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96822, USA
bUniversity of Hawaiʻi Cancer Center, 701 Ilalo St, Honolulu, HI, 96813, USA
cThe Queen’s Medical Center, 1301 Punchbowl Street, Honolulu, HI, 96813, USA
dHawaiʻi Pacific Health, 55 Merchant St., Honolulu, HI, 96813, USA
eHawaiʻi Diagnostic Radiology Services (St. Francis), 2230 Liliha Street, Suite 106, Honolulu, HI, 96817, USA

Summary
Background Breast density, as derived from mammographic images and defined by the Breast Imaging Reporting &
Data System (BI-RADS), is one of the strongest risk factors for breast cancer. Breast ultrasound is an alternative
breast cancer screening modality, particularly useful in low-resource, rural contexts. To date, breast ultrasound has
not been used to inform risk models that need breast density. The purpose of this study is to explore the use of
artificial intelligence (AI) to predict BI-RADS breast density category from clinical breast ultrasound imaging.

Methods We compared deep learning methods for predicting breast density directly from breast ultrasound imaging,
as well as machine learning models from breast ultrasound image gray-level histograms alone. The use of AI-derived
breast ultrasound breast density as a breast cancer risk factor was compared to clinical BI-RADS breast density.
Retrospective (2009–2022) breast ultrasound data were split by individual into 70/20/10% groups for training,
validation, and held-out testing for reporting results.

Findings 405,120 clinical breast ultrasound images from 14,066 women (mean age 53 years, range 18–99 years) with
clinical breast ultrasound exams were retrospectively selected for inclusion from three institutions: 10,393 training
(302,574 images), 2593 validation (69,842), and 1074 testing (28,616). The AI model achieves AUROC 0.854 in breast
density classification and statistically significantly outperforms all image statistic-based methods. In an existing
clinical 5-year breast cancer risk model, breast ultrasound AI and clinical breast density predict 5-year breast
cancer risk with 0.606 and 0.599 AUROC (DeLong’s test p-value: 0.67), respectively.

Interpretation BI-RADS breast density can be estimated from breast ultrasound imaging with high accuracy. The AI
model provided superior estimates to other machine learning approaches. Furthermore, we demonstrate that age-
adjusted, AI-derived breast ultrasound breast density provides similar predictive power to mammographic breast
density in our population. Estimated breast density from ultrasound may be useful in performing breast cancer
risk assessment in areas where mammography may not be available.
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Research in context

Evidence before this study
Age-adjusted mammographic breast density is one of the
strongest risk factors for breast cancer and several artificial
intelligence (AI) approaches exist for automatic breast density
estimation from digital mammography imaging. We reviewed
the available evidence on breast density estimation from
breast imaging by performing a literature search in PubMed
and Google Scholar (2010–2024) using the following terms:
“breast” AND “density” AND (“ai” or “artificial intelligence”
OR “convolutional” OR “deep learning” OR “machine learning”
OR “network”). While numerous existing studies explore the
use of deep learning for estimation of breast density from
other breast imaging modalities, we did not find any studies
using deep learning for estimation of breast density from
clinical breast ultrasound imaging. When using breast
ultrasound for primary screening, such as in low-resource
medical contexts, breast density is not available clinically, or
using deep learning approaches. Lack of mammographic
breast density limits the breast cancer risk evaluation which
can be done. Prior work has shown that breast density can be
estimated from modalities other than mammography, with
varying levels of success. In ultrasound, speed-of-sound using
specialized hardware or methods using automated/3D

ultrasound (ABUS) have been the most successful. These
methods have limited applicability in low-resource contexts
(for ABUS) or require specialized hardware (speed of sound).

Added value of this study
Our study proposes an AI method for estimation of BI-RADS
mammographic breast density category from handheld breast
ultrasound imaging and demonstrates the efficacy of breast
density estimation from ultrasound in one existing 5-year
breast cancer risk model. This method could be used to
provide more complete breast cancer risk evaluation in rural
and low-resource areas where mammography is not available,
or in any context where women are primarily being screened
with breast ultrasound.

Implications of all the available evidence
Breast ultrasound imaging contains information about
mammographic breast density. Our study shows that BI-RADS
mammographic breast density can be accurately estimated
from clinical breast ultrasound data using artificial
intelligence. Estimated breast density may be useful in
performing breast cancer risk assessment in rural and low-
resource areas, where mammography may not be available.
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Introduction
Other than age and sex, mammographic breast density is
one of the strongest risk factors for breast cancer. Breast
density has been extensively studied over the past 30
years and is included in many breast cancer risk
models.1–3 A recent meta-analysis showed that having
extremely dense breasts increased lifetime breast cancer
risk by 2.11 times over women with scattered dense
breast tissue (Breast Imaging Reporting & Data System;
BI-RADS density B), even when adjusted for body mass
index (BMI) and age.4 High breast density lowers the
sensitivity of mammography leading to a federal mandate
to report breast density to all women undergoing
screening mammography.5 Thus, many women have
direct knowledge of their breast density and can apply it
to readily available risk models. Women at high risk of
developing breast cancer have multiple options for
lowering their risk including lifestyle choices,6 and
chemoprevention.7–9 Women at high risk may also elect
to participate in supplemental screening with magnetic
resonance imaging or contrast-enhanced mammography
in high-resource settings.10,11 However, there are many
parts of the world that are either too resource-limited or
too remote to have access to screening mammography
programs. Without mammography, clinical breast den-
sity has not been available for comprehensive breast
cancer risk assessment. Estimation of breast density has
been explored through other modalities, including ultra-
sound tomosynthesis,12–14 microwave breast imaging,15
dual X-ray absorptiometry,16,17 optical spectroscopy,17 and
bioimpedance.18,19 However, unlike clinical breast ultra-
sound, these methods either do not provide cancer
detection capabilities in addition to density assessment,
are too expensive for practical use in resource-limited
areas, or are stationary, making them unsuitable for
use in remote locations.

Breast ultrasound is a sensitive method for detecting
breast cancer and is broadly used around the world as
primary screening in lower resource settings,20–22 sec-
ondary screening for women with dense breast tissue,23–25

and follow-up imaging.26,27 However, mammography is
preferred, when available, due to its lower false-positive
rate,28 early detection capabilities, and imaging consis-
tency. Ideally, breast density would be available from
accessible breast imaging technologies, like breast ultra-
sound, with a calibration equivalent to mammographic
density.

Image contrast in B-mode breast ultrasound is based
on the boundaries where density changes. A change in
brightness on the beamformed image corresponds to a
change in acoustic impedance in the examined tissue,
which implies a change in density. See Fig. 1 for ex-
amples of matched breast ultrasound and mammog-
raphy images at different mammographic densities.
These boundary features have been investigated in the
past to derive density-like measures. Jud et al.29 used
linear regression from the gray-level values of breast
ultrasound imaging normalized into 16 bins to predict
www.thelancet.com Vol 46 June, 2025
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Fig. 1: Example clinical breast ultrasound (left) and right mediolateral oblique digital 2D mammography (right) images, selected from the dataset
included in this work. Image sets are labeled with their BI-RADS breast density category. Images have been cropped for ease of display.
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percent mammographic density. Their model was able
to estimate percent mammographic density with an
accuracy of R2 = 0.67 but suffered from calibration is-
sues in external datasets.30

In the past decade, there has been a revolution in
machine learning and convolutional neural deep learning
networks with substantial literature on predicting
mammographic breast density from mammograms using
artificial intelligence (AI)31–33 and deriving breast cancer
risk from mammograms directly.34–37 The purpose of this
study is to explore the use of AI to estimate breast density
from breast ultrasound images. We further explore the
use of our AI-derived breast ultrasound breast density in
place of mammographic density in an existing breast
cancer risk model.1 Our hypothesis is that AI-derived
breast ultrasound breast density is highly associated to
mammographic density and is similar to mammographic
density in its value in breast cancer risk assessment.

Methods
Study sample
This study follows a cohort design. All women included
in this study participated in either screening or diag-
nostic breast ultrasound imaging at one of the three
clinical sites in the Hawaiʻi and Pacific Islands
Mammography Registry (HIPIMR; see Supplementary
Methods) from 2009 to 2022. Women were identified
by the patient’s legal sex in their clinical site’s electronic
medical record. The HIPIMR prospectively collects
breast imaging, demographics, and clinical risk factors.
Race/ethnicity data were not retrieved due to data
incompleteness for some clinical sites. Women were
retrospectively selected for inclusion if they met all the
following criteria: (a) had at least one negative screening
2-dimensional mammography visit (not tomosynthesis);
(b) had a negative, benign, or probably benign breast
ultrasound visit within one year of their mammograms;
(c) had a clinical BI-RADS breast density from their
examining radiologist; (d) had the standard four views
captured at their screening mammogram; and (e) had
no history of breast cancer prior to screening mammo-
gram (See Supplementary Methods for complete inclu-
sion/exclusion criteria). From these, cases were defined
as women diagnosed with invasive breast cancer at least
6 months and no more than 5 years from their extracted
breast ultrasound exam. Non-cases were selected from
women who did not develop cancer following their
screening examination, matched to cases at a 5:1 non-
case:case ratio on year of screening mammography.
These cases and non-cases comprise the testing set. All
other women meeting the inclusion criteria comprise
the development dataset. See Fig. 2 for the complete
data flow diagram.

Imaging data preparation
Clinical breast ultrasound data are highly noisy data,
with many artifacts such as Color Doppler blood flow
highlighting, sonographer text annotations, and lesion
caliper markers which can interfere with AI model
learning. We implement a cleaning pipeline developed
in-house called BUSClean38 to remove these artifacts
and standardize breast ultrasound images converted
from DICOM to PNG.

Data splitting
The development dataset was randomly split by woman,
stratified by clinical BI-RADS breast density category,
with 80% assigned to the training data set and 20%
assigned to the validation split for hyperparameter tun-
ing and early stopping determination. The matched
testing set was reserved for performance evaluation.
Each woman and her images are only present in a single
data split. We duplicated the validation dataset to create
curated and uncurated validation sets. In brief, the
curated validation set has extensive preprocessing
applied to remove clinical artifacts, while the uncurated
validation set had only invalid scans removed and scans
with multiple views split. See Supplementary Methods
for details. χ2 tests (α = 0.05) are used to test the simi-
larity of distributions of patient-level categorial variables
(clinical BI-RADS density, menopausal status) across
data splits. Kruskal-Wallis39 tests (α = 0.05) are used to
test the similarity of distributions of continuous patient-
level variables (age at breast ultrasound, age at
mammogram, median gap between mammogram and
breast ultrasound) across data splits.

Deep learning model
Three deep learning models were trained in PyTorch
(1.12.1)40 and Lightning-AI (1.9.4)41 using three distinct
ImageNet-pretrained architectures: DenseNet121,42 ViT-
B/32,43 and ResNet50,44 selected to represent a diverse
range of deep learning architecture designs. Hyper-
parameters for each were optimized over 25 trials using
the TPESampler in Optuna (3.1.0).45 Supplementary
Table S1 displays the search space. The best-
performing model architecture and hyperparameters
on the curated validation set were selected and retrained
for the final model (see Supplementary Methods for
training configuration). Models were trained to predict
clinical BI-RADS breast density.

Image histogram models
Prior work in estimating percentage mammographic
breast density from B-mode breast ultrasound imaging
from Jud et al. makes use of gray-level image histograms
with equally-sized intervals in a linear regression
model.29 We implement a version of their method
adapted for the categorical BI-RADS breast density
measure (see Supplementary Methods). Logistic
regression, random forest, and multi-layer perceptron
(MLP) models were constructed using the gray-level
image histogram intervals as features to predict clin-
ical BI-RADS breast density.
www.thelancet.com Vol 46 June, 2025
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Fig. 2: Flow diagram showing data selection process from the HIPIMR. Cases and controls were selected from the same pool of 15,632 patients
with matched mammograms with density records and BUS exams. 197 cases and 965 controls, matched on mammogram year, were selected
for the testing set. After exclusion of invalid images, 1,074 women remained. The remaining 12,992 eligible women with valid images were
allocated to the development set. Controls were excluded for linkage to the HTR for any behavior if there was record of ductal carcinoma in situ
(even if they did not match for invasive cancer) in the HTR. Dx = diagnosis; MG = mammogram; BUS = breast ultrasound; Excl. = excluded; HTR
= Hawaiʻi Tumor Registry.

Articles

www.thelancet.com Vol 46 June, 2025 5

http://www.thelancet.com


Articles

6

Statistical analysis
Statistical analysis was undertaken in two steps. The
first step demonstrates AI model accuracy in predicting
clinical breast density category from breast ultrasound.
The second step demonstrates utility of predicted breast
ultrasound BI-RADS breast density category in breast
cancer risk modeling. See the Supplementary Methods
for implementation details. To assess AI model perfor-
mance in predicting breast density from breast ultra-
sound, all models are evaluated by their micro-averaged
AUROC over all density categories with 95% confidence
intervals estimated using DeLong’s method46,47 on the
testing set. We use DeLong’s test48 for comparing
AUROC values pairwise between the image histogram
and deep learning models at α = 0.004 to account for
multiple testing (12 total tests). We use micro-averaged
AUROC for increased stability under class imbalance.
We present AUROC on the overall testing set as well by
breast ultrasound machine manufacturer, binned pa-
tient age at breast ultrasound exam, cancer status, and
breast ultrasound exam BI-RADS category. We addi-
tionally compute Kendall’s τ-b,49 a non-parametric sta-
tistic ranging from −1 to 1 used to measure ordinal
agreement, between clinical density and predicted den-
sity from breast ultrasound. As a comparator, we
compute mammographic density using the deep
learning method presented in Wu et al.31 on all included
women from the four standard mammography views
and compute Kendall’s τ-b between these predictions
and clinical density using pre-existing interpretation
guidelines where [−1, 0] represents a lack of agreement;
(0, 0.20] represents poor agreement; (0.20, 0.40] repre-
sents fair agreement; (0.40, 0.60] represents moderate
agreement; (0.60, 0.80] represents good agreement; and
(0.80, 1] represents strong agreement.50 Statistical anal-
ysis was done in Python using the confidence interval,46

scikit-learn (1.2.1),51 and scipy (1.10.0)52 packages.
To demonstrate utility in cancer risk prediction, we use

patient age at breast ultrasound exam and predicted breast
density in the Tyrer-Cuzick breast cancer risk model.1,53

We use DeLong’s test48 for comparing AUROC values
pairwise between clinical density, breast ultrasound AI
density, and Wu et al. AI density from mammograms.31

For comparison of performance in cancer risk predic-
tion, we exclude all non-cases with less than 5 years of
follow-up and all women >80 years old or <40 years old at
breast ultrasound imaging from the testing set.

The funders of the study had no role in the study
design, data collection, data analysis, data interpretation
or writing of the report.
Results
Study sample characteristics
The characteristics of all 14,066 women (15,632 identi-
fied for inclusion from the HIPIMR) included in the
study (mean age at breast ultrasound exam ± standard
deviation, 53 ± 12 years) are described in Table 1. The
median time from first visit in the HIPIMR until diag-
nosis was 5.2 years (interquartile range: 4.3 years).
Controls had a median observation from first visit in the
HIPIMR of 9.5 years (interquartile range: 4.3 years). See
the Supplementary Methods for complete inclusion/
exclusion criteria-specific counts. 405,120 total breast
ultrasound images were included in this study. No
variables were found to be significantly differently
distributed between the data splits on the patient level.

Deep learning model
Based on superior performance in the curated validation
set, DenseNet121 was chosen as the final deep learning
model architecture (see Supplementary Table S1). Per-
formance with confidence interval estimates on the
complete testing set are reported in Table 2. Dense-
Net121 identified patients with clinical BI-RADS breast
density category A with AUROC 0.84, B with AUROC
0.79, C with AUROC 0.72, and D with AUROC 0.88 on
the unseen test set. Additionally, the DenseNet121
identified dense (BI-RADS C & D) from non-dense (BI-
RADS A & B) women with AUROC 0.823 (0.797, 0.848).
Overall micro-averaged AUROC was 0.854 (0.842,
0.866). Fig. 3 displays receiver operating characteristic
curves for the DenseNet121 on the unseen test set,
separated by clinical BI-RADS mammographic density
category. Model performance stratified by patient age,
breast ultrasound machine manufacturer, cancer status,
and breast ultrasound exam diagnostic BI-RADS cate-
gory can be found in Supplementary Table S3.
Supplementary Fig. S1 shows example saliency maps
highlighting the areas of the breast ultrasound scans
which may be of particular importance for the deep
learning model’s predictions on the unseen test set,
computed using integrated gradients.54,55

Image histogram models
Performance results for the baseline random forest and
logistic regression models (see Supplementary Table S3
for model selection and tuning details) are presented in
Table 2. Logistic regression from the gray-level image
histograms identified patients in the held-out testing set
with AUROCs ranging from 0.621 (BI-RADS C) to 0.668
(BI-RADS D). The image histogram random forest
model identified patients in the held-out testing set with
AUROCs ranging from 0.575 (BI-RADS C) to 0.727 (BI-
RADS D). See Table 2.

Two-sided DeLong’s tests48 were performed
(α = 0.004 to account for multiple testing) to compare
AUROC values for each clinical BI-RADS breast density
category (A, B, C, D) between all three models (logistic
regression, random forest, and DenseNet121). Results
are reported in Table 3. DenseNet121 was found to
perform significantly better in breast density classifica-
tion (measured by AUROC) compared to both image
histogram models, across all density categories.
www.thelancet.com Vol 46 June, 2025
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Overall Training set Curated validation seta Testing set p-value

Women, N 14,066 10,393 2593 1074 N/A

Women with benign findings, N (%) – – – 896 (83.4)

Women with malignant findings, N (%) – – – 178 (16.6)

Mean age at US, years (SD) 53.4 (11.9) 53.4 (11.9) 53.3 (12.0) 53.8 (12.1) 0.42

Mean age at MG, years (SD) 53.4 (11.9) 53.4 (11.9) 53.2 (12.0) 53.8 (12.1) 0.42

Mean age at diagnosis, years (SD) – – – 60.4 (11.4) N/A

Women with fatty/A breasts, N (%) 478 (3.4) 344 (3.3) 99 (3.8) 35 (3.3) 0.70

Women with scattered/B breasts, N (%) 5486 (39.0) 4088 (39.3) 987 (38.1) 409 (38.1)

Women with heterogen./C breasts, N (%) 6291 (44.7) 4615 (44.4) 1178 (45.4) 494 (45.9)

Women with dense/D breasts, N (%) 1811 (12.9) 1346 (13.0) 329 (12.7) 136 (12.7)

Menopausal women, N (%) 4365 (31.0) 3210 (30.9) 806 (31.1) 345 (32.1) 0.19

Premenopausal women, N (%) 480 (3.4) 347 (3.3) 83 (3.2) 49 (4.6)

Unknown menopausal status, N (%) 9221 (65.6) 6836 (65.8) 1704 (65.7) 680 (63.3)

Median gap btw. MAM & US, days (IQR) 5.0 (20.0) 5.0 (20.0) 4.0 (19.0) 6.0 (19.8) 0.37

Median gap btw. MAM & Dx, days (IQR) – – – 822.0 (816.8) N/A

Median gap btw. US & Dx, days (IQR) – – – 808.5 (808.5)

Images, N 405,120 302,574 69,842 28,616

Mean no. of images per woman, N (SD) 28.8 (22.9) 29.1 (23.1) 26.9 (21.8) 26.6 (21.9)

Images with benign findings, N (%) – – – 23,901 (83.5)

Images with malignant findings, N (%) – – – 4715 (16.5)

US BI-RADS 1 images, N (%) 58,428 (14.4) 43,163 (14.3) 10,856 (15.5) 4042 (14.1)

US BI-RADS 2 images, N (%) 238,268 (58.8) 177,280 (58.6) 41,313 (59.2) 17,419 (60.9)

US BI-RADS 3 images, N (%) 108,424 (26.8) 82,131 (27.1) 17,673 (25.3) 7155 (25.0)

Images of fatty/A breasts, N (%) 11,525 (2.9) 8416 (2.9) 2223 (3.2) 886 (3.1)

Images of scattered/B breasts, N (%) 151,015 (37.6) 115,394 (38.1) 25,794 (36.9) 9827 (34.3)

Images of heterogeneous/C breasts, N (%) 180,927 (45.1) 135,622 (44.8) 31,941 (45.7) 13,364 (46.7)

Images of dense/D breasts, N (%) 57,565 (14.4) 43,142 (14.2) 9884 (14.2) 4539 (15.9)

Images on PHILIPS System, N (%) 363,308 (89.7) 271,905 (89.9) 64,204 (91.9) 24,687 (86.3)

Images on ATL System, N (%) 25,297 (6.2) 17,877 (5.9) 3723 (5.3) 3208 (11.2)

Images on SIEMENS System, N (%) 12,617 (3.1) 9795 (3.2) 1495 (2.1) 443 (1.5)

Images on TOSHIBA System, N (%) 3763 (0.9) 2862 (0.9) 420 (0.6) 278 (1.0)

Images on GE System, N (%) 126 (0.0) 126 (0.0) 0 (0.0) 0 (0.0)

Images on ALOKA System, N (%) 9 (0.0) 9 (0.0) 0 (0.0) 0 (0.0)

See the supplement for counts of the uncurated validation set. BUS = breast ultrasound; MG = mammogram; Dx = diagnosis; IQR = inter-quartile range; SD = standard
deviation. p-values from tests of homogeneity are shown in the rightmost column. N/A represents a row where a test was not performed. aThe curated validation and
testing sets had the complete preprocessing pipeline applied, while the training and uncurated validation sets had only invalid scans removed and dual-view scans split. The
curated validation set is a proper subset of the uncurated validation set. The uncurated validation set includes 73,930 images from 2599 women. Complete category-specific
counts can be found in the Supplement.

Table 1: Study sample characteristics.

AUROCa (95% C.I.) by clinical BI-RADS breast density category

Overall Fatty/A Scattered/B Heterogen./C Dense/D

DenseNet121

Per-image 0.840 (0.838, 0.842) 0.857 (0.847, 0.867) 0.761 (0.755, 0.766) 0.673 (0.667, 0.679) 0.839 (0.833, 0.846)

Per-patient 0.854 (0.842, 0.866) 0.841 (0.790, 0.891) 0.787 (0.759, 0.815) 0.719 (0.689, 0.749) 0.879 (0.848, 0.910)

Logistic Reg.

Per-image 0.771 (0.768, 0.774) 0.594 (0.574, 0.613) 0.607 (0.601, 0.614) 0.584 (0.577, 0.590) 0.583 (0.574, 0.592)

Per-patient 0.795 (0.781, 0.809) 0.642 (0.552, 0.732) 0.654 (0.620, 0.687) 0.621 (0.588, 0.654) 0.668 (0.619, 0.716)

Random forest

Per-image 0.759 (0.756, 0.762) 0.604 (0.586, 0.623) 0.597 (0.590, 0.604) 0.540 (0.533, 0.546) 0.625 (0.617, 0.634)

Per-patient 0.794 (0.780, 0.808) 0.698 (0.620, 0.776) 0.639 (0.605, 0.673) 0.575 (0.541, 0.609) 0.727 (0.680, 0.774)

See Supplementary Table S3 for subgroup performance. aAUROC is a micro-averaged one vs. rest AUROC over all density categories, except for density subgroups. For
density subgroups, one vs. rest AUROC for each category is shown. 95% confidence intervals are calculated using DeLong’s method.1,2

Table 2: Overall performance statistics for the DenseNet121, logistic regression, and random forest models.

Articles

www.thelancet.com Vol 46 June, 2025 7

http://www.thelancet.com


Fig. 3: BUS AI model receiver operating characteristic (ROC) curves for the image-level predictions (left) and when aggregated through
arithmetic averaging to patient-level (right).
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Agreement to clinical density
Kendall’s τ-b between predicted breast ultrasound AI
density and clinical density was found to be 0.47
(moderate agreement). Predicted breast ultrasound AI
density was calculated per-patient by taking an arith-
metic mean over the predicted class with the largest
probability from each image and rounding to the nearest
integer. Kendall’s τ-b between Wu et al.31 mammo-
graphic AI density and clinical density was found to be
0.60 (moderate agreement). Predicted mammographic
AI density from Wu et al.31 was defined as the predicted
class with the largest probability.

Cancer risk modeling
The performance benchmark for AI-derived breast ul-
trasound breast density was the performance of clinical
breast density in 5-year breast cancer risk prediction
using the Tyrer-Cuzick risk calculator.1,53 For compari-
son of performance in cancer risk prediction, we
exclude all non-cases with less than 5 years of follow-up
(n = 103). We also exclude all women >80 years of age at
breast ultrasound examination (n = 27) from the
testing set, as the Tyrer-Cuzick model is not validated
DeLong’s test results by clinical BI-RA

Fatty/A Scattere

DenseNet121 vs. Logistic Reg. 5.71 (p < 0.0001)** 7.77 (p

Logistic Reg. vs. RF −1.47 (0.14) 0.87 (0

DenseNet121 vs. RF 4.21 (p < 0.0001)** 9.54 (p

Two-sided DeLong’s test statistics are presented followed by their corresponding p-val
“p < 0.0001.” RF = Random Forest. For density subgroups, one vs. rest AUROC for each
with a*. p-values less than 4 × 10−5 are indicated with a**. Test statistics can be interpre
the observed difference in model AUROCs deviates from zero (null hypothesis).

Table 3: Results of two-sided DeLong’s tests on patient-level, clinical BI-RADS
(RF and logistic regression) and deep learning (DenseNet121) models.
for women >85 years old. We also exclude women <40
years old (n = 75). 869 women (164 cases) were used in
risk prediction. Predefined “missing” placeholder
values were used for all other variables except patient
age and breast density. In the age alone model, risk was
predicted using the predefined “missing” value for
breast density. Predicted breast ultrasound AI density
was calculated per-patient by taking an arithmetic
mean over the predicted class with the largest proba-
bility from each image and rounding to the nearest
integer. Predicted Wu et al.31 mammographic AI den-
sity was defined as the predicted class with the largest
probability.

In the Tyrer-Cuzick risk model, clinical breast den-
sity predicted 5-year breast cancer risk with 0.599
AUROC (95% confidence interval (0.552, 0.647)). In the
Tyrer-Cuzick risk model, breast ultrasound AI density
predicted 5-year breast cancer risk with AUROC 0.606
(0.559, 0.653). In the Tyrer-Cuzick risk model, Wu
et al.31 mammographic AI density predicted 5-year
breast cancer risk with AUROC 0.614 (0.568, 0.661).
In the Tyrer-Cuzick risk model, age alone predicted 5-
year breast cancer risk with AUROC 0.612 (0.564,
DS breast density category

d/B Heterogeneous/C Dense/D

< 0.0001)** 4.77 (p < 0.0001)** 9.72 (p < 0.0001)**

.39) 2.25 (0.024) −3.74 (0.0002)*

< 0.0001)** 7.57 (p < 0.0001)** 7.29 (p < 0.0001)**

ue in parentheses in each cell. p-values less than 0.0001 are represented as
category was calculated. Significant results at the α = 4 × 10−3 level are indicated
ted as the number of standard deviations (standard normal distribution) by which

density category-specific AUROC values for each of the image histogram
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0.659). Supplementary Table S4 presents AUROC
values. Two-sided DeLong’s tests48 were performed
(α = 0.05) to compare AUROC values for predicting 5-
year breast cancer risk using age along with one of
clinical, breast ultrasound AI, or Wu et al.31 mammo-
graphic AI breast density as well as age alone in the
Tyrer-Cuzick risk model.1,53 DeLong’s tests revealed no
significant differences in model performance.
Supplementary Table S4 presents test statistics and p-
values.
Discussion
We found that BI-RADS breast density can be esti-
mated through machine learning methods from breast
ultrasound images and that our deep learning model
outperformed other approaches in breast density esti-
mation. Our deep learning method was developed on a
training dataset of 10,393 women (302,574 images)
with hyperparameters chosen on a validation set of
2593 women (69,842 images). On an unseen test
dataset of 1074 women, the breast ultrasound AI den-
sity model had similar agreement (moderate agree-
ment; τ-b = 0.47) with clinical density as Wu et al.31

mammographic AI density, an open-source method
for predicting density from mammogram directly, had
with clinical density (moderate agreement, τ-b = 0.60)
On an unseen test dataset of 869 women (164 cases),
we found that the top performing breast ultrasound AI
breast density estimate had comparable performance to
clinical BI-RADS breast density for predicting 5-year
breast cancer risk when used in the Tyrer-Cuzick
breast cancer risk model.1,31,53

Limited prior work has investigated the prediction of
mammographic breast density from ultrasound. Tissue
speed-of-sound using a dedicated non-diagnostic probe
has been proposed for measuring mammographic breast
density.56 It was found that non-dense (BI-RADS classes
A & B) could be predicted from dense (BI-RADS C & D)
breasts with AUROC = 0.887. However, the application of
a dedicated breast ultrasound device for breast density
has limited clinical applications or benefit over being able
to get breast ultrasound from a clinical hand-held
system. Our method can identify patients with
extremely dense breasts (class D) with similar perfor-
mance of AUROC 0.879. When dichotomized, our
method identified dense (BI-RADS C & D) from non-
dense (BI-RADS A & B) women with AUROC 0.823
(0.797, 0.848). Mammographic percent density has also
been measured using tissue speed of sound on a
SoftVue (Delphinus Medical Technologies; MI, USA)
ultrasound tomosynthesis system with an accuracy of
R2 = 0.96.12–14 Ultrasound tomosynthesis systems are
highly specialized equipment with high installation
and maintenance costs which may not be appropriate
for low-resource and rural areas. Handheld breast ul-
trasound is most directly applicable to rural and
www.thelancet.com Vol 46 June, 2025
resource-limited scenarios due to portability and low cost.
Additional non-mammographic methods of measuring
breast density have also been explored, including micro-
wave breast imaging,15 dual X-ray absorptiometry,16,17

optical spectroscopy,17 and bioimpedance.18,19 These
methods, no matter their performance, are less desirable
than integrating breast density into clinical breast ultra-
sound since they do not provide cancer detection in
addition to density assessment the way clinical breast
ultrasound does. If used in breast cancer screening, these
alternative methods would need to be coupled with breast
ultrasound or mammography to provide both detection
and risk assessment.

Alternative breast ultrasound imaging-based bio-
markers of breast cancer risk have been explored other
than breast density. Breast parenchymal pattern from
ultrasound measures the distribution of fat and ductal
tissue in the breast. It can be classified by a breast
radiologist into four categories: ductal, heterogeneous,
mixed, and fibrous and has been found to be associated
with breast cancer risk in the Chinese population.57,58

Another biomarker of breast cancer risk identified
from breast ultrasound imaging is glandular tissue
component. Glandular tissue component is also a four-
category classification which measures the degree of
lobular involution observed in screening breast ultra-
sound.59 High glandular tissue component is associ-
ated with increased risk of breast cancer in women
with extremely dense (BI-RADS D) breasts.59,60 It may
be that these measures have complementary risk in-
formation to breast density but this has yet to be
explored. We pursued breast density since it may be
integrated into existing breast cancer risk models such
as the Breast Cancer Surveillance Consortium, Tyrer-
Cuzick and others. Background echotexture, as
defined by the American College of Radiology, is a
three-category classification which has been found to
be associated with both mammographic density and
parity, known risk factors for breast cancer.61 AI com-
bined with automated breast ultrasound (ABUS) per-
formed with AUROC 0.979 for identifying background
echotexture categories,62 however ABUS may be pro-
hibitively costly for remote and low-resource rural
areas.

We tested the association of breast ultrasound AI
density to clinical mammographic density by using both
measures in an existing clinical breast cancer risk
model. No statistically significant pairwise differences
were found between performance in predicting 5-year
breast cancer risk using clinical density with age, Wu
et al. mammographic AI density with age,31 age alone, or
breast ultrasound AI breast density with age. The re-
ported performance for 5-year breast cancer risk pre-
diction on an external cohort is in line with expectations
from the literature.63

Although our findings are promising, there are
limitations to consider. First, there were relatively few
9
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women present in the lowest density category A (4%).
This imbalance may be due to the ethnic breakdown of
the population of the HIPIMR, with an estimated 60%
of women in Hawaiʻi identifying as Asian (alone or in
combination with another race) in 2023.64 Asian women
have been found to have denser breasts than women of
other races.65,66 Future work will explore sample
enrichment with category A women as well as inclusion
of a geographically external testing set. Another limita-
tion of this work is that evaluation using a clinical risk
model only used age and BI-RADS breast density. In-
clusion of other breast cancer risk factors may provide a
more comprehensive assessment and validation of our
method.

The lack of observed effect of BI-RADS breast den-
sity in our study in the Tyrer-Cuzick risk model when
combined with age, as compared to age alone, may be
attributed to the imaging being from diagnostic visits.
breast ultrasound is not a primary screening modality in
Hawaiʻi, and all exams included in this study are diag-
nostic exams requested after an initial mammogram.
The characteristics of the diagnostic breast ultrasound
population are likely different from those of a screening
mammography population, on which most breast can-
cer risk evaluation is based. Future, external validation is
needed in a population screened with breast ultrasound
to verify our findings and confirm clinical utility of
breast ultrasound -derived breast density in traditional
breast cancer risk models.

In conclusion, we found that BI-RADS breast density
can be estimated from breast ultrasound BUS images
using deep learning. Furthermore, on an unseen test
dataset of 869 women (164 cases), we found that the top
performing breast ultrasound AI breast density estimate
had comparable performance to clinical BI-RADS breast
density for predicting 5-year breast cancer risk when
used in an existing 5-year breast cancer risk model.
Estimated breast density from breast ultrasound may be
useful for breast cancer risk assessment in areas where
mammography is not available.
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