LVI present (outcome correlate)
Post-treatment DCIS present (outcome correlate)

Post-treatment PNI present (outcome correlate)

56.98 + 13.06

53.98 +10.10

—3.00 + 14.96
52(61.2)
34 (40.0)
43 (50.6)
9(10.6)

52.88+16.29

52.62+12.82

—0.26 + 16.89
5(8.8)
0(0.0)
6(10.5)
0(0.0)

0.72(0.47-1.09) 0.106
0.84 (0.54-1.24) 0.373
1.22(0.84-1.87) 0.324

0.58 (0.48-0.68)
0.54 (0.45-0.64)
0.55 (0.45-0.65)

0.06 (0.02-0.17) <0.001  0.76 (0.69-0.82)
0.47 (0.39-0.58) <0.001  0.70(0.65-0.75)
0.11 (0.04-0.29) <0.001  0.70(0.63-0.76)

0.57 (0.49-0.66) 0.011 0.55 (0.52-0.59)

Continuous variables are reported as mean + standard deviation (SD). Odds ratios for continuous variables are per 1 SD. The full structured background parenchymal
enhancement table at every threshold (10%, 20%, 30% x SI/SER x bilateral/non-tumor side x pre/post/delta) is provided in Supplementary Table 1. AUC, area under the curve;
BPE, background parenchymal enhancement; Cl, confidence interval; DCIS, ductal carcinoma in situ; ER, estrogen receptor; HER2, human epidermal growth factor receptor 2;
IHC, immunohistochemistry; LVI, lymphovascular invasion; OR, odds ratio; pCR, pathological complete response; PNI, perineural invasion; PR, progesterone receptor; SD, standard

deviation; SER, signal enhancement ratio; S, signal intensity.

Table 3. Multivariable logistic regression for pathological complete response (with adjusted

odds ratios and 95% confidence intervals)

Covariate Adjusted OR 95% Cl P

HER2 positive 2.99 1.19-7.56 0.020
Luminal B (vs. others) 1.62 0.64-4.12 0.312
%Ki-67 (per unit) 1.03 1.01-1.04 0.003
Pretreatment LVI present 1.71 0.45-6.49 0.430
Pretreatment BPE% (> 30% SER, bilateral) 0.69 0.44-1.08 0.104
Age 0.84 0.55-1.28 0.405
Post-treatment BPE% (> 30% SER, bilateral) 1.16 0.71-1.89 0.569
Pretreatment tumor volume (mL) 0.65 0.39-1.10 0.108
Post-treatment bilateral parenchymal volume (mL) 1.10 0.75-1.62 0.613
Pretreatment bilateral parenchymal volume (mL) 0.95 0.64-1.42 0.813

Apparent area under the curve (AUC) 0.76 [95% confidence interval (Cl) 0.69-0.83]. At the Youden-derived
threshold (0.334): sensitivity 0.88 (0.64-0.98), specificity 0.56 (0.46-0.81), and F1-score 0.69 (0.61-0.78). Five-fold
cross-validated AUC 0.694 + 0.075. Continuous covariates were standardized prior to regression, and their adjusted
odds ratios (ORs) are expressed per 1-standard deviation (SD) increment, with the exception of Ki-67, which is
reported per 1-unit (1%) increase to preserve clinical interpretability and consistency with the univariate analysis
(the corresponding per-1-SD adjusted OR for Ki-67 is 1.81, 95% Cl 1.23-2.66). Adjusted ORs and Cls are derived
from the statsmodels logistic fit on the least absolute shrinkage and selection operator-selected feature set. LVI,
lymphovascular invasion; BPE, background parenchymal enhancement; SER, signal enhancement ratio.
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in HR-positive and HER2-negative disease,
which merit prospective evaluation.

Incremental value of a simple HER2 + Ki-67
model

To determine how much of the model’s
discrimination is attributable to the two
dominant clinical predictors, the full multi-
variable model was compared with a parsi-
monious model containing only HER2 status
and Ki-67 (Supplementary Table 4). The HER2
+ Ki-67 model alone achieved an apparent
AUC of 0.71 (95% Cl: 0.62-0.79) and a five-
fold cross-validated AUC of 0.71 + 0.08, with
both HER2 (adjusted OR: 3.58, 95% CI: 1.66—
7.74; P = 0.001) and Ki-67 (OR 1.81 per 1-SD,
95% Cl: 1.23-2.66; P = 0.003) remaining sig-
nificant. This is statistically indistinguishable
from the full 10-covariate model (apparent
AUC 0.76, cross-validated AUC 0.69-0.70):
the +0.05 apparent AUC advantage of the
full model was not significant (DeLong P =
0.12) and did not persist in cross-validation.
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ROC curves with 95% CI (multivariable-significant features)
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Figure 3. Receiver operating characteristic curves for predicting pathological complete response. The
multivariable model [area under the curve (AUC): 0.76] outperforms immunohistochemistry subtype (AUC:
0.61) and Ki-67 proliferation index alone (AUC: 0.60). Cl, confidence interval.

Adding the three BPE metrics (> 30% SER bi-
lateral pre-, post-, and delta) to the HER2 +
Ki-67 model did not improve the model fit
(likelihood-ratio y*(2) = 2.58, P = 0.28), and
adding BPE to the full clinicopathological
model was likewise non-significant (y3(2) =
3.40, P =0.18). Thus, HER2 and Ki-67 account
for essentially all of the model’s cross-validat-
ed discriminative performance, and neither
BPE nor the volumetric covariates contribute
measurable incremental value.

Discussion

In this study, we investigated the ability
of nnU-Net-based quantitative BPE dynam-
ics and clinicopathological factors to predict
pCR in patients receiving NACT. Our analyses
revealed that none of the BPE metrics (base-
line, post-NACT, and delta BPE) demonstrated
a statistically significant association with pCR
in the overall cohort (P > 0.05). Conversely,
Ki-67 proliferation index values (P = 0.0029)
and HER2 positivity (P = 0.020) emerged as
strong and independent predictors. Taken
together with the subgroup-specific signals
described below, these findings indicate—at
least within an unselected single-center co-
hort of this size—that quantitative BPE does
not provide independent predictive informa-
tion beyond established clinicopathological
markers, leaving open the possibility that a
stratified, subtype-specific framework may
extract a meaningful BPE signal.

To overcome the subjectivity and lack of
standardization inherent in qualitative visual
BPE assessments, a fully automated nnU-Net-
based deep learning architecture was used
that demonstrated concordance compara-

ble to inter-observer agreement with expert
manual segmentations (DSC: 0.85-0.87) and
Cohen’s k values that matched inter-observ-
er agreement (k 0.82-0.88 for parenchyma).
Even with this objective volumetric meth-
odology, BPE and its dynamic changes did
not independently predict pCR in the overall
cohort; this is consistent with several quan-
titative and qualitative analyses reporting
that neither baseline BPE nor its longitudinal
changes are independently associated with
pCR or residual disease.'*'®"” Multivariable
models integrating clinicopathological and
radiological factors have likewise concluded
that BPE does not emerge as an independent
predictor of pCR,'®" corroborating our find-
ing that only Ki-67 and HER2 status retained
predictive significance in the multivariable
model. Consistent with this, a parsimoni-
ous model built on HER2 and Ki-67 alone
reproduced the full model’s cross-validated
discrimination (AUC = 0.71 vs. 0.69-0.70),
and adding quantitative BPE provided no
incremental value (likelihood-ratio P = 0.28),
emphasizing that the predictive signal in this
cohort resides in tumor biology rather than
in BPE.

The fundamental reason behind this lack
of independent predictive value in unstrati-
fied cohorts is that BPE is not merely a stat-
ic marker of chemosensitivity; rather, it is a
highly dynamic parameter influenced by age,
menopausal status, menstrual cycle phase,®
and ER levels. Therefore, BPE suppression
during NACT likely reflects a physiological re-
action triggered by chemotherapy-induced
ovarian suppression rather than direct tumor
eradication. This physiological ambiguity is
supported by large-cohort studies and sys-

tematic reviews. Analyses of the I-SPY 2 data-
set, as well as comprehensive reviews, have
reported that BPE reduction provides limited
clinically useful prediction for pCR across un-
stratified cohorts, highlighting that the exact
biological mechanisms altering BPE remain
uncertain.'®"'2%22 Additionally, incorporating
BPE into multivariate functional tumor vol-
ume models does not substantially improve
discriminatory power.2?

Notably, our pre-specified subgroup anal-
yses generated a more nuanced picture. In
HR-positive and HER2-negative disease, base-
line BPE was significantly lower in patients
who later achieved pCR, and a relative in-
crease rather than the expected suppression
of BPE during NACT was associated with pCR.
In triple-negative disease, lower post-treat-
ment BPE accompanied pCR, whereas no BPE
signal was found in HER2-positive tumors, in
which the high overall pCR rate (52.5%) is
dominated by HER2-targeted therapy. These
subgroup-specific directions are consis-
tent with prior reports from the I-SPY 2 and
other trials, which have identified BPE-pCR
associations primarily within HER2-nega-
tive or HR-positive strata,'"?** providing a
plausible biological reason for the negative
overall result: the molecular subtypes most
influenced by chemotherapy-induced ovari-
an suppression of BPE are also the subtypes
in which baseline BPE may track underlying
chemosensitivity. We refrain from drawing
firm inferential conclusions from these sub-
group analyses given the limited number of
pCR events per stratum, but we believe they
represent the most promising direction for
prospective validation.

To contextualize these findings, it is cru-
cial to examine recent studies utilizing com-
parable deep learning-based automated
segmentation methodologies. For instance,
Huang et al.?*® developed an nnU-Net mod-
el for automated BPE quantification and
reported that although baseline BPE was
not predictive, an early reduction in BPE
(ABPE, ) was significantly associated with
pCR. The divergence between their positive
findings and our negative overall results may
stem from the imaging time points evalu-
ated; their success relied on early interim
(mid-treatment) scans, whereas our analysis
assessed the overall change from baseline to
post-NACT. This suggests that the predictive
signal of BPE might be confined to a narrow,
early dynamic window. Similarly, Zhu et al.?’
employed a 3D U-Net/nnU-Net framework to
automate BPE calculation, achieving optimal
pCR prediction by fine-tuning and restricting
the signal enhancement threshold (e.g., to
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55%). By contrast, our study rigorously eval-
uated a comprehensive range of thresholds
(10% to 100% for both Sl and SER) and found
no statistically significant independent asso-
ciation with pCR in the overall cohort across
these cut-offs. This highlights that BPE's
predictive value may be highly sensitive to
the specific algorithmic thresholds chosen
rather than acting as a robust, universal bio-
marker. Beyond these specific deep learning
approaches, we acknowledge that a broad-
er body of contradictory studies argues for
BPE's reliability utilizing various other meth-
odologies, such as radiomics, pharmacoki-
netic parameters, or qualitative visual assess-
ments_12,25,28734

However, the lack of a significant relation-
ship in our rigorously standardized study
highlights a critical vulnerability in the lit-
erature: BPE is an inherently unstable pa-
rameter highly sensitive to methodological
variations. The discrepancies between our
negative findings and the positive literature
reports primarily stem from differences in
imaging timing (early interim vs. post-NACT),
measurement techniques (high-sensitivity
pharmacokinetic parameters vs. standard
SI), and assessment scopes (spatial radiomic
heterogeneity vs. global volumetric chang-
es). This instability is best exemplified by the
conflicting results emerging from the same
I-SPY 2 data pool, where different research-
ers found significance only by tailoring their
analyses to highly specific time points, sub-
group filters (HR+/HER2- vs. HR—/HER2+ to
compensate for limited statistical power), or
arbitrary algorithmic thresholds (e.g., opti-
mizing high signal cut-offs over standardized
ranges).'"?242> Such variability suggests that
BPE change is a metric easily skewed by ex-
ternal factors and measurement techniques
rather than a universally reliable predictor.

Our study has important limitations. It is
a single-center and retrospective study, and
the modest cohort size (n = 142, with 57 pCR
events) constrains the statistical power of
stratified analyses, particularly within the Lu-
minal A and HER2-positive strata. Although
the cohort is heterogeneous with respect to
tumor subtype and individualized NACT reg-
imens (anthracycline/taxane + platinum for
TNBC; anthracycline/taxane + trastuzumab +
pertuzumab for HER2-positive disease), this
reflects routine clinical practice in our cen-
ter; however, we cannot exclude that some
of the observed BPE differences are medi-
ated by regimen-specific anti-vascular and
ovarian-suppressive effects rather than by
tumor biology per se. Furthermore, the in-
ability to strictly standardize premenopausal

MRI acquisitions to the ideal second week
of the menstrual cycle may have introduced
physiological BPE fluctuations.> Menopausal
status and BMI were recorded for the entire
cohort and directly analyzed; neither was as-
sociated with pCR or with baseline BPE, and
the HR-positive baseline-BPE signal persisted
after adjustment for age, BMI, and meno-
pausal status, indicating that these factors
are not the principal confounders. The men-
strual cycle phase at the time of imaging was
nonetheless not captured in our retrospec-
tive database and remains a residual source
of physiological BPE variability. Moving
forward, accurate pCR prediction will likely
require integrating multiparametric MRI or
radiomic features reflecting the tumor’s mi-
croscopic structure into multi-feature models
and prospective, subtype-stratified evalua-
tion of quantitative BPE before firm conclu-
sions about its independent value can be
drawn. A further limitation is that although
the pipeline produced tumor-specific masks,
these were used in this study only for tumor
volume quantification and to exclude tumor
voxels from the BPE measurement; we did
not exploit them for intratumoral radiomic,
texture, or pharmacokinetic analysis. Inte-
grating tumor mask-derived features with
parenchymal measurements in a combined
model is a clear direction for future research
and may recover predictive information that
global volumetric and BPE metrics do not
capture.

Throughout the NACT process, a quantita-
tive reduction in breast BPE occurs due to the
systemic and anti-angiogenic effects of the
administered agents. However, even when
measured using standardized, observer-in-
dependent deep learning models, this re-
duction did not function as an independent
biomarker for pCR prediction in our overall
cohort, although our subgroup analyses sug-
gest that meaningful BPE-pCR signals may
exist within HR-positive and triple-negative
disease, meriting prospective, subtype-strat-
ified evaluation. Clinicopathological features
reflecting the intrinsic biology of the tumor
itself, such as the Ki-67 index and HER2 sta-
tus, remain the strongest independent deter-
minants of NACT response in this cohort.
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