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The value of artificial intelligence
In ultrasound imaging for
predicting molecular subtypes
of breast cancer: a meta-analysis
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Ming Chen' and Ting Ma™**

Department of Ultrasound Medicine, the First Affiliated Hospital of Shihezi University, Shihezi,
Xinjiang, China, 2Department of Medical Ultrasound, Tongji Hospital, Tongji Medical College,
Huazhong University of Science and Technology, Wuhan, China

Background: The study aims to integrate an evaluation of the accuracy and
validity of ultrasonography based artificial intelligence (Al) algorithms for
predicting the molecular subtypes of breast cancer patients through a
meta-analysis.

Methods: A search of the PubMed, Embase, Web of Science, and Cochrane
Library databases was performed to locate relevant literature, and the reported
studies before February 2026 were included. We evaluated the quality of the
studies included by utilizing the Quality Assessment of Diagnostic Accuracy
Studies (QUADAS) questionnaire. Two evaluators independently searched for
literature and assessed the quality of literature included in the study.

Results: A total of thirteen studies assessing a number of 13615 patients of breast
cancer were included. The results demonstrated that ultrasonic imaging
combined with artificial intelligence algorithm has promising accuracy and
effectiveness to predict molecular subtypes of breast cancer. The pooled
sensitivity and specificity were 0.89 (95%Cl: 0.82-0.93) and 0.82 (95%ClI: 0.77-
0.86), respectively. Additionally, the diagnostic odds ratios (DOR), positive
likelihood ratio (PLR) and negative likelihood ratio (NLR) were 32.10 (95%Cl:
18.60-55.38), 4.84 (95%Cl:3.80-6.17), and 0.14 (95%Cl: 0.09-0.22). The area
under the curve (AUC) was 0.91 (95%Cl: 0.88-0.93). Publication bias was not
significantly observed.

Conclusions: Ultrasonic imaging based on artificial intelligence algorithm has
good performance and application prospects for forecasting breast cancer
molecular subtypes. This technique can help establish the molecular subtype of
breast cancer before operation, offering effective help for the treatment plan. It
may reduce unnecessary biopsy, which is anticipated to become a meaningful
implement in clinical application.

Systematic review registration: https://www.crd.york.ac.uk/prospero/display_
record.php?ID=CRD42024599983, identifier CRD42024599983.

KEYWORDS
artificial intelligence, breast cancer, convolutional neural network, deep learning,
molecular subtypes
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1 Introduction

Breast cancer is the second common malignant cancer in
women worldwide. In 2018, a definitive diagnosis of breast cancer
was made in approximately 2.1 million women (1). Moreover, there
are an estimated 2.3 million new cases from 2022 onwards,
accounting for 11.6% of all cancer incidence and leads to the
fourth principal cause of global cancer mortality with 666,000
deaths from the disease, which accounts for 6.9% of all deaths
from malignant tumors (2). In practice, breast cancer is usually
classified into four different molecular subtypes including Luminal
A, Luminal B, human epidermal growth factor receptor type 2
(HER2)-positive and Triple-negative breast cancer (TNBC) which
in the light of expression level of estrogen receptor(ER),
progesterone receptor(PR), human epidermal growth factor
receptor 2(HER2), and Ki-67 (3). The luminal type has the
feature of highly-expressed estrogen (ER) and progesterone (PR),
and hormone therapy can be effective (4). The luminal B type,
HER2- positive and TNBC are more aggressive. In addition, the
HER2- positive and TNBC are more susceptible to neoadjuvant
chemotherapy and have a better prognosis for achieving a
pathological complete remission (pCR) (5). Therefore, early or
preoperative identification of breast cancer’s molecular subtype
enables timely and accurate selection of specific clinical therapies
for different types of breast cancer and has a significant impact on
patient outcomes and outcomes.

Currently, core needle biopsy (CNB) followed by
immunohistochemical (IHC) staining serves as the clinical gold
standard for molecular subtype determination. However, CNB is
invasive, time-consuming, and subject to sampling error,
particularly in tumors with heterogeneous composition (6). These
limitations highlight the need for reliable, non-invasive approaches
that can support or complement pathological diagnosis.

Although imaging examinations cannot directly determine the
molecular subtype of breast cancer in the same way as pathological
or molecular diagnosis, they can provide valuable assistance in
suggesting the molecular subtype. As a first-line screening
technique for the breast, ultrasound (US) is real-time, safe,
radiation-free with low cost. It can be applied in young women
during pregnancy or lactation, and can also be used as a
complementary examination after mammography in women with
dense breasts (7). Under different molecular subtypes, breast cancer
has its own characteristics on US. Luminal cancer is mostly
irregularly shaped; depleted of internal blood vessels and
prominent external blood vessels and posteriorly shaded (8, 9);

Abbreviations: Al, artificial intelligence ; QUADAS, Quality Assessment of
Diagnostic Accuracy Studies; DOR, diagnostic odds ratios; PLR, positive
likelihood ratio; NLR, negative likelihood ratio; AUC, area under the curve;
HER2, human epidermal growth factor receptor type 2; TNBC, Triple-negative
breast cancer; IHC, immunohistochemical; CNB, core needle biopsy; US,
ultrasound; TP, true positive; FP, false positive; FN, false negative; TN, true
negative; SROC, summary receiver operating characteristic; CI, confidence
intervals; ML, Machine learning; DLM, deep learning model; DL, Deep
learning; CNN, Convolutional neural network; DCNN, Deep convolutional

neural network; MRI, Magnetic resonance imaging.
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HER2-positive subtype is suggested by posterior microcalcifications
and a mixed echogenic pattern (9). TNBC probably have benign
features, for example, oval or rounded shapes, smooth margins, or
ectatic margins, and have slim chance to show posterior shadowing
(10, 11). The radiologist can make a characterization of the
molecular subtypes of breast cancer based on the US findings on
specific images of the various subtypes described above, such as the
margin, morphology, calcifications, shape, and posterior
echogenicity. However, there still has high inter- and intra-
observer flexibility in the explanation of breast US images by
radiologists. Additionally, US image artifacts during acquisition,
such as noise, speckle, and signal attenuation, making it difficult for
radiologists to accurately differentiate individual molecular
subtypes during image recognition.

Artificial intelligence (AI) has rapidly evolved in recent years,
showing significant progress and promising applications in the field
of medical imaging, particularly in breast ultrasonography (US)
(12). The typical workflow of AT systems includes image processing,
segmentation, and feature extraction, all of which can enhance the
diagnostic capabilities of imaging modalities. When integrated with
breast US, AI algorithms can provide radiologists with more
detailed and accurate information, potentially overcoming some
of the limitations of conventional ultrasound. This integration may
improve the specificity of US and offer a valuable tool for predicting
the molecular subtypes of breast cancer (13, 14). While Al-based
methods have shown encouraging results in this area, no meta-
analysis to date has systematically assessed the overall diagnostic
performance of these approaches. Therefore, we conducted a
comprehensive meta-analysis to evaluate the accuracy and validity
of Al algorithms applied to ultrasound imaging for the molecular
subtyping of breast cancer.

2 Materials and methods
2.1 Search strategy and literature selection

Corresponding literature was searched in PubMed, Embase,
Web of Science, and Cochrane Library databases, and reported
studies before February 2026 were included. The study search
strategy used almost all available and free Medical Subject

»

Headings (MeSH) terms such as “breast tumor”, “breast cancer”,
“breast neoplasms”, “breast carcinoma”, “ultrasound”,
“ultrasonography”, “artificial intelligence”, “deep learning”,
“convolutional neural network”, “machine learning”, “molecular
subtypes”, “molecular subtyping”, and “triple negative breast
cancer”. Two evaluators independently selected potentially
matching studies based on titles and abstracts after the search was
completed, and they initially screened for eligible diagnostic
experimental studies by inclusion and exclusion criteria. Then the
two evaluators screened the selected articles carefully by reading the
full text to determine whether the studies were qualified to be
included in the analysis. Regarding studies with disagreement, a
third evaluator intervened to resolve issues to reach a consensus.
The inclusion criteria of studies were: 1) Pathologically confirmed

frontiersin.org


https://doi.org/10.3389/fonc.2026.1748473
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Cheng et al.

breast cancer patients; 2) All patients were predicted using an Al
algorithm to make predictions of the corresponding molecular
subtypes from breast ultrasound images; 3) The statistical
indicators such as specificity and sensitivity were contained; 4)
The language of the study population was limited to English.
Meanwhile, the exclusion criteria of studies were: 1) Not enough
data was provided to count true positive (TP), false positive (FP),
false negative (FN) and true negative (TN) values; 2) Irrelevant
types of studies that did not belong to cohort or case-control
studies; 3) The studies contained incomplete data or did not
initially explain the specific results.

2.2 Data extraction and quality assessment

The data of the studies which conform to the inclusion criteria
have been independently collected by the two evaluators. If there is
any disagreement, a third evaluator will assist and resolve the issue.
Firstly, the author’s name and publication year of each study was
determined. The sensitivity, specificity and the area under curve
(AUC) of the AT algorithms for anticipating the molecular subtypes
of breast cancer were obtained by collecting the number of patients
with spreadsheets. Other information included patient age, tumor
size, Al algorithm, US modality, manufacturers and selected
frequency. Afterwards, two identical evaluators used the Quality
Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) (15).
The QUADAS-2 tool consists of four domains: patient selection,
index test, reference standard, as well as flow and timing. The results
of QUADAS-2 were output by the Cochrane Collaboration
Network dedicated software Review Manager 5.4.

2.3 Statistical analysis

The analysis of all data and graphs were created using STATA
18.0 for Windows (Stata Corp, University Station, Texas, USA) with
commands MIDAS and METANDI. A p value less than 0.05
indicates statistical significance. The specificity and sensitivity of
the studies were collected and the TP, FP, FN and TN values were
recalculated. Corresponding positive likelihood ratios (PLR) and
negative likelihood ratios (NLR) were calculated based on summary
receiver operating characteristic (SROC) curve which reflects the
performance of diagnostic tests. To illustrate the correlation
between sensitivity and specificity, symmetric or asymmetric
SROC curve with 95% confidence intervals (CI) were plotted. The
heterogeneity among included studies was explored using the I*
statistic, which incorporates sensitivity, specificity, positive
likelihood ratio, and negative likelihood ratio. If I* < 50%, we
used a fixed-effects model while random-effects model was used
to combine the acquired data if 1> > 50%. The criteria for
heterogeneity of 1> were very low (0-25%), low (25%-50%),
medium (50%-75%), and high (> 75%). In addition, to evaluate
the bias of publication, a funnel plot was used and also conducted
sensitivity analysis, which could estimate the stability of research
results. Posterior probabilities were calculated using the derived
PLR and NLR and Fagan plots were plotted. Fagan plot evaluates
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the clinical efficacy by calculating post-test probabilities for
predicting molecular subtypes based on pre-test probabilities.

3 Results
3.1 Literature searches

After searching a systematic keyword, a number of 165 relevant
literatures were first obtained. After screening the literature titles
and abstracts, 15 duplicate articles and 132 articles unrelated to the
research topic were excluded. One of the remaining 16 full-text
articles was further excluded due to insufficient data. Finally, a total
of 16 original studies including 13615 patients of breast cancer were
obtained and included in this study (16-31). Figure 1 show the
detailed flowchart of the research selection procedure.

3.2 Characteristics of studies

The basic characteristics included in the study can be found in the
Supplementary Table 1 and the baseline characteristics of the included
studies are shown in Table 1. Twelve studies were conducted using
retrospective design, with four studies using prospective design. Three
studies were multicenter studies and the remaining studies were single-
center studies. Seven of the included sixteen studies used an approach
employing machine learning combined with ultrasound imaging, and
the remaining studies used deep learning or convolutional neural
networks combined with ultrasound for the assessment of breast
cancer molecular subtypes. Nine studies adopted the method of
integrating multimodal data (such as combining ultrasound features
with mammography features or clinical features). Nine studies
provided heatmaps, and two studies provided interpretable features,
including the Shapley plots, t-SNE visualizations and saliency maps. In
addition, independent external validation methods were used in five
studies, while the remaining studies employed internal validation
techniques, such as cross-validation or random dataset splitting.

3.3 Data quality assessment

Figure 2 indicates the results of the QUADAS-2. Two studies
showed an unclear risk of bias in the “Patient Selection” domain due to
the lack of specific description on how patients are enrolled. The failure
to adequately clarify whether consecutive or randomized patient
samples were used raised concerns about potential selection bias. All
studies showed a minimal risk of bias within the domains of “Index
Test”. All selected studies used biopsy and/or histopathology as
reference standards, therefore the risk of bias in the “Reference
Standard” field was low. Additionally, in the “Flow and Timing”
domain, all patients were included in the study and did not show a
significant high risk of bias. Therefore, the methodological evaluation
based on the QUADAS-2 checklist concluded that the included studies’
quality was high. It also identified that most of the quality evaluation
items did not have a significantly higher risk of bias.
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FIGURE 1
Flowchart of the study inclusion process.

TABLE 1 Baseline characteristics of the included studies.

or (year) Algorithm Validation strategy Sensitivity Specificity
Ma (2021) ML testing set 0.9 0.871 0.886
Zhang (2023) (17) MDL-ITA testing set 0.929 0.985 0.822
Jiang (2020) (18) DCNN test cohort A 0.87 0.936 0.5974
Zhang(2021) (19) DLM testing set 0.96 0.913 0.869
Huang (2023) (20) DL internal validation set 0.929 0.94 0.643
Ferrea (2023) ML testing set 0.824 0.818 0.742
Boulenger (2022) CNN testing set 0.86 0.86 0.86
Ye (2021) (23) DCNN testing set 0.9 0.875 0.9
Wu (2018) ML testing set 0.88 0.8696 0.8291
Zhou (2021) (25) ACNN test cohort A 0.962 1 0.91
Xu (2023) (26) ML training set 0917 0.771 0.898
Wu (2022) (27) ML training set 0.832 0.8531 0.8049
Gong (2023) (28) ML training set 0.96 0.465 0.816
Wang (2025) (29) DLRN testing set 0.924 0.96 0.767
Liu (2024) (30) ‘ DCNN testing set 0.969 0.827 0.8738
Zhang (2025) (31) ML testing set 0.823 0.717 0.789

AUC, area under the receiver operating characteristic curve; ACNN, Assembled convolutional neural network; CNN, Convolutional neural network; DLM, Deep learning model; DCNN, Deep
convolutional neural network; ML, machine learning; MDL-IIA, Multi-modal deep learning with intra- and inter-modality attention modules; DLRN, Deep learning radiomics integrated model.
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applicability concerns.

3.4 Data analysis

As seen in Figure 3, the sensitivity and specificity of the
ultrasound model using AI for forecasting the molecular subtypes
of breast cancer were 0.89 (95%Cl: 0.82-0.93; p< 0.01; 1°=90.99%)
and 0.82 (95%CI: 0.77-0.86; p<0.01; 1°=80.99%). Due to its high
heterogeneity, sensitivity and specificity were selected to be
combined in a random effects model. And the diagnostic odds
ratios (DOR), positive likelihood ratio (PLR) and negative
likelihood ratio (NLR) merged by the random effects model were
32.10 (95%CI: 18.60-55.38), 4.84 (95%CI:3.80-6.17), and 0.14 (95%

Frontiers in Oncology

Methodologic quality of the included studies assessed according to the Quality Assessment of Diagnostic Accuracy Study 2 tool for risk of bias and

CI: 0.09-0.22) (Figures 4, 5), respectively. The area under the cure
(AUC) was 0.91 (95%CI: 0.88-0.93) (Figure 6). After merging the
random effects model, ’=81.7% was obtained, indicating that this
study has a high heterogeneity. In addition, we collected and
counted four studies that used radiologists rather than AI
technology to diagnose the molecular subtypes of breast cancer
(Figure 7). Among them, the obtained sensitivity was 0.89 (95%
CI:0.68-0.97), specificity was 0.68 (95% CI:0.58-0.76) and AUC was
0.74 (95% CI:0.70-0.78). The sensitivity analysis helped to exclude
studies with potential bias one by one and the results did not show

significant changes.
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Forest plot of ultrasound imaging-based prediction of molecular subtypes in breast cancer patients using Al algorithms.
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The positive and negative diagnostic likelihood ratios (DLR) for predicting molecular subtypes of breast cancer.

Due to the observed high heterogeneity in the studies, we
conducted subgroup analysis based on the research, focusing on
Data source, research type, Model, Algorithm, verification method,
and sample size (Table 2). According to subgroup analysis results,
only algorithm classification demonstrated statistical significance.
Among these, Deep Learning (DL) exhibited higher sensitivity (0.95
vs 0.84 vs 0.84) than Machine Learning (ML) and Convolutional
Neural Network (CNN) (p < 0.05). In addition, the pooled DOR
from internal validation studies was 4.17 (95% CI: 3.28-5.29), while
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the pooled DOR from external validation studies was 5.51 (95% CI:
2.72-11.16). Although the point estimate was slightly higher in the
external validation subgroup, the difference between the two groups
was not statistically significant (p>0.05). Notably, the external
validation subgroup exhibited extremely high internal
heterogeneity (I’=87.0%, p < 0.001) with a wide confidence
interval range, reflecting substantial variability in existing external
validation findings and uncertainty inherent in small-sample
subgroup analyses. To further investigate the sources of inter-
study heterogeneity (I°=81.7%, p<0.01), we employed meta-
regression analysis. First, a null model (Model 0) was established
to assess baseline heterogeneity levels. Subsequently, three models
were constructed by progressively incorporating potential
influencing factors: Model 1 included algorithm type (with ML
algorithms as the reference, and DL and CNN as dummy variables);
Model 2 added log-transformed sample size to Model 1; Model 3
further incorporated study design characteristics (multicenter,
external validation). Model selection was based on the adjusted R*
(Adj R? representing the proportion of heterogeneity explained),
overall model significance (p—value of the F—test), and the principle
of parsimony. All analyses were estimated using the restricted
maximum likelihood (REML) method, with the Knapp-Hartung
modification applied to control for small-sample bias. Table 3
presents the results of the meta-regression model comparison. The
null model revealed high heterogeneity (1°=81.7%, 1°=0.8324).
Model 1, which included only algorithm type, explained 51.44%
of the heterogeneity (Adj R’=51.44%), and the model as a whole was
significant (F = 5.43, p=0.019). Specifically, DL algorithms
demonstrated significantly higher diagnostic accuracy compared
to ML algorithms (=1.678, 95% CI: 0.577-2.778, p=0.006), while
CNN algorithms showed no significant difference from ML. Model
2 showed a slight decrease in explanatory power after adding log-
transformed sample size (Adj R* = 49.84%), and the sample size
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TABLE 2 The performance evaluation of the subgroups.

Subgroup No.ofstudies Sensitivity Specificity
Datasource
Single-center 13 0.88 (0.80-0.93) 0.83 (0.78-0.87) 5.06 (3.95-6.48) 0.14 (0.08-0.25) 4.63 (3.63-5.90)
Multicenter 3 0.92 (0.89-0.94) 0.67 (0.57-0.76) 2.85 (2.10-3.87) 0.11 (0.07-0.16) 3.26 (1.68-6.33)
Studydesign .
Retrospective 11 0.91 (0.88-0.93) 0.82 (0.77-0.87) 5.04 (3.81-6.67) 0.14 (0.08-0.22) 4.66 (3.56-6.11)
Prospective 5 0.90 (0.70-0.97) 0.80 (0.69-0.88) 4.49 (2.75-7.34) 0.12 (0.04-0.43) 3.97 (2.41-6.55)

Modelcomposition ‘

ina . .83-0. . .71-0. X .05-7. E .08-0. . .86-6.
binary 7 0.89 (0.83-0.94) 0.82 (0.71-0.89) 4.86 (3.05-7.75) 0.13 (0.08-0.21) 4.27 (2.86-6.39)

multi 9 0.90 (0.78-0.96) 0.82 (0.77-0.87) 5.08 (3.82-6.76) 0.12 (0.06-0.27) 4.60 (3.40-6.22)

Classificationofalgorithms ‘

ML 7 0.84 (0.72-0.91) 0.77 (0.71-0.83) 3.72 (2.99-4.62) 0.21 (0.12-0.37) 3.44 (2.70-4.38)

DL 4 0.95 (0.89-0.98) 0.83 (0.79-0.87) 5.92 (4.75-7.37) 0.05 (0.02-0.12) 5.54 (4.41-6.95)

CNN 5 0.84 (0.74-0.91) 0.87 (0.74-0.94) 6.40 (3.40-12.05) 0.18 (0.12-0.29) 6.28 (3.05-12.91)
Validationtype ‘

Internal 11 0.87 (0.77-0.93) 0.81 (0.76-0.86) 4.60 (3.61-5.87) 0.16 (0.09-0.29) 4.17 (3.28-5.29)

External 5 0.92 (0.89-0.94) 0.84 (0.71-0.91) 5.67 (3.11-10.33) 0.10 (0.08-0.13) v 5.51 (2.72-11.16)
Samplesize ‘

<100 5 0.84 (0.74-0.91) 0.88 (0.78-0.93) 6.8 (3.72-12.44) 0.18 (0.10-0.31) 6.34 (3.33-12.08)

100-400 7 0.86 (0.73-0.93) 0.78 (0.72-0.83) 3.87 (3.09-4.83) 0.18 (0.10-0.35) 3.59 (2.81-4.58)

>400 4 0.94 (0.86-0.97) 0.81 (0.71-0.89) 5.04 (3.19-7.96) 0.08 (0.03-0.18) 4.93 (3.00-8.08)

PLR, positive likelihood ratio; NLR, negative likelihood ratio; DOR, diagnostic odds ratio; ML, machine learning; DL, deep learning; CNN, Convolutional neural network; All results were
calculated using a random effects model.
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TABLE 3 Meta-regression results: predictors of effect size variability.

10.3389/fonc.2026.1748473

Model Variables included Tau? (%) Adj R? (%) F-value p-value
model0 Intercept only 0.832 81.7 - - -
modell Algorithm type (DL, CNN vs. ML) 0.404 63.3 51.44 5.43 0.01
model2 Algorithm type + log(sample size) 0.417 65.3 49.84 3.72 0.04
model3 Algorithm + log(sample size) + multicenter + external validation 0.49 65.8 41.04 215 0.14

ML, machine learning; DL, deep learning; CNN, Convolutional neural network; Tau® represents the estimated between-study variance; Adj R?* indicates the proportion of between-study variance
explained by the model covariates; Model 0 serves as the null model without predictors; Model 1 included algorithm type alone (with ML algorithms as the reference, and DL and CNN as dummy

variables); Model 2 added log-transformed sample size to Model 1; Model 3 further incorporated study design characteristics (multicenter, external validation).

effect was not significant (p=0.466). Model 3, incorporating all
variables, further decreased explanatory power to 41.04%, and the
model as a whole was not significant (p=0.141). Based on
explanatory power and parsimony, Model 1 was determined to be
the optimal model, indicating that algorithm type is the primary
factor influencing diagnostic accuracy.

3.5 Fagan plot analysis and publication bias

Fagan diagram analysis showed that the AI algorithm could
provide some valuable information for the determination of
molecular subtypes of breast cancer. Calculated PLR and NLR
values by setting prior probabilities were 25%, 50%, and 75%,
respectively. As shown in the Figure 8, the probability of the AI
algorithm correctly predicting the molecular subtype of breast
cancer was 83% under the condition of the pre-test probability
was 50% and after the “positive” measurement, and the probability
of the AI algorithm dropped to 12% after the “negative”
measurement. When the prior probabilities were 25% and 75%,
the positive pre-test probabilities were 62% and 94%, the negative
pre-test probabilities were 4% and 29%, respectively (Figures 1, 2).

The publication bias of the included study can be obtained
through the DEEK’ plot (Figure 9). The funnel plot asymmetry test
showed no clear publication bias (P = 0.15).
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FIGURE 8
The Deeks funnel plot asymmetry test to determine publication bias
in the literature evaluation (p = 0.15) indicated there was no obvious
publication bias. Each dot represents an individual study.

Frontiers in Oncology

4 Discussion

Defining the molecular subtype-specific molecular features of
breast cancer has significance for selecting clinically individualized
treatment plans, which could improve the prognosis and living
standards of patients. As an alternative to the subjective
interpretation of ultrasound imaging, which relies on the
empirical judgment of radiologists, Al algorithms introduce
automation and standardization. Moreover, Al algorithms enable
more meticulous observation of subtle features, thereby reducing
subjective errors associated with human interpretation and missed
diagnosis. Therefore, this study focuses on the application of Al
algorithms based on single or multiple ultrasound imaging model
for prediction of molecular subtypes of breast cancer for meta-
analysis. Sixteen studies were selected for comprehensive analysis
and used to assess the feasibility of AI algorithms in this field. By
analyzing the selected studies, the pooled AUC of the included
studies is 0.91 (95%CI: 0.88-0.93) that we concluded ultrasound
imaging utilizing Al algorithms demonstrates high accuracy and
credibility in forecasting breast cancer molecular subtypes. This
represents that Al algorithms may help radiologists to confirm the
molecular subtypes of breast cancer, as well as to serve as a reminder
or reference to avoid unnecessary misdiagnosis and omission.

Molecular subtypes can have a significant impact on the
initiation and metastasis of cancer. HER2-positive patients are
more common than Luminal A patients in multifocal tumors and
lymphovascular invasion (32). Luminal breast cancer usually has
bone metastases, while HER2-positive and TNBC are more prone to
brain and lung metastases, and TNBC has a poorer prognosis after
brain metastasis (33). In the treatment of different molecular
subtypes, luminal breast cancer demonstrates favorable responses
to endocrine therapy, such as tamoxifen. For HER2-positive breast
cancer, anti-HER2 targeted therapy—including agents like
trastuzumab and pertuzumab—forms the cornerstone of
treatment. In contrast, chemotherapy (e.g., anthracyclines,
taxanes, and cyclophosphamide) remains the primary approach
for TNBC. Moreover, HER2-positive and TNBC are also more
effective in preoperative chemotherapy than other types of breast
cancer, while Luminal breast cancer is more suitable for
postoperative radiotherapy (34, 35). Although pathological
diagnosis serves as the gold standard for differentiating molecular
subtypes of breast cancer, immunohistochemical staining using
CNB has corresponding limitations. To overcome these
limitations, several studies have combined breast imaging
techniques with AI to identify molecular subtypes of breast
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Fagan plot depicting the probability of predicting molecular subtypes in breast cancer patients, based on ultrasound imaging using Al algorithms
The Fagan plot is composed of the left vertical axis representing the pre-test probability, the middle vertical axis representing the likelihood ratio,

and the right vertical axis representing the post-test probability.

cancer. Among our selected studies that include multimodal model,
Zhou et al. (25) used an assembled convolutional neural network
(ACNN) model has achieved better diagnostic efficiency than CNB
before surgery (AUC: 0.89 vs. 0.67, p<0.05), and the ACNN model
has made 7 additional correct predictions compared with CNB (31
vs24 out of 37 cases). The ACNN model achieved an AUC of 0.89,
sensitivity of 92.31%, and specificity of 80.00% in predicting the
four-class molecular subtypes of breast cancer. Moreover, the model
demonstrated even better performance in distinguishing TNBC
from non-TNBC, yielding an AUC of 0.970 (95% CI: 0.936,
1.000). These results indicate that the model exhibits robust
diagnostic efficacy for both four-class classification and TNBC
prediction. Zhang et al. (17) established a multi-modal deep
learning model with intra- and inter-modality attention modules
(MDL-IIA) by combining mammography and ultrasound imaging
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to forecast breast cancer molecular subtypes. This model achieved
an accuracy of 88.5% (95% CI: 86.0%, 90.9%), a Matthews
correlation coefficient (MCC) of 0.837 (95% CI: 0.803, 0.870), and
an AUC of 0.929 (95% CI: 0.903, 0.951) in distinguishing luminal
and non-luminal subtypes. Beyond these established subtypes, the
recent recognition of “Low HER2” (HER2-low) expression has
refined the traditional binary HER2 classification and carries
significant therapeutic implications (36). HER2-low is defined as
tumors with HER2 IHC scores of 1+ or 2+ without gene
amplification on in situ hybridization (ISH), historically
categorized as HER2-negative. This group constitutes a
substantial proportion (approximately 45-55%) of all breast
cancers, spanning both hormone receptor-positive and TNBC
subtypes (37). Critically, the advent of novel antibody-drug
conjugates (ADCs), such as trastuzumab deruxtecan (T-DXd), has
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demonstrated remarkable efficacy in treating HER2-low metastatic
breast cancer, effectively creating a new, therapeutically actionable
category (38). This paradigm shift underscores the limitations of
conventional classification systems in the era of precision oncology
and highlights the urgent need for AI studies to move beyond
traditional binary or four-class frameworks. Future research should
aim to develop models capable of identifying this “Low HER2”
phenotype non-invasively, as it represents a vast patient population
newly eligible for targeted therapy.

As a non-invasive screening method, Al-based breast imaging
has significant technical differences compared to tissue biopsy.
Screening techniques using Al can potentially reduce the burden
on patients physically, psychologically, and financially.
Accordingly, it can also reduce misdiagnosis or missed diagnoses
caused by physician fatigue or overwork. Meanwhile, the
performance exhibited by different AI algorithms in the research
we selected also varies. In the study using ML algorithm, Gong
et al. (28) achieved the highest sensitivity and AUC, which were
0.875 (80.4%, 92.3%) and 0.953 (0.935, 0.967), respectively in the
study using CNN algorithm, although Boulenger et al. (22) showed
lower sensitivity than Gong et al. (28) (0.86 vs 0.875), they
performed better in specificity (0.86 vs 0.802). This phenomenon
aligns with our research findings. Our subgroup analysis and meta-
regression analysis indicate that algorithm type is a key source of
heterogeneity, with deep learning typically outperforming machine
learning. This can be attributed to deep learning’ ability to
automatically learn hierarchical features from raw data, thereby
circumventing the labor-intensive and subjective manual feature
engineering required by machine learning. Although DL models
exhibit stronger learning capacity, they are more sensitive to data
distribution, and generalizing beyond the training domain remains
a significant challenge (39, 40). Additionally, the “black-box”
nature of deep learning models, particularly CNNs, presents
profound and multi-faceted challenges. Unlike traditional ML,
where feature importance can often be traced, DL opaque, high-
dimensional representations create an epistemological gap between
data-driven prediction and mechanistic understanding,
challenging the principles of evidence-based reasoning. This
profound lack of transparency significantly hinders clinical
uptake, as medical practitioners are unable to incorporate
opaque outputs within their decision-making processes,
undermining confidence and clinical independence (41).
Furthermore, it creates a significant ethical and accountability
vacuum, complicating responsibility in cases of error.
Explainable AI (XAI) methods aim to overcome the opacity of
black-box models and render transparent the decision-making
processes of Al systems (42). Among the 16 studies included in
our review, 11 implemented XAI approaches; of these, nine
provided heatmaps, while two offered other interpretable features
such as Shapley plots, t-SNE visualizations and saliency maps.
Nonetheless, five studies did not provide any form of Al
interpretability method. In systematic reviews of Al-based
studies, it is increasingly recommended to assess whether
included research provides such interpretable outputs. Future
studies should incorporate XAI techniques to enhance model
transparency and facilitate clinical translation.
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The sensitivity and specificity obtained from this study were
0.89 (95%CI: 0.82-0.93) and 0.82 (95%CI: 0.77-0.86), respectively.
In several studies investigating Al for cancer diagnosis, researchers
have compared the performance of AI models against radiologists,
providing preliminary insights regarding its potential role. Li et al.
(43) constructed an ultrasound-based deep convolutional neural
network (DCNN) model for diagnosing thyroid cancer. The DCNN
model achieved high accuracy of 89.8%, which surpassed the
radiologists with the accuracy of 78.8%. Similarly, studies by
Wang et al. (44) and He et al. (45) found their respective CNN
models attained accuracy superior to that of comparing radiologists
in specific diagnostic tasks. It is crucial to interpret these findings
with caution; direct comparisons are often conducted in controlled
research settings and may not fully replicate the complexity of
generalized clinical practice. Moreover, the number of such head-
to-head comparison studies in our review is limited, and their
statistical power to support a universal claim of AI “surpassing”
human experts is insufficient. A more nuanced and clinically
relevant perspective is to examine how AI can augment
radiologists’ performance. Consistent with the notion of
augmentation, evidence from our reviewed studies highlights AT’s
potential to complement and enhance clinical decision-making.
Zhang et al. (19) demonstrated that while a deep learning model
(DLM) had slightly lower sensitivity than the BI-RADS assessment
by radiologists, its significantly higher specificity and accuracy
suggested it could aid in reducing unnecessary biopsies by
mitigating false-positive calls. Their analysis provided empirical
support for this potential: the DLM correctly reclassified 70.76% of
patients assessed as BI-RADS 4a (low suspicion for malignancy) by
radiologists as benign, achieving a diagnostic accuracy of 92.86% in
this subgroup and suggesting a potential reduction in unnecessary
biopsies by 67.86%, with a false negative rate of 10.4%. However,
while such findings from individual studies are promising, a
comprehensive assessment of clinical utility and the net benefit of
implementing Al-assisted biopsy triage requires formal decision-
analytic frameworks, such as Decision Curve Analysis (DCA). More
directly, Ma et al. (16) evaluated a decision tree (DT) model as an
assistive tool. Their results showed that when radiologists were
assisted by the DT model, their diagnostic sensitivity, specificity,
and accuracy all improved. Notably, the performance gain was
more pronounced for junior radiologists (increases of 0.090, 0.125,
and 0.114, respectively) than for senior radiologists (increases of
0.060, 0.090, and 0.083). Therefore, based on the current evidence, a
more measured conclusion is that AI models show promise as
effective tools to augment radiologists’ diagnostic capabilities, rather
than to universally “surpass” them. The integrated analysis of
radiologist expertise and AI can potentially improve diagnostic
outcomes by leveraging the strengths of both: AD's consistency in
processing quantitative imaging patterns and the radiologist’s
contextual, clinical judgment (46). Crucially, this synergistic effect
is particularly pronounced in improving the performance of
trainees and junior practitioners, helping bridge the experience
gap and reduce diagnostic variability. Future research should
prioritize rigorous prospective studies that directly evaluate AT’s
impact on clinical workflows and patient outcomes in real-world
settings, moving beyond simple accuracy comparisons. Reports
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should include clinical utility metrics such as decision curve
analysis, threshold probability, and net benefit.

Beyond ultrasound, mammography and magnetic resonance
imaging (MRI) are pivotal modalities in breast cancer management,
each with distinct strengths and limitations. Mammography is the
cornerstone of population-based screening but has reduced
sensitivity in dense breasts. MRI offers superior soft-tissue
contrast and spatial resolution but is costly and less accessible. In
contrast, ultrasound provides a real-time, radiation-free, and cost-
effective alternative, particularly valuable for evaluating dense breast
tissue and guiding interventions. However, ultrasound is operator-
dependent, exhibits inter-observer variability, and has limited
sensitivity for microcalcifications. Adding ultrasound testing after
mammography can greatly increase the detection rate of breast
cancer in women with dense breast and increased risk of cancer
(47). In recent years, the integration of multi-modal data represents
a frontier for enhancing diagnostic precision. Each imaging
modality captures unique and complementary aspects of tumor
biology—mammography detects microcalcifications, ultrasound
reveals morphological and hemodynamic features and clinical
parameters further enrich the diagnostic context. Combining
these complementary data sources allows Al models to construct
a more holistic tumor profile. Among the studies included in our
meta-analysis, nine adopted such a multimodal approach,
integrating different modalities such as ultrasound and
mammography, clinical features, or contrast-enhanced
ultrasound. Gong et al. (28) constructed a predictive model
combining conventional ultrasound and contrast-enhanced
ultrasound radiomics. Compared to the conventional ultrasound
and single contrast-enhanced ultrasound models, the combined
radiomics model achieved an AUC of 0.953 (95% CI: 0.935, 0.967)
in this study. It has been demonstrated that contrast-enhanced
ultrasound with tumor blood perfusion can further improve the
diagnostic performance of ultrasound radiomics models. These
findings reveal the key: future high-performance AI systems will
no longer rely on a single data stream, but will be based on the
intelligent fusion of multimodal information. This approach echoes
the clinical decision-making process of radiologists, which involves
integrating multiple sources of information. The great challenges
faced by multimodal AT include constructing large-scale, accurately
registered datasets, developing robust fusion architectures (such as
attention mechanisms), and demonstrating its clinical added value
through rigorous validation (48). Future research should prioritize
the development of standardized multimodal data acquisition and
interpretable fusion strategies to fully unlock the potential of
integrated diagnosis in personalized breast cancer diagnosis
and treatment.

In recent years, the field of breast cancer artificial intelligence
has witnessed a series of state-of-the-art (SOTA) achievements in
architecture and training strategies (49-51). Chaotic Learning Rate
Scheduling (CLRS) achieved 93.91% accuracy on the BUSI
ultrasound dataset using the EfficientNetV2-Small model by
replacing traditional cosine annealing with chaotic dynamics via
logical mapping, demonstrating that optimizing training dynamics
yields significant improvements. Further demonstrated through
LayerCAM visualization, CLRS enhances lesion-focused attention
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through its optimized training strategy. InceptionNeXt-
Transformer innovatively fuses convolutional neural networks
with visual transformers through a four-stage decoupled design,
achieving high-precision generalization across seven datasets
encompassing histopathology, mammography, and ultrasound
(100% accuracy for histopathology binary classification, 99.97%
for mammography, 92.86% accuracy for ultrasound),
demonstrating the synergistic potential of multi-scale modeling
and cross-modal attention; A systematic comparative study
encompassing nearly 30 CNN and ViT models further reveals
significant modality dependence—CNN-based architectures like
EfficientNetV2-Small excel in ultrasound (90.52% accuracy), while
multi-scale ViT (MViTv2-Base) and lightweight CNNs perform
best in pathology (91.67% accuracy). Outperformed in ultrasound
diagnosis (90.52% accuracy), while multi-scale ViT (MViTv2-Base)
and lightweight CNNs achieved the best results in histopathology
diagnosis (91.67% accuracy). In contrast to these high-performance
SOTA reports, the effects observed in this meta-analysis generally
fell below the peak values reported in SOTA studies. This
performance gap can be attributed to multiple factors: (a) Most
included studies employed classical CNN architectures with simple
feature concatenation, lacking advanced fusion strategies such as
cross-modal attention or decoupled multi-scale modeling; (b)
Training hyperparameters (e.g., learning rate scheduling) were
rarely optimized, preventing models from reaching their full
potential. Future research urgently requires direct comparisons of
cutting-edge architectures in large multicenter cohorts, alongside
standardized reporting guidelines covering architecture design,
training strategies, and interpretability assessments. These
initiatives are crucial for bridging the gap between laboratory-
level performance and real-world efficacy.

It is worth noting that this diagnostic meta-analysis also has
limitations. Firstly, we only included published articles, unpublished
research or grey literature was not incorporated. Although we have
chosen a large search scope and implemented multiple screening
measures in our literature search, potential publication bias may still
exist. This may lead to an overestimation of the effect size and
potentially yield false-positive conclusions, thereby compromising the
accuracy of the findings. Even though mainstream databases such as
PubMed, Embase, Web of Science, and the Cochrane Library cover the
majority of high-quality research worldwide, this selection may still
introduce language bias. Consequently, our analysis may not
encompass all relevant evidence, potentially affecting the
comprehensiveness and generalizability of results (e.g., pooled
diagnostic performance metrics). Future systematic reviews should
consider collaborating with researchers proficient in relevant
languages or employing broader search strategies to minimize such
bias as much as possible. Secondly, the predominance of retrospective
study designs among the included literature, while common in initial
exploratory phases of Al research, may limit the direct assessment of
real-world clinical performance and generalizability. The strength of
our conclusions would be enhanced by future prospective, multi-center
trials that minimize selection bias and more closely mimic routine
clinical workflow. Finally, only a minority of included studies (5/16)
reported external validation results, limiting the generalizability of this
study’ conclusions to unseen data. Although our subgroup analysis did
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not reveal statistically significant differences in diagnostic accuracy
between internal and external validation studies (p=0.463), high
heterogeneity and wide confidence intervals within the external
validation subgroup indicate that the existing evidence remains
unstable. Models validated internally carry risks associated with
overfitting and optimistic bias, and significant variability may exist
across different external validation cohorts. Therefore, we recommend
prioritizing high-quality external validation studies to rigorously assess
the model” generalizability in real-world clinical settings.

5 Conclusion

In summary, our findings provide robust evidence supporting
the value and potential of integrating ultrasound imaging with Al
algorithms for predicting breast cancer molecular subtypes. This
non-invasive approach may serve as a valuable supplement to core
needle biopsy, reducing patient discomfort and procedural risks. As
an auxiliary tool characterized by considerable potential, it could
assist clinicians in developing more personalized and effective
treatment strategies for patients, thereby improving their
prognosis. However, the findings should be interpreted with
caution due to the limited number of studies, significant
heterogeneity, predominance of retrospective designs, and
variability in imaging and AI methodologies. Further large-scale,
prospective, multicenter studies with standardized imaging
protocols and rigorous external validation are required to confirm
the robustness and generalizability of current evidence.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material. Further inquiries can be
directed to the corresponding authors.

Author contributions

Y-HC: Writing - review & editing, Writing - original draft. JD:
Writing - review & editing. ZW: Writing - review & editing.
HZ: Writing - review & editing. MC: Writing - review & editing.
TM: Writing - review & editing.

References

1. Harbeck N, Penault-Llorca F, Cortes J, Gnant M, Houssami N, Poortmans P, et al.
Breast cancer. Nat Rev Dis Primers. (2019) 5:66. doi: 10.1038/s41572-019-0111-2

2. Bray F, Laversanne M, Sung H, Ferlay J, Siegel RL, Soerjomataram I, et al. Global
cancer statistics 2022: GLOBOCAN estimates of incidence and mortality worldwide for
36 cancers in 185 countries. CA A Cancer J Clin. (2024) 74:229-63. doi: 10.3322/
caac.21834

3. Goldhirsch A, Winer EP, Coates AS, Gelber RD, Piccart-Gebhart M, Thiirlimann B,
et al. Personalizing the treatment of women with early breast cancer: highlights of the St

Frontiers in Oncology

13

10.3389/fonc.2026.1748473

Funding

The author(s) declared that financial support was received for
this work and/or its publication. This work was supported by the
National Natural Science Foundation of China (grant numbers:
82460353) and the Bingtuan Science and Technology Program
(grant numbers: 2024ZD056).

Conflict of interest

The author(s) declared that this work was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declared that generative Al was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure
accuracy, including review by the authors wherever possible. If
you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2026.1748473/
full#supplementary-material

Gallen International Expert Consensus on the Primary Therapy of Early Breast Cancer
2013. Ann Oncol. (2013) 24:2206-23. doi: 10.1093/annonc/mdt303

4. Ignatiadis M, Sotiriou C. Luminal breast cancer: from biology to treatment. Nat Rev
Clin Oncol. (2013) 10:494-506. doi: 10.1038/nrclinonc.2013.124

5. Rastogi P, Anderson SJ, Bear HD, Geyer CE, Kahlenberg MS, Robidoux A, et al.
Preoperative chemotherapy: updates of national surgical adjuvant breast and bowel
project protocols B-18 and B-27. JCO. (2008) 26:778-85. doi: 10.1200/
JCO.2007.15.0235

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2026.1748473/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2026.1748473/full#supplementary-material
https://doi.org/10.1038/s41572-019-0111-2
https://doi.org/10.3322/caac.21834
https://doi.org/10.3322/caac.21834
https://doi.org/10.1093/annonc/mdt303
https://doi.org/10.1038/nrclinonc.2013.124
https://doi.org/10.1200/JCO.2007.15.0235
https://doi.org/10.1200/JCO.2007.15.0235
https://doi.org/10.3389/fonc.2026.1748473
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Cheng et al.

6. Yeo SK, Guan JL. Breast cancer: multiple subtypes within a tumor? Trends Cancer.
(2017) 3:753-60. doi: 10.1016/j.trecan.2017.09.001

7. Yang L, Wang S, Zhang L, Sheng C, Song F, Wang P, et al. Performance of
ultrasonography screening for breast cancer: a systematic review and meta-analysis.
BMC Cancer. (2020) 20:499. doi: 10.1186/s12885-020-06992-1

8. Taneja S, Evans AJ, Rakha EA, Green AR, Ball G, Ellis I0. The mammographic
correlations of a new immunohistochemical classification of invasive breast cancer.
Clin Radiology. (2008) 63:1228-35. doi: 10.1016/j.crad.2008.06.006

9. Rashmi S, Kamala S, Murthy SS, Kotha S, Rao YS, Chaudhary KV. Predicting the
molecular subtype of breast cancer based on mammography and ultrasound findings.
Indian ] Radiol Imaging. (2018) 28:354-61. doi: 10.4103/ijri.IJRI_78_18

10. Ko ES, Lee BH, Kim HA, Noh WC, Kim MS, Lee SA. Triple-negative breast cancer:
correlation between imaging and pathological findings. Eur Radiol. (2010) 20:1111-7.
doi: 10.1007/s00330-009-1656-3

11. Wojcinski S, Soliman AA, Schmidt J, Makowski L, Degenhardt F, Hillemanns P.
Sonographic features of triple-negative and non-triple-negative breast cancer. J
Ultrasound Med. (2012) 31:1531-41. doi: 10.7863/jum.2012.31.10.1531

12. Shen YT, Chen L, Yue WW, Xu HX. Artificial intelligence in ultrasound. Eur J
Radiology. (2021) 139:109717. doi: 10.1016/j.ejrad.2021.109717

13. Fruchtman Brot H, Mango VL. Artificial intelligence in breast ultrasound: application in
clinical practice. Ultrasonography. (2024) 43:3-14. doi: 10.14366/usg.23116

14. Brunetti N, Calabrese M, Martinoli C, Tagliafico AS. Artificial intelligence in breast
ultrasound: from diagnosis to prognosis—A rapid review. Diagnostics. (2022) 13:58.
doi: 10.3390/diagnostics13010058

15. Whiting PF. QUADAS-2: A revised tool for the quality assessment of diagnostic
accuracy studies. Ann Intern Med. (2011) 155:529. doi: 10.7326/0003-4819-155-8-
201110180-00009

16. Ma M, Liu R, Wen C, Xu W, Xu Z, Wang S, et al. Predicting the molecular subtype
of breast cancer and identifying interpretable imaging features using machine learning
algorithms. Eur Radiol. (2022) 32:1652-62. doi: 10.1007/s00330-021-08271-4

17. Zhang T, Tan T, Han L, Appelman L, Veltman J, Wessels R, et al. Predicting breast
cancer types on and beyond molecular level in a multi-modal fashion. NPJ Breast
Cancer. (2023) 9:16. doi: 10.1038/s41523-023-00517-2

18. Jiang M, Zhang D, Tang SC, Luo XM, Chuan ZR, Lv WZ, et al. Deep learning with
convolutional neural network in the assessment of breast cancer molecular subtypes
based on US images: a multicenter retrospective study. Eur Radiol. (2021) 31:3673-82.
doi: 10.1007/s00330-020-07544-8

19. Zhang X, Li H, Wang C, Cheng W, Zhu Y, Li D, et al. Evaluating the accuracy of
breast cancer and molecular subtype diagnosis by ultrasound image deep learning
model. Front Oncol. (2021) 11:623506. doi: 10.3389/fonc.2021.623506

20. HuangY, Yao Z, Li L, Mao R, Huang W, Hu Z, et al. Deep learning radiopathomics
based on preoperative US images and biopsy whole slide images can distinguish
between luminal and non-luminal tumors in early-stage breast cancers. eBioMedicine.
(2023) 94:104706. doi: 10.1016/j.ebiom.2023.104706

21. Ferre R, Elst ], Senthilnathan S, Lagree A, Tabbarah S, Lu FI, et al. Machine learning
analysis of breast ultrasound to classify triple negative and HER2+ breast cancer
subtypes. BD. (2023) 42:59-66. doi: 10.3233/BD-220018

22. Boulenger A, Luo Y, Zhang C, Zhao C, Gao Y, Xiao M, et al. Deep learning-based
system for automatic prediction of triple-negative breast cancer from ultrasound
images. Med Biol Eng Comput. (2023) 61:567-78. doi: 10.1007/s11517-022-02728-4

23. Ye H, Hang J, Zhang M, Chen X, Ye X, Chen J, et al. Automatic identification of
triple negative breast cancer in ultrasonography using a deep convolutional neural
network. Sci Rep. (2021) 11:20474. doi: 10.1038/s41598-021-00018-x

24. Wu T, Sultan LR, Tian J, Cary TW, Sehgal CM. Machine learning for diagnostic
ultrasound of triple-negative breast cancer. Breast Cancer Res Treat. (2019) 173:365-73.
doi: 10.1007/s10549-018-4984-7

25. Zhou BY, Wang LF, Yin HH, Wu TF, Ren TT, Peng C, et al. Decoding the
molecular subtypes of breast cancer seen on multimodal ultrasound images using an
assembled convolutional neural network model: A prospective and multicentre study.
EBioMedicine. (2021) 74:103684. doi: 10.1016/j.ebiom.2021.103684

26. Xu R, You T, Liu C, Lin Q, Guo Q, Zhong G, et al. Ultrasound-based radiomics
model for predicting molecular biomarkers in breast cancer. Front Oncol. (2023)
13:1216446. doi: 10.3389/fonc.2023.1216446

27. WuJ, Ge L, Jin Y, Wang Y, Hu L, Xu D, et al. Development and validation of an
ultrasound-based radiomics nomogram for predicting the luminal from non-luminal
type in patients with breast carcinoma. Front Oncol. (2022) 12:993466. doi: 10.3389/
fonc.2022.993466

28. Gong X, Li Q, Gu L, Chen C, Liu X, Zhang X, et al. Conventional ultrasound and
contrast-enhanced ultrasound radiomics in breast cancer and molecular subtype
diagnosis. Front Oncol. (2023) 13:1158736. doi: 10.3389/fonc.2023.1158736

29. Wang M, Mo S, Li G, Zheng J, Wu H, Tian H, et al. Deep learning and radiomics
integration of photoacoustic/ultrasound imaging for non-invasive prediction of

Frontiers in Oncology

10.3389/fonc.2026.1748473

luminal and non-luminal breast cancer subtypes. Breast Cancer Res. (2025) 27:161.
doi: 10.1186/s13058-025-02113-7

30. Liu W, Wang D, Liu L, Zhou Z. Assessing the influence of B-US, CDFI, SE, and
patient age on predicting molecular subtypes in breast lesions using deep learning
algorithms. J Ultrasound Med. (2024) 43:1375-88. doi: 10.1002/jum.16460

31. Zhang H, Wang L, Lin Y, Ha X, Huang C, Han C. Classification of molecular
subtypes of breast cancer using radiomic features of preoperative ultrasound images. J
Digit Imaging Inform Med. (2025) 38:2865-77. doi: 10.1007/s10278-025-01388-8

32. Wiechmann L, Sampson M, Stempel M, Jacks LM, Patil SM, King T, et al.
Presenting features of breast cancer differ by molecular subtype. Ann Surg Oncol.
(2009) 16:2705-10. doi: 10.1245/s10434-009-0606-2

33. Smid M, Wang Y, Zhang Y, Sieuwerts AM, Yu ], Klijn JGM, et al. Subtypes of breast
cancer show preferential site of relapse. Cancer Res. (2008) 68:3108-14. doi: 10.1158/
0008-5472.CAN-07-5644

34. Chen XS, Wu JY, Huang O, Chen CM, Wu J, Lu JS, et al. Molecular subtype can
predict the response and outcome of Chinese locally advanced breast cancer patients
treated with preoperative therapy. Oncol Rep. (2010) 23(5):1213-20. doi: 10.3892/
or_00000752

35. Kyndi M, Serensen FB, Knudsen H, Overgaard M, Nielsen HM, Overgaard J.
Estrogen receptor, progesterone receptor, HER-2, and response to postmastectomy
radiotherapy in high-risk breast cancer: the danish breast cancer cooperative group.
JCO. (2008) 26:1419-26. doi: 10.1200/JCO.2007.14.5565

36. Tarantino P, Hamilton E, Tolaney SM, Cortes J, Morganti S, Ferraro E, et al. HER2-
low breast cancer: pathological and clinical landscape. JCO. (2020) 38:1951-62.
doi: 10.1200/JC0O.19.02488

37. Schettini F, Chic N, Braso-Maristany F, Paré L, Pascual T, Conte B, et al. Clinical,
pathological, and PAM50 gene expression features of HER2-low breast cancer. NPJ
Breast Cancer. (2021) 7:1. doi: 10.1038/s41523-020-00208-2

38. Modi S, Jacot W, Yamashita T, Sohn J, Vidal M, Tokunaga E, et al. Trastuzumab
deruxtecan in previously treated HER2-low advanced breast cancer. N Engl ] Med.
(2022) 387:9-20. doi: 10.1056/NEJM0a2203690

39. Lambin P, Leijenaar RTH, Deist TM, Peerlings J, De Jong EEC, Van Timmeren J,
et al. Radiomics: the bridge between medical imaging and personalized medicine. Nat
Rev Clin Oncol. (2017) 14:749-62. doi: 10.1038/nrclinonc.2017.141

40. Gichoya JW, Banerjee I, Bhimireddy AR, Burns JL, Celi LA, Chen LC, et al. Al
recognition of patient race in medical imaging: a modelling study. Lancet Digital
Health. (2022) 4:¢406-14. doi: 10.1016/S2589-7500(22)00063-2

41. Ghassemi M, Oakden-Rayner L, Beam AL. The false hope of current approaches to
explainable artificial intelligence in health care. Lancet Digital Health. (2021) 3:e745-
50. doi: 10.1016/S2589-7500(21)00208-9

42. Karim MR, Islam T, Shajalal M, Beyan O, Lange C, Cochez M, et al. Explainable AT
for bioinformatics: methods, tools and applications. Briefings Bioinf. (2023) 24:
bbad236. doi: 10.1093/bib/bbad236

43. Li X, Zhang S, Zhang Q, Wei X, Pan Y, Zhao J, et al. Diagnosis of thyroid cancer
using deep convolutional neural network models applied to sonographic images: a
retrospective, multicohort, diagnostic study. Lancet Oncol. (2019) 20:193-201.
doi: 10.1016/S1470-2045(18)30762-9

44. Wang S, Wang R, Zhang S, Li R, Fu Y, Sun X, et al. 3D convolutional neural
network for differentiating pre-invasive lesions from invasive adenocarcinomas
appearing as ground-glass nodules with diameters <3 cm using HRCT. Quant
Imaging Med Surg. (2018) 8:491-9. doi: 10.21037/qims.2018.06.03

45. He Y, Guo J, Ding X, Van Ooijen PMA, Zhang Y, Chen A, et al. Convolutional
neural network to predict the local recurrence of giant cell tumor of bone after curettage
based on pre-surgery magnetic resonance images. Eur Radiol. (2019) 29:5441-51.
doi: 10.1007/s00330-019-06082-2

46. Pesapane F, Codari M, Sardanelli F. Artificial intelligence in medical imaging:
threat or opportunity? Radiologists again at the forefront of innovation in medicine.
Eur Radiol Exp. (2018) 2:35. doi: 10.1186/s41747-018-0061-6

47. Thigpen D, Kappler A, Brem R. The role of ultrasound in screening dense breasts—
A review of the literature and practical solutions for implementation. Diagnostics.
(2018) 8:20. doi: 10.3390/diagnostics8010020

48. Hosny A, Parmar C, Quackenbush ], Schwartz LH, Aerts HJWL. Artificial
intelligence in radiology. Nat Rev Cancer. (2018) 18:500-10. doi: 10.1038/s41568-
018-0016-5

49. Pacal L. Chaotic learning rate scheduling for improved CNN-based breast cancer
ultrasound classification. CHTA. (2025) 7:297-306. doi: 10.51537/chaos.1807694

50. Yilmaz MT, Algul E, Pacal I. A comparative study of advanced deep learning
architectures for breast cancer classification on ultrasound and histological images.
Results Engineering. (2025) 28:107600. doi: 10.1016/j.rineng.2025.107600

51. Pacal I, Attallah O. InceptionNeXt-Transformer: A novel multi-scale deep feature
learning architecture for multimodal breast cancer diagnosis. Biomed Signal Process
Control. (2025) 110:108116. doi: 10.1016/j.bspc.2025.108116

frontiersin.org


https://doi.org/10.1016/j.trecan.2017.09.001
https://doi.org/10.1186/s12885-020-06992-1
https://doi.org/10.1016/j.crad.2008.06.006
https://doi.org/10.4103/ijri.IJRI_78_18
https://doi.org/10.1007/s00330-009-1656-3
https://doi.org/10.7863/jum.2012.31.10.1531
https://doi.org/10.1016/j.ejrad.2021.109717
https://doi.org/10.14366/usg.23116
https://doi.org/10.3390/diagnostics13010058
https://doi.org/10.7326/0003-4819-155-8-201110180-00009
https://doi.org/10.7326/0003-4819-155-8-201110180-00009
https://doi.org/10.1007/s00330-021-08271-4
https://doi.org/10.1038/s41523-023-00517-2
https://doi.org/10.1007/s00330-020-07544-8
https://doi.org/10.3389/fonc.2021.623506
https://doi.org/10.1016/j.ebiom.2023.104706
https://doi.org/10.3233/BD-220018
https://doi.org/10.1007/s11517-022-02728-4
https://doi.org/10.1038/s41598-021-00018-x
https://doi.org/10.1007/s10549-018-4984-7
https://doi.org/10.1016/j.ebiom.2021.103684
https://doi.org/10.3389/fonc.2023.1216446
https://doi.org/10.3389/fonc.2022.993466
https://doi.org/10.3389/fonc.2022.993466
https://doi.org/10.3389/fonc.2023.1158736
https://doi.org/10.1186/s13058-025-02113-7
https://doi.org/10.1002/jum.16460
https://doi.org/10.1007/s10278-025-01388-8
https://doi.org/10.1245/s10434-009-0606-2
https://doi.org/10.1158/0008-5472.CAN-07-5644
https://doi.org/10.1158/0008-5472.CAN-07-5644
https://doi.org/10.3892/or_00000752
https://doi.org/10.3892/or_00000752
https://doi.org/10.1200/JCO.2007.14.5565
https://doi.org/10.1200/JCO.19.02488
https://doi.org/10.1038/s41523-020-00208-2
https://doi.org/10.1056/NEJMoa2203690
https://doi.org/10.1038/nrclinonc.2017.141
https://doi.org/10.1016/S2589-7500(22)00063-2
https://doi.org/10.1016/S2589-7500(21)00208-9
https://doi.org/10.1093/bib/bbad236
https://doi.org/10.1016/S1470-2045(18)30762-9
https://doi.org/10.21037/qims.2018.06.03
https://doi.org/10.1007/s00330-019-06082-2
https://doi.org/10.1186/s41747-018-0061-6
https://doi.org/10.3390/diagnostics8010020
https://doi.org/10.1038/s41568-018-0016-5
https://doi.org/10.1038/s41568-018-0016-5
https://doi.org/10.51537/chaos.1807694
https://doi.org/10.1016/j.rineng.2025.107600
https://doi.org/10.1016/j.bspc.2025.108116
https://doi.org/10.3389/fonc.2026.1748473
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	The value of artificial intelligence in ultrasound imaging for predicting molecular subtypes of breast cancer: a meta-analysis
	1 Introduction
	2 Materials and methods
	2.1 Search strategy and literature selection
	2.2 Data extraction and quality assessment
	2.3 Statistical analysis

	3 Results
	3.1 Literature searches
	3.2 Characteristics of studies
	3.3 Data quality assessment
	3.4 Data analysis
	3.5 Fagan plot analysis and publication bias

	4 Discussion
	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


