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Abstract

The growing demand for raw and processed scientific data has encouraged many re-
searchers and research institutions to adopt an open-source data policy. At present, data
accessibility is of paramount importance due to the growing demand for artificial intelli-
gence (AI) and machine learning (ML) applications in various scientific fields, particularly
medicine. Medium- to large-scale mammography datasets are widely used in breast cancer
research to develop and evaluate computer-aided detection methods. However, there are
only a few studies on using mammogram datasets for the prediction of the breast mean
glandular dose (MGD) with AI or ML models. The aim of this study was to investigate
the feasibility of using ML and deep ML for MGD prediction based on DICOM images
and retrieved dosimetric data from DICOM mammogram images. A total of 26,988 mam-
mography images in DICOM format were obtained from the Federated Research Data
Repository (FRDR). Eleven regression algorithms and three neural network-based models
were evaluated using five-fold cross-validation. In addition, a deep ML fusion model based
on Vision Transformer (ViT) and tabular data was developed for the prediction of the MGD
normalized conversion factor CF(DgN). A mean breast thickness of 61.37 mm and a mean
MGD of 1.53 mGy (0.55–6.33 mGy) were calculated using this dataset. Regarding tabular
data, the artificial neural network (ANN) sequential models outperformed other linear and
tree-based models. The ViT deep ML fusion model was tested with three configuration
versions differing on the number of features included. A comparison of the three versions
revealed that the version with six features achieved the best overall predictor performance.
This study demonstrates that ML and deep ML can effectively predict the MGD using
dosimetric tabular data and mammography DICOM images. The use of ML with tabular
data extracted from DICOM images can be further strengthened by incorporating larger
and more diverse datasets.

Keywords: mammography; mean glandular dose; artificial intelligence; machine learning
deep learning; DICOM dosimetric data

1. Introduction
The growing demand for raw and processed scientific data has encouraged many

researchers and research institutions to adopt an open-source data policy. To some extent,
this includes the use of software for processing and analyzing data directly related to
or independently available for general purpose use. At present, data accessibility is of
paramount importance due to the growing demand for artificial intelligence (AI) and
machine learning (ML) applications in various scientific fields, particularly medicine. Open-
source data policies have always led to better integration of ideas. Further, they effectively
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contribute to solving challenges and decreasing risks through facilitating learning. AI and
ML can provide meaningful and accurate predictions if the dataset used is large enough
to reflect the patterns in the data. Andresz et al. [1] have highlighted that constructing a
dataset is the first step in the process of AI or ML model building. According to Barlas
and Heavey [2], further processes to prepare a dataset for different evaluation stages may
encompass several scientific branches, including computing, coding, data visualizations,
data engineering, data sciences, and specific field expertise.

Mammography screening procedures remain the modality of choice for early breast
cancer detection. However, several factors may contribute to increasing the radiation
dose to the breast, especially to radiosensitive tissues like glandular tissues, leading to a
higher risk of induced cancer. Continuous assessment and monitoring of radiation dose
is therefore essential for establishing the limits and refining the mammography exposure
parameters [3,4]. In breast cancer research, medium- to large-scale mammography datasets
are widely used to develop and evaluate computer-aided detection methods. The publicly
available Digital Database for Screening Mammography, developed at the University of
South Florida, contains more than 2600 mammography studies and is a benchmark re-
source for training AI and ML models for breast cancer detection [5,6]. The U.S. National
Mammography Database contains 3,181,437 collected and analyzed screening mammo-
grams performed between January 2008 and December 2012 [7]. In the United Kingdom,
the OPTIMAM (2008–2013) and OPTIMAM2 (2013–2018) projects assembled large image
repositories to evaluate factors influencing breast cancer detection. The database comprises
3,072,878 images, with the number continuing to grow through ongoing projects [8]. More
recently, the INbreast dataset, a publicly available collection of digital mammograms with
ground-truth annotations for masses, calcifications, and other abnormalities, has become a
key resource [9]. A convolutional neural network has been trained on 7632 mammography
images from this dataset for breast cancer classification. Additional publicly available
datasets support imaging and diagnostic research in other modalities, including ultrasonog-
raphy [10], magnetic resonance imaging [11], and histopathological examination [12]. A
recent review by Kendall et al. [13] summarized the range of currently accessible breast
mammography image datasets.

There are only a few studies on the use of mammogram datasets to predict the breast
MGD using AI or ML models. Massera and Tomal [14] introduced a framework that
uses homogeneous breast models and artificial neural networks (ANNs). The data on
dose assessments were generated using Monte Carlo (MC) simulations [15], and the study
included 208 homogeneous virtual phantoms. Another framework that included 126 breast
phantoms based on real heterogeneous computed tomography (CT) scan images obtained
from real patients was developed by Saron et al. [16]; the dataset, which includes 60 digitally
compressed phantoms, is publicly available. Sarno et al. [17] have recommended the use
of tabular data and MC dose prediction for MGD and parametric phantom specification.
The use of ML regression models reduces the requirements for computational capacity.
Ma et al. [18] showed an association between the normalized average glandular dose and
improved classification of breast cancer using retrospective data. In their study, logistic
regression analysis was performed to establish the breast cancer risk assessment model. The
sample included 1867 participants, and the average glandular dose in each mammogram
view was extracted from the DICOM headers. Only the extracted tabular data, not DICOM
images, were used directly. The authors concluded that the differences in the normalized
average glandular dose between breasts with cancer and healthy breasts could be an
independent risk factor. Collectively, these studies indicate the viability of ML-based dose
prediction but are limited by small data, use of simulated phantoms, or the omission of
imaging data.
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The current study aims to address these limitations by exploring the possibility of
forecasting MGD with the help of AI and ML models that were trained on open-source and
real-world full-field digital mammography data. The dosimetric parameters obtained di-
rectly through DICOM headers were compared with physics-based MGD computations and
processed on tabular ML models and a multimodal deep learning fusion architecture, with
which mammographic images were incorporated. The publicly available Newfoundland
and Labrador Breast Screening (2025) (NL-Breast-Screen) dataset was used to test model
performance, generalization, and the possibility of using open-source mammography data
to assess AI-driven dosimetric measurement.

2. Materials and Methods
An empirical, retrospective analytical approach was used in this study to approximate

MGD in the entire field of digital mammography using a combination of dosimetric calcula-
tions of physics with machine and deep learning algorithms. Tabular ML and multimodal
deep learning fusion architecture were used to extract, process, analyze, and model struc-
tured dosimetric parameters obtained via DICOM headers and mammographic images
to test the predictive performance and generalization. A total of 26,988 Full-Field Digital
Mammography (FFDM) images in DICOM format were obtained from the Federated Re-
search Data Repository (FRDR) breast screening program, encompassing approximately
350 GB of data. The data were collected with Senograph Essential digital mammography
machines (General Electric, Chicago, IL, USA) between 2008 and 2010 [19]. The images
were organized into three primary folders labeled positive, normal, and false positive. Com-
prehensive dataset details are provided in the work of Kendall et al. [13]. A corresponding
metadata file is included but does not currently contain the dosimetric information required
for this study. The methodology comprised the following steps: (i) extraction of relevant
dosimetric parameters, (ii) MGD calculation, and (iii) tabular and image data preparation
for ML and ANN model analysis and fitting.

2.1. Preparation of Dosimetric Metadata

Digital mammography DICOM images typically contain embedded dosimetric param-
eters, including but not limited to the kilovoltage peak (kVp), patient age, source-to-patient
distance, exposure time, X-ray tube current (mA), filter type, anode target material, breast
thickness, view position, filter material, relative X-ray exposure, source-to-entrance dis-
tance, and entrance dose (mGy). These parameters were extracted directly from the DICOM
headers using a Python 3.12.11 script, which was also employed for all subsequent data-
processing steps in this study. The first step involved creating a Pandas DataFrame column
containing the file path to each mammogram and exporting it as a comma-separated values
(CSV) file. Next, dosimetric parameters were retrieved by accessing the relevant DICOM
tags for each image using the stored paths, and each parameter was appended to the same
CSV file. These procedures were repeated for all dataset folders to generate the initial
merged dosimetric-metadata draft. For calculation efficiency, the anode target and filter
materials were combined into a single column (anode–filter material) using elemental
abbreviations (Mo/Mo, Rh/Rh, Mo/Rh, and W/Rh).

The MGD was estimated using the following formula:

MGD = K.g.c.s, (1)

where K represents the entrance surface air kerma (ESAK) without backscatter, as reported
in the DICOM headers, and g, c, and s are conversion factors derived from the work
of [20,21]. A Python script linked the extracted metadata kVp, anode/filter materials,
breast thickness, and entrance dose to interpolated conversion factors from the tables
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published by [20,21] to calculate the breast tissue glandularity (g), anode/filter factor (c),
and X-ray spectral correction factor (s). The MGD was also normalized to the entrance dose
to yield the conversion factor CF(DgN). Normalization of MGD with the entrance dose to
obtain CF(DgN) minimizes scale dominance and allows the deep learning models that ac-
commodate image-based features to converge stably. Image dimensions were appended to
the dataset to support future image inclusion and size standardization. The final dosimetric
metadata were stored as a CSV file comprising 13 columns and 26,984 rows. A few images
(<0.1%) were excluded as they lacked or had invalid dosimetric DICOM tags, leading to
slight changes in figure in further preprocessing stages.

2.2. Data Preparation for ML

ML and deep learning rely on structured pipelines for deployment and interpretation.
These procedures comprise preprocessing, feature selection, model selection, model evalu-
ation and optimization, deployment, and subsequent monitoring and refinement [22]. A
supervised ML approach was adopted to predict the MGD from the tabular data. Dosi-
metric metadata was partially pre-processed as described in Section 2.1. The resulting
CSV file was imported into a Pandas DataFrame in Python, and feature selection was
performed by dropping non-relevant columns. In addition to using the MGD as the pre-
diction target, after excluding three features (the file path, relative exposure, and image
size), the retained predictors included the kVp, exposure time, X-ray tube current, breast
thickness, entrance dose, anode/filter materials, age, and projection view. Five of these
variables were already numeric. The two categorical variables (anode/filter material and
projection view) were converted to numeric form with the LabelEncoder function, after
which the original categorical columns were dropped. Tabular ML models were encoded
using label encoding because tree-based and neural network regressors are not sensitized
to ordinal assumptions. Deep ML fusion models in turn represented categorical variables
using one-hot encoding to prevent the effects of spurious ordering. The final dataset
comprised 26,974 rows × 8 feature columns, with 12 rows removed because of missing
or invalid values. Age had roughly 1000 entries missing, although some ML models can
handle missing data. To reduce distortion of distribution, median imputation was chosen,
and missing age values were imputed with the median value of 59. The impact of age on
model performance was then assessed using feature importance analysis and exclusion
experiments. Further details of age distribution analysis can be found in Kendall et al. [13].

2.3. Model Selection and Evaluation
2.3.1. Tabular Data ML

The prepared dataset was analyzed using a correlation matrix. Relationships between
each feature and the target variable (MGD), as well as their linear trends, were exam-
ined, aiding in the selection of an appropriate model type. Only training data in each
cross-validation fold were scaled with feature scaling, and then the same procedure was
applied to the respective validation/test sets to avoid data leakage. Eleven regression
algorithms were initially evaluated with default parameter settings: LinearRegression
(LR), least absolute shrinkage and selection operator (LASSO), and ElasticNet (EN) from
sklearn.linear_model; DecisionTreeRegressor (CART) from sklearn.tree; KNeighborsRe-
gressor (KNN) from sklearn.neighbors; SupportVectorRegressor (SVR) from sklearn.svm;
RandomForestRegressor (RFR), GradientBoostingRegressor (GBR), ExtraTreesRegressor
(ETR), and AdaBoostRegressor (ABR) from sklearn.ensemble; and eXtreme Gradient Boost-
ing (XGB) from xgboost (scikit-learn library v1.7.1). Three neural network-based models
were evaluated for comparison: MLPRegressor (MLP) from sklearn.neural_network, a
TensorFlow Sequential (v2.20.0) model (tensorflow.keras.models; TF-Seq), and a PyTorch
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model (v 2.12.0) using torch.nn integrated with NeuralNetRegressor (Torch-Seq). The
default scikit-learn MLP employs a single hidden layer of 100 ReLU-activated neurons
with the Adam optimizer. A simple feedforward architecture was implemented for TF-Seq
and Torch-Seq: an input layer matching the number of features, followed by two fully
connected hidden layers (64 and 32 neurons and ReLU activation) and a single-neuron
output layer with linear activation. Both models were compiled with the Adam optimizer.
The dataset was randomly split into training (75%) and testing (25%) sets. Five-fold cross-
validation with random shuffling was performed for all models during hyperparameter
optimization. Model performance was assessed using mean squared error (MSE) and the
coefficient of determination (R2) on both training and testing sets. The random seed was
fixed at 44, and the number of estimators (n_estimators) was set to 400 where applicable.
All hyperparameters, except the number of estimators (400 in the case of the ensemble mod-
els), were set as default to provide reasonable model comparisons and prevent overtuned
predictive control.

2.3.2. Tabular and Image Data Deep ML Fusion Model

Vision Transformer (ViT) enables a different approach to the field of visual learning
through the use of a self-attention mechanism. This method was first created for language
processing in the transformer architecture [23] and was then applied directly to image
data [24,25]. The conventional method relies on convolutional neural networks (CNNs).
The CNN method uses biases, kernel operations, and layered feature gathering [26,27]. ViT
handles an image as a sequence of linearly embedded fixed size patches and processes the
resulting token via a stack of multi-head self-attention with learned positional encodings
of feed-forward layers [23,24]. ViT offers greater architectural flexibility and scalability,
making it particularly suitable for multimodal fusion tasks. Details of the core model theory
and basic structure have been covered in many recent studies; for example, see [23–25].

Figure 1 illustrates a flowchart of the model architecture employed to process both tab-
ular and image data for the prediction of the MGD normalized conversion factor CF(DgN).
The CF(DgN) value normalized to the entrance dose is more suitable for deep ML with
image data. Categorical data were encoded using one-hot encoding rather than label
encoding to ensure appropriate feature representation for deep ML.

Figure 1. Deep ML fusion model architecture for tabular data and images.

The model architecture has two branches. The image branch uses a ViT backbone
that works on channel 224 × 224 DICOM inputs. The image is split into fixed-size non-
overlapping patches of 16 × 16 pixels, which gives 196 patches. The patches are linearly
projected to a 384-dimensional embedding space using a patch-embedding convolution.
The tabular branch processes the tabular data. The image branch and the tabular branch
merge to produce the regression output. A 384-dimensional positional embedding was
added to preserve spatial ordering. The embedded sequence then passes through six
transformer encoder blocks. The encoder is made up of six transformer blocks, with each
block having a multi-head self-attention module with six attention heads followed by
a feed-forward MLP. Each block has independent parameters; the architecture does not
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form a single 36-head attention layer. Each attenuation head uses a key/query/value with
dimension 64. After the head self-attention layer, the block adds a feed-forward MLP,
with an inner dimension of 1536 and GELU activation. Finally, the block applies a layer
normalization layer, and the same process is repeated for each block. The encoder uses
six heads and six blocks. The final ViT representation comes from the transformed [CLS]
token, which holds the visual context of the image. The tabular branch takes in numeric
and one-hot-encoded categorical variables and has a layer of 128 units and ReLU activation
with a dropout of 0.3, followed by a dense layer of 64 units. The output of the ViT [CLS]
token (dimension 384) and the tabular embedding (dimension 64) are concatenated to
produce a fused representation with dimension 448. The combined vector passes through a
connected layer with 128 units and ReLU activation and then passes through a dropout
stage with a rate of 0.3. After the dropout stage, the combined vector reaches a linear output
neuron that performs the final regression. The model applies dropout for regularization
inside the transformer MLP blocks with a rate of 0.1 and inside the tabular and fusion
layers with a rate of 0.3. The training uses the Adam optimizer, with a learning rate of
1 × 10−4 with MSE loss and the MAE metric, and the validation uses stopping and best
checkpoint saving. This configuration allows the model to jointly learn high-level image
features and structured tabular data. A five-fold cross-validation analysis with random
shuffling was applied across all model configurations. The computer used to run the deep
ML fusion model was a System76 Oryx Pro, equipped with 96 GiB of RAM and an AMD
Ryzen AI 9 HX 370 w/Radeon 890M processor running Pops!_OS 24.04 LTS.

3. Results
3.1. Calculation of MGD

Figure 2 shows the calculation of the MGD using Equation (1) plotted against breast
thickness. In this dataset, a mean breast thickness of 61.37 mm was obtained. The
mean MGD was 1.53 mGy, with a minimum of 0.55 mGy and a maximum of 6.33 mGy
(p < 1 × 10−16, R2 = 0.2862). Variation in the MGD with breast thickness reflects the rela-
tionship described in Equation (1), representing the dose absorbed by glandular breast
tissue. As expected from mammography physics, thicker breasts require higher radiation
doses to compensate for increased X-ray attenuation, resulting in higher MGD values.
The moderate R2 (0.2862) combined with the high statistical significance (p < 1 × 10−16)
indicates that breast thickness is an important predictor but not the sole determinant of
the MGD.

Figure 2. MGD (mGy) vs. breast thickness (mm).
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3.2. Feature Correlation Analysis

Figure 3 presents the correlation matrix of the eight selected features with the target
variable MGD. The exposure time (0.93) and entrance dose (0.91) showed very strong posi-
tive correlations with the MGD. Breast thickness (0.54) and kVp (0.49) exhibited moderate
positive correlations, whereas anode/filter code (A-F_code; 0.30) and projection view code
(View_code; 0.14) had weak positive correlations. Age (−0.016) showed a low negative
correlation, while the X-ray tube current (−0.32) showed a moderate negative correlation.
Despite the negative correlation, the X-ray tube current was retained because of its physical
relevance. When the prediction target was changed to CF(DgN), this feature demonstrated
the highest absolute correlation (0.49), with all correlations being negative. Feature impor-
tance analysis using the feature_importances_ attribute of the RFR and XGB models ranked
the X-ray tube current fifth, with importance scores of 0.009554 and 0.012548, respectively,
ahead of age, A-F_code and View_code features.

Figure 3. Correlation matrix: MGD vs. dosimetric parameters.

3.3. Tabular ML Models

Figure 4 presents a heatmap of the mean k-fold cross-validation metrics (training and
testing MSE and R2) for all models. Torch-Seq and TF-Seq showed minimal differences
between training and testing MSE, and their testing R2 values were slightly higher than
their training values, indicating robust performance of the ANN-based models.

In contrast, the GBR, RFR, ETR, XGB, and CART methods exhibited wider gaps
between training and testing MSE and R2, suggesting overfitting. The LR, LASSO, EN, SVR,
MLP, KNN, and ABR approaches demonstrated consistent training and testing R2 values
with minimal gaps, indicating limited overfitting; however, their lower mean k-fold R2

values reflected reduced predictive power compared with the top-performing models. The
ANN-based models (Torch-Seq and TF-Seq) achieved the best overall performance, yielding
the lowest mean k-fold MSE (0.00163) and the highest mean k-fold R2 (0.987), reflecting their
capacity to capture complex, nonlinear patterns. The tree-based ensemble models GBR,
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RFR, and ETR performed nearly as well (mean k-fold R2: 0.982–0.984), offering simpler
implementation and robustness to feature scaling, but showed slight overfitting with small
training–testing gaps in MSE and R2. Among these models, GBR marginally outperformed
RFR and ETR, achieving a lower MSE and minimal overfitting. XGB also demonstrated
strong predictive ability but exhibited more overfitting than the other ensembles. The
linear models (LR, LASSO, and EN), KNN, SVR, and MLP underperformed relative to the
ensembles and ANN models. CART showed clear overfitting, with the largest discrepancy
between training and testing MSE and R2. ABR delivered the weakest results, with the
highest mean k-fold MSE (0.024689) and the lowest mean k-fold R2 (0.8007), making CART
and ABR the least suitable for this prediction task.

Figure 4. Heatmap showing the mean k-fold training and testing MSE and R2 values across all models.

The ANN-based model outperformed other models, as demonstrated in the last results.
Steps were taken to rule out the possibility of target leakage, i.e., the possibility that the
model learned the relation of some features for MGD prediction through Equation (1).
Some features show a direct relationship in the MGD calculation; specifically, the entrance
dose is the main factor in Equation (1). This is followed by a smaller direct relation for
other factors when interpolating the glandularity factor (g), including breast thickness, age,
kVp, and anode/filter for factor (c). While it is not practical to remove all potential sources
of leakage, additional data fitting was performed to test this possibility. The ANN-based
models (Torch-Seq and TF-Seq) were employed for data fitting without the entrance dose
and age features. Table 1 shows the mean k-fold cross-validation, training, and testing
metric scores.
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Table 1. Torch-Seq and TF-Seq models score metrics without entrance dose and age features.

Model K-Fold MSE Training MSE Test-MSE K-Fold R2 Training R2 Test-R2

Torch-Seq 0.00352 0.00344 0.00359 0.971 0.972 0.970

TF-Seq 0.00367 0.00375 0.00385 0.970 0.970 0.967

The Torch-Seq model scored slightly better than TF-Seq across all metrics shown
in Table 1. Both models scored lower than the previous models with the seven selected
features. However, both models generally performed excellently even when excluding
entrance dose and age from the selected features.

3.4. Tabular and Image Deep ML Fusion Model

Three deep ML fusion model versions with different numbers of selected features
were tested: version 1 includes eight features, version 2 excludes the entrance dose and age,
and version 3 includes only two features, namely, breast thickness and position views.

Table 2 presents the final average metric scores for the five-fold cross-validation of
the three model versions. Version 1 employs eight features, including entrance dose and
age, and achieved a training MSE of 9.44 × 10−4 and validation MSE of 5.5 × 10−5 but
showed a large drop of 94% in MSE between training and validation. This indicates
potential overfitting or data leakage. Version 2, which excludes the entrance dose and
age (six features), showed the best overall performance, with the lowest training MSE of
1.31 × 10−4 and the second-lowest validation MSE of 5.3 × 10−5. Version 3, employing
only breast thickness and position views as its two features, showed a higher validation
MSE and MAE of 8.9 × 10−5 and 5.69 × 10−3, respectively, indicating that the two features
are important but not sufficient. Version 2 showed the overall best performance and
demonstrated that feature analysis and selection could enhance model performance in deep
ML fusion models.

Table 2. Final average metrics of 5 k-fold cross-validation for fusion deep ML model versions.

Model Training MSE Validation MSE Training MAE Validation MAE

Version 1 9.44 × 10−4 5.5 × 10−5 8.09 × 10−3 4.67 × 10−3

Version 2 1.31 × 10−4 5.3 × 10−5 7.74 × 10−3 4.70 × 10−3

Version 3 1.76 × 10−4 8.9 × 10−5 8.84 × 10−3 5.69 × 10−3

Figure 5 illustrates the training and validation metrics per fold across the three model
versions. Figure 5A presents the training and validation MSE for model version 1. In
the final epoch, fold 2 has a training MSE of 4.201 × 10−3, which is more than 30 times
higher than the average for the other folds. This increases the mean training MSE to
9.44 × 10−4. The validation MSE stays low across all folds (4 to 8) × 10−5, with an average
of 5.5 × 10−5. Figure 5B shows that the training MAE ranges from (7 to 9) × 10−3, and fold
two is 25% higher than the average, reflecting the same effect seen in MSE and pointing
to possible overfitting. The validation MAE is in the range of (3 to 5) × 10−3, showing
strong generalization. However, the gap between training and validation (a 42% drop) is
the largest among all versions, suggesting that the inclusion of the full feature set might
pick up noise or data inconsistency during training that does not appear during validation.
Figure 5C,D show the training and validation MSE and MAE for model version 2. The
training MSE ranges from (1.13 to 1.71) × 10−4, with a mean value of 1.31 × 10−4. The
validation MSE ranges from (3 to 7) × 10−5, with a mean value of 5.3 × 10−5. These values
are the lowest and most consistent across all versions. The training MAE shows a range
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of (7 to 9) × 10−3, with the value for fold five being slightly higher than that of the other
folds. The validation MAE shows a consistent range of (3.8 to 5.5) × 10−3 with a balanced
training and validation gap (a 39% drop), which suggests good generalization without
excessive signs of overfitting. Figure 5E,F show the training and validation MSE and MAE
for model version 3. Using only breast thickness and position views (two features) results
in the highest validation errors, with a validation MSE mean of 8.9 × 10−5 and a validation
MAE of 5.69 × 10−3. However, the training and validation metrics are more consistent
across folds than version 1. The training MAE is in the range of (7.6 to 9.4) × 10−3, with
the value for fold five being lower than others, possibly due to easier data distribution in
that split. The validation MAE stays in the range of (5 to 6) × 10−3, but the values are 20%
higher than those obtained for versions 1 and 2. The gap between training and validation is
much smaller (a 36% drop), which suggests less overfitting but also shows that the model
has less capacity due to the inclusion of fewer features.

Figure 5. Cross-validation metrics MSE (A,C,E) and MAE (B,D,F) per fold/epoch score across model
versions 1–3. The dashed lines indicate the mean values of each 5 k-fold for training (blue) and
validation (yellow).
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4. Discussion
4.1. MGD

The MGD values measured in the present study can be discussed in the context of the
international dosimetry standards and recognized constraints of the methods of analyt-
ical dose estimation. The calculated average MGD indicates a compromise between the
maintenance of diagnostic images and the observation of the existing radiation protection
principles. Notably, most of the examinations have a lower level of diagnostic reference lev-
els (DRLs) that are internationally acceptable, meaning that the imaging protocols adopted
are usually optimized regarding managing the patient dose.

MC-based conversion factors, as suggested by UK, European, and IAEA guidelines,
provide consistency in the methodology with the generally accepted dosimetry practices.
For context, the European Commission considers 3 mGy an acceptable dose for a 50 mm
compressed breast, with an achievable dose target of about 2.4 mGy (Figure 2) [28]. Regula-
tory agencies report similar reference limits: the U.S. Food and Drug Administration [29]
specifies a maximum of 3 mGy per projection for a 42 mm breast with 50% fibroglandular
tissue, the International Atomic Energy Agency (IAEA) [30] recommends 2.3 mGy for a
45 mm standard-composition breast, and the International Commission on Radiological
Protection (ICRP) [31] sets a diagnostic reference level of 3 mGy per projection. These con-
version factors convert incident air kerma to absorbed glandular dose, with assumptions
relating to breast composition, beam quality and geometry [20]. Although this method is
considered the clinical and regulatory standard, it is a simplified view of the breast anatomy
since it presupposes a homogenous glandular tissue distribution. According to Dance
et al. [21], such simplification may result in systematic uncertainty, especially in cases where
the breast has a dissimilar density distribution or atypical distribution of glandularity.

Other methods, including LIBRA-based patient-specific glandular composition seg-
mentation, follow the latter approach to address this limitation by directly estimating
patient-specific glandular composition based on mammographic imaging. The concordance
between LIBRA-derived and Dance-based MGD estimates reported by Borzì et al. [32]
indicates that analysis techniques do not decline at the population level, even though
accuracy at the individual level could be enhanced by the personalization of images. In the
same fashion, MC-based models constructed by Sobol and Wu [33] and Boone [34] prove
that various dosimetric models converge within reasonable error margins, as confirmed by
comparative studies like those conducted by Suleiman et al. [35]. This agreement promotes
the further operation of analytical MGD models in standard clinical practice, especially in
cases where a complete MC simulation is not feasible.

Nevertheless, although full MC simulations are the best estimators, their computation-
ally expensive nature and the need to have detailed volumetric breast phantoms restrict
their application to large-scale screening programs [17]. The method of analysis employed
in this research is thus a sensible trade-off: it allowed for prompt and standardized dose
estimation, and it did not conflict with regulatory rules. Therefore, the reported values of
MGD in this case were the estimated and not precise patient-specific absorbed doses but
are considered to be clinically significant.

4.2. ML Model Performances and Applications
4.2.1. Tabular ML Model Performances

The use of ML models for tabular dosimetric data points contributes to the growing
use of data-driven techniques in medical physics, especially in scenarios where many
interdependent parameters affect the result. In contrast to conventional regression models
that presuppose linear or almost linear correlations, ML models can deal with nonlinear
interactions among mammography acquisition parameters. The better results of ANN-
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based models in this research indicate that they can capture these complicated relationships.
ANNs can be used to model higher-order relationships between exposure settings, beam
quality, and anatomic factors that are difficult to model in linear models due to the use of a
multilayer architecture and nonlinear activation functions. This observation is not new and
aligns with the literature on ML-based dose estimation systems, which has demonstrated
neural networks to be better than traditional regression models in their ability to predict
radiological dose scales [36].

Nevertheless, ensemble tree-based models, such as RFR, GBR, and XGB, have demon-
strated strong performance, indicating that both interpretability and performance should be
considered when selecting a model. These tree-based models have benefits in clinical stud-
ies because they are comparatively robust to feature scaling, are partially resistant to missing
data, and rank features by their importance [37]. This interpretability proves particularly
useful in areas such as quality assurance and protocol optimization, where an explanation
of the reasons behind prediction variation is as important as the prediction itself.

The tabular ML method has operational benefits for clinical implementation. DICOM
header dosimetric parameters are easily accessible, can be obtained with little preprocessing,
and can be calculated with limited computing costs. This renders tabular ML models
appealing as part of standard quality control processes, and they could be employed to
call out tests outside of the anticipated dose ranges or to compare performance across
imaging systems. Furthermore, a logical and clinically important extension of these models
to classification problems, such as the detection of examinations that are above regulatory
limits, makes sense.

4.2.2. Deep ML Fusion Model

A more ambitious model is the deep ML fusion model, which fuses structured dosi-
metric data with unstructured image information. Notably, the image branch uses a Vision
Transformer (ViT) backbone. ViTs are effective in medical imaging tasks, including long-
range spatial dependencies, providing an alternative to conventional convolutional neural
networks (CNNs). The results of the assessment of various versions of fusion models can
give valuable information regarding the connection between the choice of features, the
complexity of the model, and the generalization. The performance of version 1 shows a
typical difficulty of medical ML, namely, that the incorporation of features that are highly
predictive but physically connected (e.g., entrance dose) causes artificially high validation
performance to hide overfitting or data leakages. The significant difference between train-
ing and validation errors in this version highlights the importance of the need to reconcile
the ML design decisions with the physics of the target variable.

Likewise, the findings with version 2 show that robustness could be enhanced by
removing features that may confound the predictive power. Limiting analytical MGD
calculation to entrance dose eliminates the chance of circular learning and the limitation of
age to age-specific imbalance without excluding its clinical relevance in the dataset. This
supports a significant, relevant, and context-dependent methodological concept that should
be measured considering data quality and completeness limitations.

The findings obtained using version 3 further highlight that though breast thickness
and projection view are the key determinants of MGD, they do not provide the full com-
plexity of dose formation when used independently. The lower overfitting of this minimal
feature model implies better generalization but with lower accuracy. The trade-off supports
the purpose of feature selection strategies that are balanced in terms of physical relevance
and statistical strength. Consequently, the fusion model illustrates that it is possible to
combine mammographic images with tabular dosimetric data. Although tabular features
represent intent to acquire and system settings, spatial dose distribution and tissue compo-

https://doi.org/10.3390/jimaging12070330

https://doi.org/10.3390/jimaging12070330


J. Imaging 2026, 12, 330 13 of 16

sition are implicitly represented by the image branch. These hybrid methods can eventually
allow for a more personalized estimation of the dose when model complexity is controlled.

4.3. Implications

This study has several significant implications for mammography dosimetry, clinical
practice, and the design of ML-aid quality assurance instrumentations. Together, the
findings indicate that the MGD behavior is regulated by multifaceted interactions between
anatomical parameters and acquisition parameters, and these multifaceted interactions
can be successfully approximated using well-constructed ML and deep learning models
without breaking the rules of physical dose calculation.

First, on the clinical front, the capacity to accurately approximate the MGD based
on DICOM-derived parameters, which can be readily obtained on a routine basis, has
direct implication for the protection of patients from radiation [38]. The findings indicate
that ML-based models can aid in continuous dose monitoring in examinations that use
a dose outside the anticipated dose ranges, despite the lack or partiality of explicit dosi-
metric computations. This capacity is especially useful in scenarios where throughput
screening is of high intensity and real-time feedback may assist radiographers in modifying
the acquisition parameters to prevent an accidental dose increase while still achieving
diagnostic image quality. Furthermore, the sensitivity of the MGD to parameter combi-
nations but not to individual parameters used in an isolated setting is one of the reasons
why protocol optimization strategies with consideration of multivariate interactions are
needed. ML decision-support systems may help clinicians to implement exposure set-
tings specific to individual patients, thus moving the idea of personalized radiation dose
management forward.

Second, technically, the high performance of tabular ML models suggests that complex
dose prediction is not always intensive in terms of computation requirements when dealing
with images. The tabular dosimetric trained models can be implemented on common
clinical devices and thus can be integrated into an existing radiology information system
or image archiving and communication system (PACS). It is further hypothesized that
image-based information can be used in fusion models to potentially supplement dose
prediction in the presence of structured data, though only in cases where feature selection
is well controlled. In the design of ML systems, a major consequence is that generalization
is likely to be compromised with the inclusion of all possible features, but physics-informed
feature selection can enhance the system’s resilience and comprehensibility. These results
endorse a hybrid modeling approach where domain knowledge drives ML architecture
and feature engineering.

Thirdly, methodologically, the study supports the necessity of designing ML models in
line with the physics of the variable of interest. The performance degradation observed in
the case where the entrance dose was not removed but increased provides evidence that ML
models can be used to infer latent physical relationships as opposed to being an analytical
calculation method. The generalization of this discovery in the use of ML in medical
physics, in which a significant number of variables of interest are obtained as solutions
of deterministic equations, is evident. The findings also underscore the importance of
strident analysis of features, cross-validation, and sensitivity testing to make sure that
predictive performance is indicative of actual learning and not data leakage or overfitting.
The practices must be viewed as critical in the creation of ML tools for use in clinical
decision support.
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4.4. Limitations and Future Directions

Further evaluations are needed to rule out possible leakages, including sensitivity
testing at patient and examination levels. Several additional constraints should be consid-
ered when interpreting the findings of this study. First, age data are not fully provided,
and some analyses become incomplete without excluding features, thus restricting the
inferences regarding the impacts of demographic factors on dose. Even though this choice
enhanced the stability of the model using the current dataset, age is a clinically relevant
variable that must be included in future research with complete datasets. Second, the
analytical calculation of MGD is known to exhibit certain limitations related to homoge-
neous tissue assumptions and reduced breast geometry. Although these limitations are
clearly acknowledged in the literature, they still act as a source of uncertainty in large-scale
mammography dosimetry experiments.

Third, the sample is representative of a relatively small age range, which could limit the
generalizability of the findings. Multi-center and multi-vendor datasets are thus necessary
to provide external validation. Lastly, the deep fusion model creates great computational
requirements. The ViT input requirements of high-resolution DICOM images can be
fulfilled by resizing the images, but this can result in the loss of fine structural information,
the effects of which should be studied further. It might be necessary to tackle this problem
by employing higher-resolution architecture or patch-based learning. The next phase
of the research would be to determine the external validity of the proposed models in
different populations using different imaging systems. The use of volumetric breast density
or direct glandularity measurements may be beneficial to increasing the physiological
interpretability and refining the estimation of patient dose. More elaborate fusion schemes,
such as the use of multi-scale image representations and weighting tabular features based
on attenuation, could further enhance performance as well.

From a quality assurance perspective, the ML-based MGD prediction models can
be used to supplement the current regulatory framework with automated benchmarking
based on national and international diagnostic reference levels (DRLs). Future applications
may include excess DRL detection, outlier dose detection, and analyses of the false nega-
tive rate, Bland–Altman agreement, and acceptable error range. Dose optimization and
justification in medical imaging are gaining considerable importance in regulatory agencies.
The methodologies used in this study accommodate such objectives by providing dose
evaluation tools that can be scaled and applied in conjunction with standard guidelines
from agencies like IAEA, ICRP, and FDA. Notably, the explicit assessment of target leakage
is believed to enhance the physical usefulness of ML-assisted dosimetry, an issue that often
raises concerns among regulators and clinical physicists.

Lastly, future clinical trials are required to determine the integration of ML-assisted
MGD prediction into clinical mammography routines to enhance dose optimization, quality
control, and regulatory adherence.

5. Conclusions
The study demonstrates the usefulness of open-source DICOM mammography

datasets in the development of an ML-based MGD estimation. The results indicate that
ANN-based models are generally better than traditional linear and tree-based models in
terms of predictive accuracy, low cross-validation error, and high generalization, while
also having low overfitting susceptibility. These findings suggest that nonlinear learn-
ing architectures are especially well placed to describe the complicated interactions of
mammography acquisition parameters and patient-specific effects that determine mammo-
graphic dose. In addition to tabular modeling, the paper presents and comprehensively
discusses a deep learning fusion framework that combines mammographic DICOM images
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and structured dosimetric data. The findings indicate the value of physics-based feature
selection in hybrid architecture, and show that eliminating features that are more likely to
undergo data leakage enhances the robustness of the model without affecting the predictive
quality. The efficiency of the implemented Vision Transformer-based fusion model also
demonstrates the possibility of integrating image-obtained data with tabular data to predict
doses, and the performance of the model trades off between its complexity, generalization,
and computational consumption. Overall, this research provides a sound methodology for
applying ML and deep learning to mammography dosimetry, focusing on transparency,
validation, and consistency relative to known physical dose models.
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