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Breast density in MRI: an AI-based
quantification and relationship to
assessment in mammography

Check for updates
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Mammographic breast density is a well-established risk factor for breast cancer. Recently, there has
been interest in breast MRI as an adjunct to mammography, as this modality provides an orthogonal
and highly quantitative assessment of breast tissue. However, its 3D nature poses analytic challenges
related to delineating and aggregating complex structures across slices. Here, we applied an in-house
machine-learning algorithm to assess breast density on normal breasts in three MRI datasets. Breast
density was consistent across different datasets (0.104–0.114). Analysis across different age groups
also demonstrated strong consistency across datasets and confirmed a trend of decreasing density
with ageas reported in previous studies.MRbreast densitywascorrelatedwithmammographicbreast
density, although some notable differences suggest that certain breast density components are
captured only onMRI. Future work will determine how to best integrateMRbreast density with current
tools to improve future breast cancer risk prediction.

Asarisk factor forbreast cancerandakeyevaluable factor inbreast imaging1–4,
mammographic breast density (MBD) has received increasing attention from
clinicians, researchers, patients, and policy makers1,2,5,6. Numerous studies
have provided quantitative and qualitative analyses of breast density, using
different imagingmodalities includingmammography, ultrasound, andMRI,
to assess the utility of breast density for cancer detection and prediction of
patient outcomes4,7–10.

Bothmammography andMRI are primary imagingmodalities used for
breast cancer screening and diagnosis. Mammography, while being widely
accessible and cost-effective, is known to have limited sensitivity and speci-
ficity in patients with dense breast tissue11. For instance, the similarity in
appearance between breast cancer and dense breast tissue can lead to radi-
ologists mistaking subtle cancer for normal breast tissue. This limitation also
makes high-precision quantitative analysis challenging, leading to four sub-
jectively determined categories of breast density reported in current clinical
practice, from “Almost entirely fatty” to “Extremely dense,”which are subject
tohigh inter-reader variability12,13. Themisclassificationof breast densitymay
have clinical implications, such as inaccurate lifetime breast cancer risk cal-
culations, and may reduce the performance of MBD in risk prediction14.

Conversely, MRI offers advantages such as enhanced sensitivity for
breast cancer detection11 and high contrast resolution15. However, the

utilization of MRI in assessing breast density remains under-explored
compared to mammography5,9,10 largely due to the cost and limited avail-
ability of data compared tomammography, and thehighburdenofmanually
annotating breast dense tissue masks16. Common segmentation
methods, like C-fuzzy clustering, lack precision and often require manual
correction17,18. While some deep learning-based MRI breast dense tissue
segmentation models exist, they face challenges related to limited public
accessibility, poor reproducibility, and insufficient validation across diverse
institutional datasets10.

To address this gap,we developed a deep-learning-based segmentation
model, building on prior research16, specifically designed for dense tissue
segmentation in breast MRI. The model achieved a Dice similarity coeffi-
cient (DSC) of 0.88 for fibroglandular tissue (FGT) and 0.95 for breast,
which are separately compared to radiologist-validated annotations in real-
world clinical settings. Here, we test the generalizability of our automatic
MRI breast density calculation pipeline by assessing the method’s adapt-
ability and effectiveness across three different datasetswhich varied by exam
year, population, and scanner features. Furthermore, understanding the
distribution of breast density across different demographic groups, such as
age, remains a key purpose in our study. Previous studies have highlighted
the importance of these variations, yet the detailed comparison betweenMR
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and mammogram-based breast density measurements has not been fully
explored. Therefore, in this study we will also investigate the correlation
between MRI and mammogram imaging modalities in measuring breast
density.

We will release our code upon paper acceptance.

Results
In this study, we analyzed 1999 patients among three distinct breast MRI
datasets. Table 1 provides a demographic overview of patients from the
analyzed datasets: ISPY2, DBC-MRI dataset, and Internal dataset at our
institution.

The table lists the number of patients and exams, average age and age
range, patients’ ethnicity, and the patients’ racial composition. One of the
datasets (Dataset 3) consisted of internal institutional data which included
corresponding mammogram images which were used to compare MR
breast density calculations with radiologists’ evaluations of MBD.

Our segmentation method outperforms the other architectures by
achieving the highestDSC (88.79%) and the lowestHD (31.28), as shown in
Table 2. Our MR-based breast density analysis reveals a similar density
distribution across the three datasets and confirms that breast density
generally decreases with age. Furthermore, in a subset of patients, MRI-
derived values show a notable correlation with mammographic density.
These findings underscore the reliability of our method in capturing key
breast density characteristics across diverse populations.

Breast density distribution for three datasets
Figure 1 demonstrates the histogram of breast density values of the normal
breast from the three different datasets. The histogram indicates a similar
MR density distribution among all three datasets, with most breast density
values fallingbetween0.0 and0.2,with a rapiddecline in frequency for ratios
above 0.2, and very few past 0.4. We observed a consistent breast density
distribution across different datasets, with the average and std. dev. of
0.104 ± 0.092 for ISPY2 dataset 0.114 ± 0.096 for DBC-MRI dataset, and
0.114 ± 0.112 for the internal dataset. The average MR breast density
volume across all datasets was 0.111 ± 0.098.

Breast density distribution across age categories
Box plots in Fig. 2 illustrate the distribution of breast density across various
age categories in each dataset.

As shown in Fig. 2, breast density generally decreases with increasing
age across all datasets, with on average 0.21 ± 0.14 for the 20–29 age group
and 0.06 ± 0.05 for the 70–79 age group. Younger age groups (20–29 and
30–39) show greater breast density variability with standard deviation of
0.14 and 0.11, respectively. In contrast, the older age groups (60–69 and
70–79) show much lower variability, with standard deviations of 0.06 and
0.05, respectively. The box plot for the 80–89 age group only contains data
fromtheDBC_MRIdataset, showing a slightlyhigher average breast density
(0.09 ± 0.07) compared to the 70–79 age group (0.06 ± 0.05). This trend

alignswithpreviousfindings19–22. Specifically,Ohmaru,A. et al.,Mustafa,W.
et al., and Jiang, S. et al. demonstrated the inverse relationship between
breast density andage throughmammography.Mustafa,W. etal. also found
the same conclusion using ultrasound, while Perera, D. et al. confirmed the
consistency of these findings using optical breast spectroscopy (OBS), dual-
energy X-ray absorptiometry (DXA), and mammography.

Relationship between breast density assessment in MRI and
mammography
To compare the breast density given by radiologist-reviewed mammogram
report and that from our auto-segmentation model, Fig. 3 illustrates the
breast density distribution for different density categories provided in
mammography reports. The x-axis shows different density categories
extracted fromthemammogramreport,with four levels: “Extremelydense”,
“Heterogeneously dense”, “Scattered areas of fibroglandular density”, and
“Almost entirely fatty”. The y-axis shows the MRI breast density extracted
using our deep learning-based method. The analysis is based on MRI and
mammograms fromthe internal breast datasetwhere this datawasavailable.

We foundaclear trendofdecreasingbreast density fromthe “Extremely
dense” to the “Almost entirely fatty” categories, with an average breast
density of 0.27 ± 0.13 for the “Extremely dense” group and 0.019 ± 0.02 for
the “Almost entirely fatty” group (Fig. 3).We also employed two correlation
metrics to assess the relationship and agreement between MRI- and
mammography-derived densities. The Spearman’s Rank Correlation Coef-
ficient was calculated to be 0.750, with a highly significant p-value of
6.64 × 10⁻⁷², indicating a strong positivemonotonic relationship between the
two variables. Similarly, the Kendall’s TauCorrelationCoefficient was found
to be 0.622, with a p-value of 6.97 × 10⁻⁵⁸, further supporting a strong and
statistically significant association. These results confirm a high level of
agreement, suggesting that as the MRI-derived density categories increase,
themammography-deriveddensities also showaconsistent increasing trend.

Discussion
In this study, we employed an automated algorithm for MRI breast density
assessment using a deep learning-based approach for breast volume and
dense tissue segmentation. This automated breast density calculation was
applied to three different MRI datasets in both high-risk screening and

Table 1 | Patient age and race-ethnicity characteristics for ISPY2, DBC-MRI, and internal dataset

ISPY2 DBC-MRI Internal
Dataset

Number of patients 717 890 392

Number of exams 717 890 392

Demography Age 48.8 (24–73) 52.8 (21–69) 49.8 (28–77)

Ethnicity Hispanic or Latino 13.33% 1.91% 5.62%

Not Hispanic or Latino 86.61% 98.09% 94.38%

Race White 79.22% 70.22% 79.59%

African American 12.53% 22.58% 12.50%

Asian 6.42% 4.27% 3.06%

American Indian 0.45% 0.45% 1.02%

Other 0.97% 5.31% 3.83%

Table 2 | Comparison of segmentation performance across
different 3D architectures

Architecture DSC (%) ↑ HD (pixels) ↓

U-Net3D 81.65 76.69

nnU-Net 82.30 50.16

3D V-Net 88.79 31.28

Metrics include Dice Similarity Coefficient (DSC ↑) and Hausdorff Distance (HD ↓). The best
performance among the architectures is highlighted in bold.
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Fig. 1 | Breast density distribution for three different
datasets: ISPY2, DBC-MRI, and internal dataset.

Fig. 2 | Breast density distribution according to
age categories on ISPY2 Dataset, DBC_MRI, and
Internal Dataset. The x-axis shows different age
categories, ranging from 20–29 to 70–79 years. The
y-axis represents the breast density, showing the
proportion of dense tissue in the breast.

Fig. 3 | Breast density distribution for different
density level from mammogram report on our
internal breast dataset.
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breast cancerwork-up settings.Wecompared thebreast densitydistribution
across theseMRI datasets and analyzed the breast density measurements in
relation to patient demographics. Importantly, we also compared the breast
density measurements obtained from MRI with the gold standard breast
density evaluation from each patient’s prior mammogram.

An important observation is that despite the differences between the
three datasets with respect to patient population, imaging protocol, andMR
equipment, the overall distributions of MR density based on our algorithm
did not shownotable differences. It is important to note that one of the three
datasets had thehigh-risk screening indicationmeaning that thepatients did
not have a known cancer at the time that the study was obtained. This
similarity persisted within specific age groups except for the 20–29 group,
where the differences were somewhat larger. Even though these three
datasets were collected at different institutions for different clinical indica-
tions, the breast density distributions remained consistent.

Previous mammographic screening research has shown that breast
density decreases significantly with age, influencing breast cancer risk19. In
our analysis of three datasets measuring MR breast density, we confirmed
this finding, with 92.69% difference inmeanMR breast density between the
highestMBDand lowestMBDgroups. Although, the box plot for the 80–89
age grouponly contains data from theDBC_MRIdataset, showing a slightly
higher average breast density (0.09 ± 0.07) compared to the 70–79 age
group (0.06 ± 0.05), this inconsistency is likely due to the limited number of
cases in the 80–89 age group, which includes only six exams. Notably, we
identified amore pronounced decrease in breast density between the 40–49
and 50–59 age groups compared to other age ranges. This significant drop
was consistently observed across all three datasets and likely reflects a
change in breast density associated with menopause23.

When comparing the mammographic breast density categories
extracted from mammography radiology report based on radiologists’
interpretation of digital breast tomosynthesis (DBT) mammograms with
the automatically measured breast density in MRI, a consistent correlation
was observed. As expected, cases identified as having higher MBD also
exhibited higher breast density ratios in MRI, as determined by our quan-
titative calculations. However, the assessments from MRI and mammo-
graphy arenot perfectly aligned,with twokeyobservationsnoted. Firstly,we
observed some cases of notable discrepancy between mammographic and
MRI breast density, specifically for “heterogeneously dense” and “extremely
dense”. Secondly, discrepancy between MRI and mammogram is more
pronounced in “heterogeneously dense” and “extremely dense” categories
than in the “Almost entirely fatty” or “Scattered areas of fibroglandular
density” categories. For the first phenomenon, we believe that an important
reason for this discrepancy is the previously documented24,25, notable
inconsistency in radiologists’ reporting of breast density categorizations in
mammograms. The second reason is the differences between the tomo-
synthesis mammograms and MRI quantifications as while tomosynthesis
mammography is pseudo three dimensional, MRI is a truly three dimen-
sional which allows for different manner of quantification.

For instance, most of the breast MRI volumes categorized as “Extre-
mely dense” had a measured MRI breast density below 0.5, which differs
from the density assessments made by radiologists on DBT, where this
MRD category consists of patients whose breast tissue is diffusely dense
throughout. Although fibroglandular tissue as shown in Fig. 4(4(a)(ii)–4(a)
(iv), and 4(b)(ii)–4(b)(iv)) appears to visually occupy a significant portion of
the breast, it comprises a smaller proportion relative to fat than what the
radiologist’s eyesmight perceive. Additionally, as the density ismeasured in
three dimensions, there are regions of the breast, represented by slices far
from the central slice which depict parts of the breast almost entirely con-
sisting of fat. The degree of this phenomenon varies as demonstrated by the
difference between the cases in Fig. 5a, b. Specifically, panels 4(a)(i) and 4(b)
(i) illustrate how the density changes from slice to slice for two cases
demonstrating a significantly larger portionof fatty slices for oneof the cases
despite a similar density in the central slice. This results in sometimes lower
than expected and varyingmeasurements of density, whichwill allow future
discrimination of MR density subgroups within the single “Extremely

dense” MRD category, which may have different implications for breast
cancer risk.

For the second phenomenon, the discrepancies between mammo-
graphy and MRI in assessing these categories highlight the tendency of
mammography-based assessment to overestimate breast density compared
to MRI-based assessment. This overestimation is likely due to the projec-
tional nature of mammography, where overlapping fibroglandular tissue
can give the appearance of higher density than is present.

In contrast, underestimation is less likely. Even if dense tissue is well-
aligned across slices, a true 3Dmodality likeMRIwould not depict the tissue
as less dense than it is. So, whenDBT shows sparse fibroglandular tissue, it’s
usually a reliable indication of true low density, whichMRI would confirm.

Therefore, based on this observation, we believe thatMRI, with its true
3D imaging capability, provides a more accurate assessment of the actual
volume of dense tissue. MRI-based breast density evaluation can help
identify distinct subgroups within the “Extremely dense” category, which
may be associated with varying levels of cancer risk. In contrast, for the
“Almost entirely fatty” category, both mammography and MRI generally
show consistent results, with MRI’s precise volumetric measurements
confirming the low-density classification.

Also, compared with existing mammography-based approaches, our
MRI-based breast density assessment shows promising advantages in both
segmentation accuracy and BI-RADS classification performance. While
mammogram-basedmodels have reportedDice Coefficients (DCS) of 88%,
77%, 76%, and 63% for dense tissue segmentation26–29, ourmodel achieves a
DCS of 88%. For overall breast segmentation, our model outperforms the
92.5% DCS reported in ref. 30, achieving 95%. Furthermore, even with a
simple SVM classifier using only the MRI-derived breast density from our
model, we achieved a four-class BI-RADS classification accuracy of 73.42%
on the test set, based on an 80/20 train-test split and using radiologist
assessments as ground truth. This performance is comparable to the
reported average accuracy of 71.3% (71.7% for MLO and 71.0% for CC) in
ref. 31. In the binary classification setting—distinguishing between “scat-
tered density” and “heterogeneously dense” categories—the SVM model
achieved an AUC of 91%, comparable to the reported values of 94% and
91.5% (95% for MLO and 88% for CC) in refs. 32,33. These results
underscore the potential of MRI in improving diagnostic performance due
to its high sensitivity34.

Themodel also has potential limitations, particularly in accounting for
the spatial distribution of dense tissue. Although 3D visualizations (Fig. 4)
illustrate tissue shape, a quantitativemeasure of distribution is lacking. This
is an important consideration, as uneven tissue distribution may influence
risk assessment outcomes. For instance, localized clusters of dense tissue
might carry different risk implications compared to evenly distributeddense
tissue, even if the overall volumetric ratio is similar. Another limitation is the
potential barrier to widespread adoption due to the accessibility and cost-
effectiveness ofMRI.However, breastMRI is increasingly utilized in specific
high-risk populations, such as individuals with BRCA mutations or those
with extremely dense breast tissue35,36. In addition, increasing imple-
mentation of “fastMRI”protocols hasmade breastMRImore affordable for
both patients and health systems. The superior sensitivity of MRI, parti-
cularly in detecting abnormalities in dense breasts, underscores its potential
utility in enhancing breast density-based risk prediction models. Another
limitation of the study is that the patient population undergoing breastMRI
is typically high-risk screening patients or patients undergoing extent of
disease evaluation, and not the general screening population. Therefore, this
may limit the generalizability of our model’s results to only the subset of
patient populations undergoing breast MRI.

In summary, our analysis demonstrates a high level of consistency in
breast density distribution as measured by MRI across all three datasets,
affirming the reliability of ourmodel inwhen applied to the subset of patient
population undergoing breast MRI and MR imaging platforms. As expec-
ted,weobserved a significant reduction inMRbreast densitywith increasing
age across all datasetswhich is consistentwith the previous studies37. Finally,
we also observed and analyzed discrepancies between mammographic and
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MRI assessments of breast density which provide opportunities to explore
settings in which MR may provide additional, or orthogonal data to that
assessed by mammography. The MR-based breast density algorithm pre-
sented here has the potential to combine MR data in a highly quantitative
and reproducible method across diverse datasets, thus greatly facilitating
future investigations to increase the utility of MR breast density for breast
cancer risk assessment.

Methods
Datasets
In this section, we introduce the three datasets utilized in this study. The
datasets vary in size, imaging protocols, and patient demographics, con-
tributing to a comprehensive evaluation of breast tissue characteristics.
Additional characteristics of each dataset are provided below. The research
protocol was approved by the Duke Health System Institutional Review

Fig. 5 | pipeline for breast density ratio calculation. It mainly contains two steps (1) Breast and dense tissue segmentation; (2) breast density ratio calculation based on two
segmented masks.

Fig. 4 | Mammogram and MRI slice analysis for two patients, showing breast
density distribution and 3D breast tissue rendering. 4(a)(i)–4(a)(vi) represent
Patient A, and 4(b)(i)–4(b)(vi) represent Patient B. 4(a)(i) and 4(b)(i) display MR
density distributions, with volumetric densities of 0.136 for Patient A and 0.224 for
Patient B. 4(a)(ii)–4(a)(iv) and 4(b)(ii)–4(b)(iv) showdense tissue and breastmasks

at selected slices: an edge near 20%, the maximum density slice, and another edge
near 55%. These slices were based on Patient A’s distribution and matched for
Patient B for comparison. 4(a)(v) and 4(b)(v) provide 3D renderings with dense
tissue in gray and the full breast volume in transparent orange, while (4(a)(vi) and
4(b)(vi)) present mammograms labeled “Extremely dense.”.
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Board (IRB), we obtained the waiver for the informed consent due to the
retrospective nature of the research.

Dataset 1: I-SPY 2 breast dataset. The I-SPY 2 (Investigation of Serial
Studies to Predict Your Therapeutic Response with Imaging and Mole-
cular Analysis 2)38,39 breast dataset includes DCE-MRI data for 719
patients with early-stage breast cancer who were adaptively randomized
to drug treatment arms between 2010 and 2016. These images, acquired
at over 22 clinical centers, focus on patients undergoing neoadjuvant
chemotherapy (NAC). Each patient had four MRI exam timepoints:
pretreatment, early-treatment, mid-treatment, and post-treatment
before and during their NAC.

In this study, we selected the T1 fat-saturated pre-contrast sequences
from the original baselineMRI study. Tomitigate the effects of surgical and
pathological changes on breast density, we excluded any MRIs that were
obtained following neoadjuvant treatment and evaluated only the con-
tralateral normal breast for breast density analysis. Following preprocessing,
717MRI cases remained for our analysis.

Dataset 2: DBC-MRI. This dataset includes 922 patients with biopsy-
confirmed invasive breast cancer, collected from 2000 to 2014 in a single-
institutional, retrospective study40. The dataset comprises extensive
demographic, clinical, pathology, treatment, outcomes, and genomic
data, sourced from clinical notes, radiology reports, and pathology
reports. It has been instrumental in numerous published studies on
radiogenomics and outcomes prediction. Consistent with the pre-
processing approach used for Dataset 1, we excluded any MRIs obtained
after treatment and focused on evaluating only the contralateral normal
breast. This process resulted in a final set of 890MRI cases for analysis.

Dataset 3: internal dataset at our institution. The internal dataset
consists of breastMRI and correspondingmammogram exams, collected
from a single institution between March 2014 and 2021. This dataset
includes breast MRI exams, along with their paired screening or diag-
nostic mammograms. For the purposes of this study, we selected a subset
of exams based on specific criteria to focus on normal breast MRI cases
with paired mammograms.

Initially, all available breast MRI exams conducted at our institution
before December 31, 2021, were gathered. From this collection, a subset of
392 patients were identified using the following criteria: (1) screening
examinations without a known cancer diagnosis, (2) no abnormal findings
reported in theMRI, (3) hadT1 fat-saturated pre-contrast sequences, and (4)
mammograms takenwithin sixmonths of theMRI. Criteria (1) and (2) were
applied to minimize the influence of pathological changes on breast tissue,
while criterion (3) was used to exclude redundant imaging data. Criterion (4)
ensured that the mammogram andMRI were closely timed, minimizing the
possibility of significant changes in breast density between the two exams.
This selection process helped refine the dataset to include only normal, high-
quality, and temporally aligned MRI-mammogram pairs, enabling a more
accurate comparison between MR breast density calculations and radi-
ologists’mammogram evaluations.

Notably, Dataset 3 comprises patients under screening, setting it apart
from the previous two datasets, where all patients had a known diagnosis of
breast cancer. We aimed to determine whether the screened population
exhibited a different breast density distribution compared to the other two
groups.

Segmentation algorithm
In this study, we used the breast and dense tissue segmentation algorithm
following theMR segmentation process we have previously reported16. This
algorithm comprises two primary steps: the breast volume segmentation
network and the breast dense tissue segmentationnetwork.As shown inFig.
5, both the segmentation networks process single-channel MRI images to
generate a breast anddense tissue volumemask.We employed a 3DV-Net41

architecture for both segmentation tasks due to its residual connections and

volumetric convolutions, which are particularly effective for modeling 3D
anatomical structures. We also compared the performance of 3D V-Net
with 3DU-Net and nnU-Net on the tissue segmentation taskwithDSC and
Hausdorff Distance employed as evaluation metrics. The detailed com-
parison is summarized in Table 2. Each network uses patch-based seg-
mentation to optimize memory usage. The algorithm sequentially predicts
small sub-volumes, which are then concatenated and fused to form the final
segmentation output.

In this work, we applied a 96x96x96 sub-volume for each inference,
consistent with the training setting. The volumewas divided into 8 uniform
steps along the x and y directions and 3 uniform steps along the z direction
during prediction. Predictions in overlapping regions were fused using an
equalweighting (simple averaging) strategy,where each voxel’s prediction is
averaged across overlapping patches. Additionally, because these three
datasets originate from different sources, we performed additional pre-
processing steps based on their DICOMheaders. Each dataset has a slightly
different DICOM header format, so we adjusted our preprocessing
accordingly to ensure optimal loading of the DICOM images as 3D volume
in left-posterior-superior coordinate system. This also included reversing
the order of the images in the Z direction for those exams with negative z
position.After loading theDICOMfiles as 3Dvolume,we also implemented
a preprocessing as z-score normalization step before feeding the image to
networks. Standardizing spatial orientation enhances feature consistency
across different datasets, allowing the model to extract image patterns in a
uniform manner. Meanwhile, z-score normalization mitigates scanner-
induced intensity variations, improving cross-dataset consistency. The
model evaluation is performed on anNVIDIAA6000GPU; the dense tissue
segmentation model takes approximately 5.07 s to process a single sample
under the current settings.

Breast density calculation
After obtaining the segmented masks of breast volume (M_breast) and
dense tissue (M_dense) for anMRI volume,we calculate this subject’s breast
density as the ratio of the area belongs to the dense tissue to the area of the
whole breast:

Breast density ¼
P

MdenseP
Mbreast

ð1Þ

Comparing breast density in MRI with breast density in
mammograms
To compare breast density calculated from MRI with the breast density
provided by radiologists based on interpretation of DBT mammograms
(hereafter referred to asmammograms for convenience) and their synthetic
2D images, we identified a cohort of patients which contained both mam-
mograms and MRIs. The process to collect the paired mammogram and
MRI is detailedly described in Section "Datasets" for Dataset 3: Internal
dataset at our institution.

To determine the radiologist-assessed breast density from mammo-
grams,wemanually extractedkey information frommammography reports
and assigned each of the reports to one of the four categories: “Extremely
dense”, “Heterogeneously dense”, “Scattered areas of fibroglandular den-
sity”, or “Almost entirely fatty”. Mammogram reports containing terms
such as “extremely dense” or “extremely fibroglandular” were classified as
“Extremely dense.” Reports mentioning “heterogeneously dense” or “het-
erogeneously fibroglandular” were grouped into the “Heterogeneously
Dense” category. Those containing “scattered fibroglandular” were cate-
gorizedunder “Scattered areas offibroglandulardensity,” andmammogram
results with terms like “entirely fatty” or “predominantly fatty” were
assigned to the “Almost entirely fatty” category.

Data availability
Two out of the three datasets analyzed in this study are publicly accessible
[19, 21]. However, the internal dataset is currently unavailable, as
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de-identifying the data requires an extensive institutional review process.
Readers interested in evaluating the accuracy of the method can access and
utilize the two publicly available datasets, which are readily accessible and
user-friendly.

Code availability
We will release our code upon paper acceptance.

Received: 6 December 2024; Accepted: 30 June 2025;
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