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Summary

Breast magnetic resonance imaging (MRI) is the most sensitive imaging method for diagnosing breast cancer and
assessing treatment response. Artificial intelligence (AI) and radiomics offer new opportunities to identify patterns in
imaging data, supporting personalized post-neoadjuvant surgical decisions. This paper reviewed breast MRI-based AI
models for predicting outcomes after neoadjuvant therapy, with a focus on evidence from the Western Pacific region,
to evaluate the quality of existing models, discuss their inherent limitations, and outline potential future directions. A
literature search in MEDLINE, EMBASE, and Web of Science identified 51 relevant studies in the region, with the
majority conducted in China, followed by South Korea and Japan. Most studies focused on predicting pathologic
complete response (pCR), with a median sample size of 152 and largely retrospective single-center designs. Model
performance was commonly assessed using validation sets, with pooled sensitivity and specificity for pCR prediction
showing promising results. Models incorporating multitemporal MRI features were associated with improved ac-
curacy. While MRI-based AI models show potential for guiding surgical planning, improved methodological quality
and algorithmic explainability are needed to facilitate clinical translation.
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negative subtypes.** The proportion of patients under-
going neoadjuvant therapy in China has increased,’
however, the prevalence of BCS in China remained
relatively low, ranging from 14.6% to 22.0% in national
cross-sectional surveys.”® The BCS rate following neo-
adjuvant therapy in China was markedly lower
compared to Western countries, where over 80% of
hospitals performing this procedure in less than 20% of
post-neoadjuvant patients.® Even among young breast
cancer under the age of 35, the majority chose mastec-
tomy over BCS.” Concerns about local recurrence, safety
of BCS, and the effects of postoperative radiotherapy are

Introduction

Neoadjuvant therapy is recommended for stage II-III,
human epidermal growth factor receptor-2 (HER2)
-positive, or triple-negative breast cancer to assess
treatment response and enable de-escalation of surgery.
Achieving pathologic complete response (pCR) after
neoadjuvant therapy is crucial for predicting prognostic
outcomes, determining eligibility for breast-conserving
surgery (BCS),' identifying patients who may poten-
tially forgo surgical intervention altogether.”? Compared
to the United States, a higher proportion of Chinese
patients are diagnosed with stage II-III breast cancer,

with notable prevalence of HER2-positive and triple-
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major barriers to its adoption in China.* Breast magnetic
resonance imaging (MRI)-based artificial intelligence
(AI) models have shown improved diagnostic accuracy
and promise in predicting treatment outcomes and
prognosis in breast cancer,”’ aiding in preoperative
patient selection and surgical planning." A properly
validated AI model could potentially increase the prev-
alence of BCS in the Chinese population by accurately
predicting treatment response, enhancing confidence in
choosing BCS over mastectomy.
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Breast MRI offers extensive pathophysiological in-
formation of tumor lesions and is more sensitive for
detecting breast cancer than mammography and ultra-
sonography.'”"” A meta-analysis showed that MRI out-
performs conventional methods in detecting cancer in
women with dense breasts.'* Breast MRI also demon-
strated potential for evaluating residual disease after
neoadjuvant therapy.”'® Although MRI accessibility
varies in the Western Pacific region, the gap is gradually
narrowing as economic development and healthcare
demands increase in countries like China."”'* Given the
high prevalence of dense breast tissue among Asian
women," breast MRI is preferred for early detection and
treatment response assessment. However, discrepancies
between tumor size assessed by preoperative MRI and
postoperative pathology remain a concern. A prospective
study found that MRI discrepancies often led to un-
necessary mastectomies,” underscoring the need for
improved diagnostic precision.

Al encompasses algorithms like machine learning
and deep learning that perform tasks once achievable
only by human intelligence.”’ Radiomics uses quantita-
tive imaging features and machine learning to develop
predictive models, while deep learning minimizes hu-
man input by using neural network architectures to
predict outcomes without domain expertise.’”** There is
much excitement about the potential of radiomics and
deep learning to facilitate personalized medicine.
Nonetheless, barriers to clinical application of Al tech-
nology remain, including the issue of reproducibility,
challenges in model interpretability, and the need for
rigorous validation.”* A systematic review identified a
high risk of bias in 72% of Al studies,” emphasizing the
need for standardized data collection, evaluation criteria,
and reporting guidelines. The Radiomics Quality Score
(RQS) was developed to assess research quality and
support clinical translation of radiomics results.*

Given the rising incidence of breast cancer and the
unwarranted preference for mastectomy post-
neoadjuvant therapy in China, this study aimed to re-
view contemporary research on breast MRI-based Al
models for personalizing post-necadjuvant surgical
strategies. The focus was on evidence from the Western
Pacific region to reduce ethnicity-related heterogeneity
and improve clinical relevance of the findings for Chi-
nese patients. We examined study designs, model
development methods, performance metrics, validation
strategies, and assessed study quality using RQS. We
also addressed the limitations inherent in current
studies and proposed directions for future research.

Materials and methods

This study was conducted in accordance with the
Preferred Items for Systematic Reviews and Meta-
Analysis (PRISMA) guidelines. The review protocol
was not prospectively registered.

Search strategy and selection criteria
Literature search was performed across three databases,
MEDLINE (Ovid), EMBASE, and Web of Science from
2010 to April 22, 2024, using the following key search
terms: (breast cancer) AND (neoadjuvant therapy) AND
(magnetic resonance imaging OR MRI) AND (radiomics
OR machine learning OR deep learning OR artificial in-
telligence OR texture analysis). Detailed search strategy is
presented in Supplementary Table S1. The reference lists
from pertinent published reviews were also screened.
Titles and abstracts of the retrieved articles were
examined to determine eligibility and were included in
the review if they employed radiomics with breast MRI
and predicted treatment outcomes with potential im-
plications for surgical planning following neoadjuvant
therapy in breast cancer patients. Only original articles
published in English were selected. Studies involving
patients beyond the western pacific region were
excluded. Animal studies, editorials, perspectives, sys-
tematic reviews or meta-analyses, book chapters, and
conference abstracts were also excluded.

Data extraction

The following data were extracted from each eligible
studies using a standardized chart: general publication
information (the first author, publication year, country),
study designs (study objectives, sample size, data
collection strategy, model development and validation),
characteristics of imaging modality (MRI sequences,
imaging time points), model performance, and metrics
for calculating RQS. To evaluate the predictive perfor-
mance of radiomics and deep learning models, key
metrics included the Area Under the Receiver Operating
Characteristic Curve (AUC), accuracy, sensitivity, and
specificity were extracted from both the training cohorts
and the validation or test cohorts in each study. The
metrics corresponding to the models that yielded the
highest performance at a given level were recorded.

Data synthesis and presentation

Summary figures were generated using Graphpad Prism
version 9.5.1 (Boston, MA). A bivariate analysis was per-
formed to obtain a pooled summary of the predictive
performance of the included studies if the raw diagnostic
data (true positive, false positive, false negative, true
negative) could be extrapolated from the studies. Sub-
group analyses stratified by imaging timepoint, MRI se-
quences, integration of clinical features, and sample size
were conducted. The “mada” package (v 0.5.11)” in R
version 4.1.0 (RStudio, Boston, MA) was used for all
statistical analysis.

Results

Identification and selection of studies

Literature search yielded 2467 studies. Among these, 938
duplicate studies were eliminated. Screening of titles and
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abstracts led to the removal of 986 studies due to irrele-
vance to our review topic, and an additional 24 studies
were excluded as they were reviews, meta-analyses, edi-
torials, or perspectives. The remaining 519 studies were
further screened for full text. 209 studies were removed
for not employing radiomics analysis for neoadjuvant
response prediction, and 176 studies were excluded for
applying radiomics analysis to predict outcomes unrelated
to neoadjuvant therapy, such as breast cancer detection,
molecular subtype characterization, and metastasis pre-
diction. 83 studies that were conducted outside the west-
ern pacific were also excluded. The study selection process
is depicted in Fig. 1, and a total of 51 studies were
included in the present review (Supplementary Table S2).

Study objectives

The majority of the included studies aimed to predict
pCR in patients treated with neoadjuvant therapy
(n = 36, 70.59%). One study predicted near-pCR,*
defined as Miller-Payne grade 4 or 5, while another
predicted either a complete or partial response following
neoadjuvant therapy.”” The remaining studies focused
on determining axillary lymph node response (n = 4,
7.84%),’** tumor regression patterns (n = 4, 7.84%),’**
disease-free survival (DFS) (n =2, 3.92%),*** recurrence
rate (n =2, 3.92%),**' and residual cancer burden (RCB)
(n =1, 1.96%)* after neoadjuvant therapy.

Sample size

The sample size of each study ranged from 35 to 1262
participants (Fig. 2a). On average, the studies included
265.1 patients, with a median of 152 and an

interquartile range (IQR) of 114-329 patients. Most of
the studies had a sample size between 100 and 199
patients (n = 21, 41.18%), while nine studies
(17.65%)***-° recruited less than 100 patients, and four
studies (7.84%)***>*»** had a substantial sample size
exceeding 800 patients.

Data collection strategy

Most of the reviewed studies were retrospective in nature
(n = 48, 94.12%), with only four studies (7.84%)* >
using prospective datasets for model development but
only one studies® was registered in a trial database. One
study* included a prospective dataset for model valida-
tion. The majority of the studies recruited patients from a
single local institution (n = 41, 80.39%) rather than
multiple institutions (n = 10, 19.61%). Most studies were
conducted in China (n = 45, 88.24%), and five studies
were carried out in South Korea**** and one in
Japan. The mean age of patients enrolled in these
studies ranged from 42.9 to 54.8 years.

Imaging modality

Most radiomics analyses were conducted using dynamic
contrast-enhanced (DCE) MRI (n = 28, 54.90%), and the
rest collected multiparametric MRI data primarily from
DCE and diffusion-weighted imaging (DWI) sequences
(n =23, 45.10%) (Fig. 2b). 26 studies (50.98%) extracted
imaging features from MRIs performed prior to the
initiation of neoadjuvant therapy, while three studies
(5.88%) analyzed MRIs acquired after neoadjuvant but
before surgery (Fig. 2c). The remaining studies utilized
multitemporal MRI data obtained throughout

- 209 Not pertainig to radiomics

- 176 Not relating to neoadjuvant therapy
- 83 Conducted in regions beyond the Western Pacific

- 24 Reviews/ editorials/ perspectives

1478 studies removed

Fig. 1: Study selection process.
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Fig. 2: (a) Distribution of study sample size; (b) MRI sequences involved; () MRI imaging time points; (d) Extracted features for model
development; (e) Strategy for model performance validation; (f) Distribution of radiomics quality scores. MRI, magnetic resonance imaging;
DCE, dynamic contrast-enhanced; DWI, diffusion-weighted imaging; NAT, neoadjuvant therapy; RQS, radiomics quality score.

neoadjuvant treatment (n = 22, 43.14%), with the ma-
jority involving MRIs conducted before and after 1-4
cycles of neoadjuvant therapy (n = 13, 25.49%).

Model development and validation

25 studies (49.01%) integrated radiomics and/or deep
learning features with clinical features for model
development. The most common clinical features
selected were significant clinicopathologic predictors of
neoadjuvant treatment outcome, including primary tu-
mor size, hormone receptor (HR) status, HER2 status,

and Ki-67 levels. Two studies (3.92%)°** explored the
use of multi-omics models for pCR prediction by
combing radiomics signatures with genomic or patho-
mic data. The rest of the studies also demonstrated the
potential for using exclusively radiomics and/or deep
learning features to predict neoadjuvant therapy
response (n = 24, 47.06%) (Fig. 2d).

Model validation was omitted in eight studies
(15.69%). 04307495560 The predominant strategy for
assessing model performance was the use of a validation
set (n = 32, 62.75%) either by splitting the original study
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cohort into a training and a validation set at a certain
ratio or by retrospectively recruiting a separate cohort
for validation from the same institution with the same
inclusion criteria. Six studies (11.76%)*>*5261%2 ysed
independent test sets that were enrolled from different
institutions (Fig. 2e). Two studies employed a validation
set followed by a test set.”*** Two studies applied cross-
validation on the training set.*** One study conducted
model validation using external test sets followed by an
evaluation on a prospective validation set.”

Performance

36 studies developed radiomics and/or deep learning
signatures to predict pCR after neoadjuvant therapy,
with an AUC ranging from 0.77 to 0.99 in the training
cohorts and from 0.71 to 0.97 in the validation/test co-
horts. The pooled sensitivity and specificity for pCR
prediction were 0.84 (95% confidence interval [CI]
0.80-0.88) and 0.86 (95% CI 0.83-0.89) in the training
cohorts, and 0.78 (95% CI 0.72-0.83) and 0.87 (95% CI
0.83-0.91) in the validation/test cohorts (Fig. 3). Sub-
group analyses were conducted to explore relevant

a
Study TP TP+FN Sensitivity 95%Cl
BianTT 25 27 —& 0926 [0.757; 0.991]
ChenXG 16 16 ——H 1.000 [0.794; 1.000]
ChenSJ 20 23 =) 0.870 [0.664; 0.972]
GuolLC 26 28 —8 0.929 [0.765; 0.991]
ZengQ 31 35 —&— 0.886 [0.733; 0.968]
ZhuXL 34 40 — 0.850 [0.702; 0.943]
HuangY 34 34 1.000 [0.897; 1.000]
HuangYH 146 157 0.930 [0.878; 0.965]
LiyT 15 16 0.938 [0.698; 0.998]
Shizw 56 71 = 0.789 [0.676; 0.877]
WangXL 63 67 — 0.940 [0.854; 0.983]
XuN 27 31 > 0.871 [0.702; 0.964]
ZhengGY 30 34 9 0.882 [0.725; 0.967]
SunYS 26 28 = 0.929 [0.765; 0.991]
ZhaoR 16 19 ‘ 0.842 [0.604; 0.966]
ChoN 6 6 — =1 1.000 [0.541; 1.000]
WuJ 9 12 & 0.750 [0.428; 0.945]
CaoK 28 40 —&— 0.700 [0.535; 0.834]
EunNL 25 40 - 0.625 [0.458; 0.773]
ZhouJL 13 17 —8— 0.765 [0.501; 0.932]
PengSY 2 26 &~ 0846  [0.651;0.956]
YanSL 91 108 —£3 0.843 [0.760; 0.906]
Yoshida 13 23 —a8— 0.565 [0.345; 0.768]
HaoXY 62 76 —- 0.816 [0.710; 0.895]
Random effecgs model2 974 < 0.840 [0.795; 0.877]

ity: 12 = 55% <2= T T T 11
Heterogeneity: /* = 5%, <% = 04369, p <0.01 [, T 7T 17T

Sensitivity

C
Study TP TP+FN Sensitivity 95%Cl
QuYH 24 25 i 0960  [0.796;0.999]
BianTT 10 " 0.909 [0.587; 0.998]
ChenXG 5 7 0.714 [0.290; 0.963]
ChenSJ 8 10 0.800 [0.444; 0.975]
FanM 19 23 0.826 [0.612; 0.950]
JooSH 22 33 0.667 [0.482; 0.820]
GuoLC 9 12 0.750 [0.428; 0.945]
ZengQ 14 16 0.875 [0.617; 0.984]
ZhuXL 15 16 0.938 [0.698; 0.998]
HuangY 15 19 0.789 [0.544; 0.939]
HuangYH 43 50 0.860 [0.733; 0.942]
LiYT 6 8 —— 0750 [0.349; 0.968]
Shizw 64 123 —— 0.520 [0.428; 0.611]
WangXL 16 21 —f— 0.762 [0.528; 0.918]
XuN 6 8 et 0.750 [0.349; 0.968]
ZhengGY 12 15 ———=— 0800 [0.519; 0.957]
SunYS 5 6 = 0.833 [0.359; 0.996]
ZhaoR 6 6 ——& 1.000 [0.541; 1.000]
HaoXY 17 19 —i—— 0.895 [0.669; 0.987]
Random effects model 428 0.781 [0.718; 0.833]

Heterogeneity: /2 = 59%, <% = 0.3552, p < 0.01 05 05 0.7 B9

Sensitivity

factors differentiating model performance. Models uti-
lizing multitemporal MRI features were associated with
numerically higher sensitivity (0.83 [95% CI 0.74-0.88]
versus 0.76 [95% CI 0.65-0.84] in the validation/test
cohorts) and specificity (0.88 [95% CI 0.84-0.92] versus
0.87 [95% CI 0.78-0.93] in the validation/test cohorts)
for predicting pCR (Supplementary Fig. S1). Subgroup
analyses examining the use of single-parametric versus
multiparametric MRIs, the integration of clinical fea-
tures, and sample size in predictive models did not yield
consistent results (Supplementary Figs. S2-S4).
Results from the four studies aiming to predict
axillary lymph node response demonstrated that radio-
mics and deep learning models had a sensitivity of
0.71-0.88, a specificity of 0.80-0.94, and an accuracy of
0.83-0.88 in detecting nodal metastasis after neo-
adjuvant therapy in the validation/test cohorts.***
Identification of tumor regression patterns can also
assist breast surgeons in selecting appropriate surgery
for patients receiving neoadjuvant therapy. Four studies
reported the capability of radiomics models in differ-
entiating unifocal regression from multiple residual
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Fig. 3: Forest plot of sensitivity and specificity for pCR prediction in the training cohort (a, b), and the validation/test cohort (c, d). TP, true

positive; FN, false negative; FP false positive; TN true negative.
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disease, with an overall AUC ranging from 0.83 to 0.94 in
the validation/test cohorts.**” Radiomics signatures
describing DFS had a respective concordance index of
0.92 and 0.87 in HER2-positive and triple-negative breast
cancer treated with neoadjuvant therapy.*** RCB is an
important prognostic marker for patients undergoing
neoadjuvant therapy. Notably, patients classified with
RCB III frequently exhibit treatment resistance, necessi-
tating consideration for early surgical intervention. One
study established a multimodal fusion model that effec-
tively identified RCB III cases, achieving an AUC of
0.91-0.94, a sensitivity of 0.77-0.84, and a specificity of
0.94-0.97 in external test cohorts.*

RQS

A 16-criterion scoring system was used to assess the
quality of radiomics studies from the following five as-
pects: data selection, medical imaging, feature extrac-
tion, exploratory analysis, and modeling.”* The highest
possible score was 36, with higher scores indicating a
more rigorous study methodology could facilitate clin-
ical translation of radiomics models. The median RQS
observed in the 51 studies was 12 (IQR 9-14). Most
studies had an RQS between 9 and 16 (n = 38, 74.51%),
and only two studies achieved an RQS of 20 or above
(Fig. 2f). Regarding study compliance with individual
RQS criteria (Supplementary Fig. S5), the majority of
studies scored at least one point in terms of image
protocol quality (n = 48, 94.12%), multiple segmenta-
tions (n = 43, 84.31%), feature reduction or adjustment
(n = 49, 96.08%), discrimination statistics (n = 51,
100.0%), and validation (n = 43, 84.31%), while most
studies failed to incorporate multivariable analysis of
radiomics with non-radiomics features (n = 48,
94.12%), detect and discuss biological correlates
(n = 45, 88.23%), conduct cut-off analyses (n = 41,
90.39%), report calibration statistics (n = 33, 64.71%)
or potential clinical utility (n = 30, 58.82%), or imple-
ment a prospective study design registered in a trial
database (n = 50, 98.04%). None of the included
studies performed a phantom study or a cost
effectiveness analysis.

Discussion

Breast MRI-based Al models hold great promise in
facilitating personalized surgical decisions for patients
treated with neoadjuvant therapy. In the present review,
several studies have successfully trained models to
predict specific outcomes essential for determining
appropriate surgical strategies following neoadjuvant
therapy, including the prediction of pCR, axillary lymph
node response, tumor regression patterns, RCB, and
prognosis. Nonetheless, common methodological
weaknesses need to be acknowledged and addressed to
provide solid evidence for the application of Al tech-
nology in clinical settings.

Ethnicity and Al models

Al is rapidly emerging in oncology for its unparalleled
ability to merge and capitalize on clinical, radiologic,
pathologic, and molecular data to uncover intricate and
interrelated patterns underlying the pathophysiological
behaviors of cancer that were once beyond the scope of
human computational capabilities. Literature reviews
have highlighted the potential of radiomics and deep
learning models in breast cancer diagnosis, molecular
subtype classification, and treatment response
prediction.>**>* A recent study found that Al models
accurately identified an individual’s self-reported race
from medical images with surprising precision.”’ Re-
searchers were unable to pinpoint specific image-based
factors accounting for this accuracy, as the models
persistently showed robust performance even when
analyzing highly degraded images that were indiscern-
ible to human specialists, underscoring the fact that Al
is not inherently impartial to race. If a model can detect
a patient’s race, it may utilize this information in pre-
dicting other medical outcomes and inadvertently rein-
force existing biases against racial and ethnic minorities
in healthcare, resulting in underdiagnosis or less
frequent treatment recommendations.***

Racial and ethnic data have been significantly
underreported in the development of predictive tools.
Among the majority of AI products approved by the
United States FDA, only a small number have disclosed
the racial demographics of their study cohorts,”” which
could lead to unequal benefit across diverse pop-
ulations.””? A study that developed a radiomics model
based on German patients, 88.6% of whom (581 of 656)
were white people, using pretreatment MRI features to
predict pCR found that validation in an American cohort
showed performance comparable to the development
cohort, while validation in a Chinese cohort revealed a
significant performance drop, suggesting the presence
of racial bias in radiomics-based models.”” The collec-
tion and reporting of racial and ethnic data are essential
for enabling stratified analyses that can reveal subgroup
trends potentially obscured in the general population.”
Currently, U.S. and Chinese datasets and authors are
disproportionately represented in Al studies.” Similarly,
our literature search did not identify studies outside of
China, Japan, and South Korea investigating the appli-
cation of Al models based on breast MRI to predict
neoadjuvant response. This aligns with the observation
that Al models, particularly those developed for clinical
settings, are predominantly based on datasets from
high-income countries.”” To promote equitability in AI,
there should be increased investment in technological
infrastructure in underrepresented regions, enhanced
external validation of AI models, and recalibration of
models for diverse populations.” Standard practices
should incorporate strategies to detect racial bias and
develop models intentionally designed to balance out-
comes across racial groups. Another solution is to shift
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from the narrow emphasis on model generalizability to
employing algorithms tailored for distinct sub-
populations.” Therefore, our review selectively incor-
porated studies from the Western Pacific region,
predominantly comprising Asian populations, to
enhance the precision and clinical relevance of our
findings.

MRI-based Al models in Western Pacific
Developments and implications in clinical care

Neoadjuvant therapy can downstage locally advanced
inoperable breast cancer to increase the feasibility of
breast-conserving surgery. However, a meta-analysis of
individual patient data comparing long-term outcomes
of neoadjuvant and adjuvant therapies suggested that tu-
mors downsized by neoadjuvant therapy might be associ-
ated with higher local recurrence after breast-conserving
treatment compared to similarly sized tumors in patients
who underwent adjuvant therapy.”® Careful preoperative
tumor localization and treatment response assessment are
essential for reducing the risk of local recurrence and
ensuring the safe practice of breast-conserving therapy.
Prior studies investigating the viability of breast-conserving
therapy with preoperative image-guided biopsy failed to
achieve prespecified outcomes and do not endorse the
approach of omitting surgery for patients with excellent
response following neoadjuvant therapy, underling the
necessity of methodological improvements in radiological
evaluation and analysis.”**

In our review, breast MRI-based Al models have
demonstrated preliminary success in predicting various
outcomes following neoadjuvant therapy that have sig-
nificant implications for surgical decision-making.
These models effectively identified patients achieving
pCR, with a pooled sensitivity of 0.78 (95% CI
0.72-0.83) and specificity of 0.87 (95% CI 0.83-0.91)
across validation or external test cohorts. Several models
also exhibited robust predictive performance across
different molecular subtypes of breast cancer.”"*> For
axillary lymph node response, Al models achieved
sensitivity between 0.71 and 0.88, specificity between
0.80 and 0.94, and accuracy between 0.83 and 0.88 in
detecting nodal metastasis after neoadjuvant therapy
within validation/test cohorts. One study further
explored clinical utility by integrating AI model with
standard sentinel lymph node biopsy protocols and
found that Al application could significantly reduce the
false-negative rate of standard biopsy from 10.12% to
4.76%.** A recent study introduced an innovative ma-
chine learning model that combined patient, imaging,
tumor, and biopsy data, achieving a 0% (95% CI
0-13.7%) false-negative rate for identifying pCR, mak-
ing patients eligible to omit breast and axilla surgery.®
These studies highlight AI’s potential to refine surgical
strategies based on individual responses, paving the way
for clinical trials that employ Al to identify candidates
for de-escalated breast and axillary surgeries.
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Application of AI has progressed beyond conven-
tional imaging to the development of multi-omics
models, showing preliminary success in predicting
response to neoadjuvant therapy in breast cancer. For
instance, an MRI-based radiogenomic signature devel-
oped to predict pCR in triple-negative breast cancer
demonstrated higher predictive accuracy than a
radiomics-only model, achieving an AUC of 0.87 during
validation.”® Similarly, a study combining multi-
parametric MRI-based radiomics with pathomics fea-
tures found that the radiopathomics model
outperformed models based on radiomics or pathomics
alone in predicting pCR in breast cancer.” Beyond
predicting treatment response and breast surgical out-
comes, Al models can also play a valuable role in pre-
operative and postoperative management in breast
cancer, supporting more individualized treatment ap-
proaches.®? Preoperatively, Al can analyze diverse data
sources to aid surgical planning by reconstructing crit-
ical anatomical structures, helping surgeons optimize
techniques and minimize surgical risks. Postoperatively,
Al is also valuable for monitoring recovery and pre-
dicting complications. For example, Al models can
assess the risk of lymphedema after breast surgery by
analyzing symptoms reported by patients,* enabling
early interventions to mitigate this condition. Further-
more, predictive models can help identify patients at
higher risk for complications like persistent post-
operative pain,* allowing for tailored follow-up care and
preventive measures. These applications exemplify how
Al could enhance surgical care by providing insights
that lead to personalized treatment strategies, ultimately
improving recovery experiences and outcomes for
patients.

Potential factors associated with model performance

Despite the promising accuracy of Al models in pre-
dicting pCR, substantial heterogeneity was observed in
the pooled analysis. Subgroup analyses were conducted
to identify potential factors contributing to this hetero-
geneity. Notably, the incorporation of multitemporal
MRI features significantly reduced model heterogeneity
and improved sensitivity and specificity to 0.83 (95% CI
0.74-0.88) and 0.88 (95% CI 0.84-0.92), respectively, in
the validation/test cohort (Supplementary Fig. S1c and
d). Neoadjuvant therapy can induce various histopatho-
logical changes in tumor cellularity and vascular density.
It has been demonstrated that MRI-based tumor
response patterns halfway through neoadjuvant therapy
predicted pCR more accurately than those observed after
the completion of therapy.®* Delta-radiomics, which
characterizes the evolution of imaging features by
applying radiomics to multiple treatment time points,*
effectively reflects the dynamic changes in tumor mi-
crostructures throughout the treatment process and has
been proven to be less susceptible to scanner differences
and exhibit a more robust performance compared to
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analyses at a single time point.*” Consistent with our
findings, several studies have demonstrated the
enhanced performance of MRI models incorporating
delta radiomics features to predict pCR compared to
models developed solely from single timepoint
features.”*#¢**%% In addition, feature importance anal-
ysis suggested that delta radiomics played a more sub-
stantial role in model development than other
components,”’ underscoring the importance of inte-
grating multitemporal MRI features to reduce potential
inter-subject heterogeneity and to maintain model
robustness across various validation settings.

Subgroup analyses stratified by imaging sequences
and the inclusion of clinicopathologic features during
model development did not identify them as primary
sources of heterogeneity. Multiparametric MRI may
enhance presurgical evaluation and treatment moni-
toring for breast cancer by combining information from
different imaging sequences that assess tumor lesion
from different aspects.’” While certain studies have
indicated higher predictive accuracy with radiomics
derived from multiparametric MRI,*”***° the benefit of
using such data remains unproven in clinical practice.’
In our review, there was no substantial difference be-
tween the performance of single parametric and multi-
parametric models, which could be attributed to the
overriding impact of other critical elements within the
radiomics workflow, such as image processing and
model architecture. Additionally, combining radiomics
signatures with clinicopathologic features did not
consistently improve predictive accuracy for pCR in our
analysis, potentially due to variations in feature reduc-
tion strategies and the application of different machine
learning or deep learning algorithms. There is also a
risk of overestimating the performance of combined
models, as most studies lacked multivariable analyses
delineate the correlations between radiomics and non-
radiomics features. Heterogeneity among radiomics
studies may arise from various factors, including study
designs, imaging protocols, and model development
approaches; our analysis only begins to explore the po-
tential sources of this heterogeneity. Future studies
should endeavor to comply with established protocols,
such as those outlined by the Radiomics Quality Score,*
to promote standardization in study procedure and
improve reliability of AI models.

The accuracy of breast MRI for predicting pCR
highly depends on molecular subtype due to inherent
biological differences and the corresponding sensitivity
to neoadjuvant regimens. HR-positive/HER2-negative
breast cancer exhibits a significantly lower pCR rate
compared to HER2-positive and triple-negative breast
cancers, which may translate to lower sensitivity in
predicting pCR for HR-positive/ HER2-negative cases in
conventional predictive morels.”” However, in our re-
view, the performance for predicting treatment
response was comparable across different breast cancer

subtypes. The respective AUC for pCR prediction in
HER2-positive breast cancer, triple-negative breast can-
cer, and HR-positive/HER2-negative breast cancer was
0.81-0.93, 0.84-1.00, and 0.88-0.91 in the validation/
test cohorts. These findings suggest that the application
of radiomics and deep learning analysis to conventional
imaging techniques could potentially reconcile the bio-
logical and treatment-related nuances of each breast
cancer subtype. Nonetheless, it is premature to conclude
that Al models possess robust predictive abilities across
all breast cancer subtypes, given that only five of the
included studies evaluated model performance for each
subtype.’»**1**  Future research should disclose
detailed performance metrics across different breast
cancer subtypes, or alternatively, focus on the develop-
ment of Al models tailored for a specific subtype to
enhance their robustness and clinical utility.

Study quality and major methodological weaknesses

Most studies did not meet the RQS criteria, with a
median RQS of only 12 (IQR 9-14). This trend is
widespread and not limited to studies from the Western
Pacific region. A previous meta-analysis of 77 studies
reported insufficient overall scientific quality and
reporting in radiomics research, with a mean RQS of
just 9.4 out of 36.” Consistent with our findings, re-
searchers identified low scores in areas such as clinical
utility demonstration, biological validation, prospective
study design, and open science practices.”” While RQS
serves as a general guideline for conducting radiomics
research, it highlights crucial areas in need of
improvement to enhance study quality and the reliability
of AI models. Notably, four studies with the highest
RQS gained additional points by validating across three
or more datasets,’***! demonstrating clinical utility
through decision curve analysis,*>***"** identifying bio-
logical correlates,”” and making source code openly
accessible.””

A major challenge affecting the reliability of Al
models is the reliance on small, single-center, retro-
spective datasets. The median sample size across the
included studies was 152 (IQR 114-329), with only nine
studies (17.65%) incorporating external test datasets,
thereby increasing the potential risk of model over-
fitting. Overfitting occurs when a model learns both the
underlying patterns and the random noise within the
training data, resulting in poor performance on new,
unseen datasets. This phenomenon is particularly
prevalent in radiomics research when dealing with high-
dimensional data, limited sample sizes, and highly
complex models.” Internal validation methods, such as
cross-validation and bootstrapping, should be routinely
employed for preliminary performance evaluation and
for fine-tuning model development to mitigate over-
fitting. More importantly, AI models require external
validation in clinical cohorts that adequately represent
the target patient population to simulate real-world
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clinical settings effectively; the use of prospectively
collected data is also preferable.”* Ultimately, clinical
validation of an AI model necessitates demonstrating its
value through randomized controlled trials, wherein
patients are randomized to receive care either with or
without the Al tool under investigation.***
Discrimination and calibration represent distinct
aspects of AI model performance. Our review found that
while AUC metrics were consistently recorded in
studies, there was a lack of calibration statistics and
assessments of potential clinical utility. AUC alone may
not fully capture clinical relevance; incorporating addi-
tional discrimination metrics such as sensitivity, speci-
ficity, and positive and negative predictive values is
crucial for a more comprehensive evaluation of model
performance.” Furthermore, calibration statistics and
decision curve analysis should also be included to
ascertain the clinical applicability of the AI models.
Calibration measures the agreement between predicted
probabilities and observed outcomes at an individual
level and is essential for assessing the reliability of
predictive models.*® Evaluating the potential clinical
utility of AI models through methods like decision curve
analysis effectively bridges the gap between traditional
performance metrics and clinical relevance by quanti-
fying the net model benefit across different risk
thresholds.” Incorporating calibration and clinical util-
ity analysis into model performance evaluation is
essential to enhance the credibility of Al models and
expedite their acceptance in clinical practice.
Investigation into the biological context of the im-
aging features should also be included in radiomics
research either as part of model development or sub-
sequent validation. Biological validation prevents over-
fitting by grounding radiomics features in relevant
biology, ensuring that model predictions are align with
actual pathophysiologic behaviors. Integrating radiomic
analysis with different biological correlates can offer
insights into the biological underpinnings of radiomics,
facilitating a more comprehensive evaluation of thera-
peutic response and cancer prognosis.”*” Genomic
analysis is often used to correlate radiomic features with
gene expression profiles, as demonstrated in study that
linked radiomic markers of hypoxia with hypoxia-related
genes in glioblastoma, where hypoxia-associated imag-
ing features predicted patient survival.' This approach
substantiated the role of hypoxia imaging phenotypes as
indirect survival predictors by capturing tumor biology
linked to hypoxia gene expression. Histopathology and
immunohistochemistry provide direct methods for
correlating radiomic features with cellular and molecu-
lar characteristics visible in tissue samples, offering in-
sights into how specific radiomic features relate to
tumor cell composition, immune infiltration, and
structural organization. For instance, the texture fea-
tures in computerized tomography (CT) imaging of
non-small cell lung cancer have been correlated with
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known hypoxia markers such as carbonic anhydrase
IX,"”" suggesting that radiomic features may serve as
surrogates for tumor hypoxia, a crucial prognostic fac-
tor. Habitat imaging is another approach that segments
a tumor into distinct “habitats” based on imaging fea-
tures indicative of different microenvironments, such as
necrotic, hypoxic, or proliferative areas, and utilizes
multiple imaging modalities to create a spatial map of
the tumor’s physiological diversity.'* In a recent breast
cancer study, researchers segmented tumors into sub-
regions based on conventional MRI radiomics features
and applied a Gaussian mixture model to define
different habitat features to represent intratumoral het-
erogeneity. By integrating habitat features with radio-
mics and clinicopathologic variables, the model
demonstrated strong predictive performance for treat-
ment response following neoadjuvant therapy.*

Feature robustness is another crucial element in the
development of reliable AI models. The reproducibility
of features is extremely sensitive to acquisition settings;
even images of the same tissue site can differ due to
variations in their acquisition parameters.'” Most of the
included studies employed multiple segmentation
methods and various feature selection strategies to
identify reproducible features for model construction.
Another approach to enhancing feature reproducibility
in radiomics involves applying image preprocessing
techniques, such as standardizing voxel size, intensity
normalization, and resampling, to minimize discrep-
ancies in image acquisition across different sites and
scanners. The ComBat harmonization method can
effectively reduce scanner-related effects and improve
feature reproducibility, making it suitable for multi-
center research.'” Researchers have applied ComBat to
“phantom images” in CT scans and found that it suc-
cessfully realigned radiomic feature distributions across
multi-institutional datasets with varying CT protocols.'”
Additionally, other statistical approaches incorporating
stability measures can also enhance the reliability of AI
models. For example, researchers analyzed CT scans
from multiple cohorts and selected features that were
both stable across different scanners and settings and
highly discriminative of recurrence.'” A model that in-
tegrated stability measures with discriminative features
demonstrated superior accuracy in predicting disease
recurrence in early-stage non-small cell lung cancer
compared to conventional radiomics models.

Another concern highlighted in our review is the
generally poor explainability and interpretability of the
Al models. Explainability pertains to the implementa-
tion of transparent and traceable statistical black-box
machine learning methods, especially with deep
learning, and addressed the rationale behind why pre-
dictions are made and how model parameters capture
underlying biological mechanisms.'” Interpretability
offers a more generalized understanding of the model
development without delving into intricate details and
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can be seen as a broader component of explainability.'**
Researchers have thus developed methods to increase
the interpretability of radiomics features and models. At
the feature level, exploring the association between
features and tumor heterogeneity can increase inter-
pretability. At the model level, diverse technologies
based on local and global interpretation can be applied
to improve the interpretability of Al models, including
LIME (Local Interpretable Model-agnostic Explanations),
SHAP (SHapley Additive explanation), PDP (Partial
Dependence Plot), and decision tree.'"” Recent ad-
vancements in interpretable AI have successfully iden-
tified patient subgroups that did not benefit from
adjuvant imatinib therapy in the context of gastrointes-
tinal stromal tumors,' setting a precedent for future
research in developing interpretable Al models.

Comparisons with notable studies

Research in the Western Pacific region on MRI-based
Al models for predicting breast cancer treatment out-
comes has produced results comparable to those from
other regions,"'"'"” indicating that the development
pipelines for radiomics and deep learning models are
well-established and applicable to diverse cohorts.
Incorporating insights from state-of-the-art research in
other regions, such as refining study designs, creating
collaborative platforms for model building, and inte-
grating human elements into the development process,
is essential for optimizing these models for clinical
use.

The majority of reviewed studies have been retro-
spective, leaving substantial uncertainty regarding the
real-world performance of Al models. A scoping review
of randomized controlled trials on Al in clinical settings
found that, although countries in the Western Pacific
region led in the number of trials conducted, most
focused on gastroenterology, with no oncology-related
studies reported, contrasting with the diverse spe-
cialties covered in U.S. trials."” For example, the
SHIELD-RT trial investigated the role of machine
learning in reducing acute care visits during outpatient
radiotherapy and chemoradiation."* In this trial, 311
high-risk treatment courses identified by the algorithm
were randomized to either standard once-weekly clinical
evaluations or mandatory twice-weekly evaluations. Re-
sults showed that twice-weekly evaluations significantly
reduced acute care visits from 22.3% to 12.3%. Eco-
nomic analysis further revealed that additional evalua-
tions for high-risk patients, as identified by machine
learning, not only reduced overall healthcare costs but
also improved clinical outcomes,'” highlighting the
potential of Al to enhance patient care and reduce ex-
penses through accurate triage and intervention. Future
research could explore Al's capacity to support preop-
erative planning in breast cancer by prospectively strat-
ifying patients based on treatment outcomes predicted
by AI algorithms.

The prevalence of single-center study in the Western
Pacific region also raises concerns about the generaliz-
ability and applicability of the resulting models.
Training Al models on datasets that closely simulate the
clinical settings of the target population is essential to
enhance their accuracy and reliability. The OPTIMAM
Mammography Image Database, a centralized and fully
annotated dataset, exemplifies this approach by
including mammography images and clinical data from
various UK breast screening centers.''® This database is
regularly updated with images from different screening
episodes, supporting the development and evaluation of
Al algorithms for breast cancer detection and risk
assessment.'”""® Currently, there are few publicly
available multi-institutional breast MRI datasets. In
addition, public databases introduce challenges related
to patient privacy, data security, and potential misuse.
Federated learning (FL) is a decentralized machine
learning approach that enables collaborative model
training across multiple institutions without trans-
ferring sensitive data to a central server."” This
approach is particularly advantageous in healthcare and
radiomics, where patient privacy and data security are
paramount. In FL, individual nodes (such as hospitals)
locally train a model on their own datasets, and only the
model updates—not the data itself—are shared with a
central server. The server aggregates these updates to
improve the model iteratively, preserving privacy while
allowing access to a diverse data pool. This structure not
only enhances data security but also enables research
institutions to collaborate on creating robust predictive
models, especially beneficial in radiomics where high-
quality, multicenter data is crucial for generalizable in-
sights. An increasing number of researchers are
exploring Al models trained through FL for disease
prediction while maintaining data confidentiality.'” The
GenoMed4All project exemplifies FL’s utility by con-
necting data across European clinical sites to predict
outcomes for rare diseases, enabling extensive model
training while complying with data protection regula-
tions. Such federated platforms can enhance the reli-
ability of radiomic models, as diverse data from various
sites can improve model robustness.'”' In breast cancer
research, a memory-aware curriculum FL method was
applied for Dbreast cancer classification using
mammography data from diverse clinical sites with
varying imaging protocols. The proposed method
addressed key challenges in FL, such as system het-
erogeneity and domain adaptation, by leveraging incor-
porating unsupervised domain adaptation to align
feature distributions across different imaging domains
and using curriculum learning to improve model con-
sistency. The study achieved notable improvements in
classification accuracy, highlighting the potential of FL
to enable large-scale, privacy-preserving collaborations
in breast cancer research and contribute to the devel-
opment of more robust and generalizable AI models.'**
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Most of the included studies reported the perfor-
mance of Al models as a standalone system. However,
Al remains a supplement to, rather than a replacement
for, human expertise. Prior research has shown that
standalone Al performance may not surpass the exper-
tise of human professionals.”* A decision-referral
approach was proposed to leverage the strengths of
both the radiologist and AI into breast cancer
screening,'” allowing Al to automatically handle high-
certainty assessments while referring uncertain cases
to radiologists. This approach demonstrated improved
sensitivity and specificity compared to either standalone
Al or radiologists alone, suggesting it could enhance
screening accuracy and reduce radiologist workload.'” A
three-phase, prospective study further evaluated an Al-
assisted additional-reader approach for early breast
cancer detection, revealing that the Al-enhanced work-
flow could identify an additional 0.7 to 1.6 cases of
breast cancer per 1000 examinations, with most detected
cancers being invasive (83.3%) and small (<10 mm,
47.0%).”** Incorporating human judgment into the
development of Al models bolsters patient trust in Al-
driven decisions.”” This synergy between human
expertise and Al’s computational power is essential for
the responsible and effective deployment of Al
technologies.

Advances in data science and AI have led to the
development of large Al models with sophisticated
machine learning architectures characterized by
immense scale, both in parameters and training data-
sets.'* These models use deep learning techniques, like
the Transformer architecture, to capture long-range
dependencies. They are pre-trained on massive data-
sets in a self-supervised manner to build generalized
representations, followed by fine-tuning for specific ap-
plications. Unlike conventional models, large Al models
excel at generalizing across diverse tasks and synthe-
sizing multimodal data, including text, images, and
audio. This versatility makes them valuable in health-
care, where integrated, context-aware analyses are
crucial.'”” For example, CheXzero, a zero-shot chest X-
ray classifier, has achieved radiologist-level performance
without prior exposure to specific disease labels.'
ChatCAD  combines diagnostic networks with
ChatGPT for medical image analysis, where specialized
networks perform initial analysis, and ChatGPT in-
terprets and provides recommendations, and a follow-
up iteration called ChatCAD + further enhanced the
factual grounding of the model’s outputs by incorpo-
rating a retrieval system to improve the quality of the
generated diagnostic reports.'”'** These models have
shown potential to significantly advance the prediction
of treatment response in oncology by analyzing imaging
data, genomic information, and clinical records to
identify patterns that are predictive of patient outcomes
to support personalized treatment strategies and opti-
mize therapy selection.
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Limitations

There are limitations to our study. First, none of the
reviewed studies included a detailed description of the
ethnic distribution of participants. This lack of data
prevents meaningful comparisons of AI model perfor-
mance across different ethnic groups, particularly
among minority populations. Given that ethnicity may
impact the effectiveness and generalizability of Al
models in clinical practice, future research in Western
Pacific should emphasize collecting and reporting on
ethnicity distribution to better understand the model’s
applicability across diverse demographics and ensure
equitable healthcare outcomes. Second, we included
only English-language publications in our review, which
may have led to the exclusion of some regional studies
from the analysis.

Conclusions

AT models based on breast MRI have the potential to
promote personalized surgical decisions by increasing
the prevalence of BCS and decreasing unnecessary
mastectomies for patients undergoing neoadjuvant
therapy. In the future, Al-powered clinical decision
support systems could assist clinicians in distinguishing
treatment responders from non-responders and in
determining optimal surgical timing and strategy on an
individualized basis. However, implementing Al
models in clinical practice requires further evaluation,
as current evidence is susceptible to overfitting and lacks
explainability and interpretability. Future research
should adhere to rigorous methodological standards to
ensure model validity and reproducibility to facilitate the
translation of theoretical AI algorithms into practical
clinical tools.
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