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Abstract

Purpose This study explores integrating clinical features with radiomic and dosiomic characteristics into Al models
to enhance the prediction accuracy of radiation dermatitis (RD) in breast cancer patients undergoing volumetric
modulated arc therapy (VMAT).

Materials and methods This study involved a retrospective analysis of 120 breast cancer patients treated with VMAT
at Kaohsiung Veterans General Hospital from 2018 to 2023. Patient data included CT images, radiation doses, Dose-
Volume Histogram (DVH) data, and clinical information. Using a Treatment Planning System (TPS), we segmented CT
images into Regions of Interest (ROIs) to extract radiomic and dosiomic features, focusing on intensity, shape, texture,
and dose distribution characteristics. Features significantly associated with the development of RD were identified
using ANOVA and LASSO regression (p-value < 0.05). These features were then employed to train and evaluate Logistic
Regression (LR) and Random Forest (RF) models, using tenfold cross-validation to ensure robust assessment of model
efficacy.

Results In this study, 102 out of 120 VMAT-treated breast cancer patients were included in the detailed analysis.
Thirty-two percent of these patients developed Grade 2* RD. Age and BMI were identified as significant clinical pre-
dictors. Through feature selection, we narrowed down the vast pool of radiomic and dosiomic data to 689 features,
distributed across 10 feature subsets for model construction. In the LR model, the J subset, comprising DVH, Radiom-
ics, and Dosiomics features, demonstrated the highest predictive performance with an AUC of 0.82. The RF model
showed that subset |, which includes clinical, radiomic, and dosiomic features, achieved the best predictive accuracy
with an AUC of 0.83. These results emphasize that integrating radiomic and dosiomic features significantly enhances
the prediction of Grade 2* RD.

Conclusion Integrating clinical, radiomic, and dosiomic characteristics into Al models significantly improves
the prediction of Grade 2* RD risk in breast cancer patients post-VMAT. The RF model analysis demonstrates
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that a comprehensive feature set maximizes predictive efficacy, marking a promising step towards utilizing Al in radia-
tion therapy risk assessment and enhancing patient care outcomes.

Keywords Artificial intelligence, Radiomics, Dosiomics, Radiation dermatitis, Breast cancer

Introduction

This study is dedicated to addressing the predictive chal-
lenge of radiation dermatitis (RD), a common side effect
encountered by breast cancer patients following radio-
therapy. Despite significant advancements in radiation
treatment technologies such as volumetric modulated
arc therapy (VMAT) and intensity modulated radiation
therapy (IMRT) in achieving substantial coverage of the
planned target volume (PTV) [1], approximately 90%
of patients are likely to experience skin tissue damage
caused by radiotherapy, known as RD. The severity of RD
is directly correlated with the dose of Radiation Therapy
(RT), with about 30% of patients potentially experiencing
moderate to severe symptoms. This not only affects the
patients’ comfort and psychological state but may also
lead to interruptions in the treatment plan or result in
permanent skin changes [2—4]. Therefore, developing a
highly accurate predictive model to forecast and mitigate
the occurrence of RD is of great importance for improv-
ing the treatment process and enhancing the quality of
life for patients.

Early studies have established univariate normal tis-
sue complication probability (NTCP) models from dose-
volume histogram (DVH) parameters generated by the
treatment planning system (TPS) from PTV and sur-
rounding organs, or multivariate machine learning mod-
els that incorporate clinical features such as patients’ age,
height, weight, tumor size, lymph node status, and sur-
gical and treatment methods for predicting RD in breast
cancer patients [5-8]. However, the precision of these
methods is limited.

In recent years, Radiomics and Dosiomics have revolu-
tionized cancer diagnosis and complication prediction by
offering new analytical pathways. Radiomics can extract
morphological, intensity, and texture features from
regions of interest (ROI) in non-invasive medical images
such as computed tomography (CT), magnetic resonance
imaging (MRI), and positron emission tomography (PET)
scans, providing insights into the biological character-
istics of tissues [9-12]. Dosiomics extends this analysis
by examining dose distribution uniformity and spatial
variability, offering a deeper understanding compared to
traditional DVH methods. This integration significantly
enhances the predictive power and credibility of mod-
els for RD, crucial for optimizing treatment outcomes
[13-15]. The application of Radiomics and Dosiom-
ics in predicting RD is well-established, as evidenced by

several studies. One study demonstrated improved pre-
diction accuracy for acute skin toxicity using a dosiomics
model in a linear accelerator setup [16], another showed
promising results from using a Bayesian-optimized clas-
sifier framework on 4D-CT scans for radiodermatitis
prediction [17], and a multicenter study emphasized the
effectiveness of data encapsulation and dose-gradient
radiomics in clinical applications [18]. Collectively, these
studies highlight the profound potential of these technol-
ogies in enhancing RD prediction accuracy.

The objective of this study is to investigate how to
effectively integrate Radiomics and Dosiomics tech-
nologies and utilize artificial intelligence (AI) models to
improve the prediction accuracy of radiation-induced
skin reactions (RD) risk in breast cancer patients follow-
ing radiotherapy, thereby providing more accurate deci-
sion support for clinical physicians.

Materials and methods

Data collection

This study utilized radiomics and dosiomics to evaluate
the occurrence of RD in patients treated with VMAT. We
examined records from 120 breast cancer patients who
completed a standard VMAT protocol of 50Gy over 25
fractions at Kaohsiung Veterans General Hospital from
2018 to 2023. Exclusion criteria included patients who
had undergone tumor or breast surgery, received elec-
tron beam boost, did not complete the prescribed course
of treatment, or had interruptions in their treatment.
Clinical and dosimetry data were meticulously collected
after treatment, with regions of interest (ROIs) clearly
delineated using the Treatment Planning System (TPS;
Pinnacle3 versions 9.8 and 14, Philips Radiation Oncol-
ogy Systems, Fitchburg, WI). All relevant data, including
CT images, structural setups, and treatment plans along-
side dose distributions, were exported in Digital Imag-
ing and Communications in Medicine (DICOM) format,
which encompasses RTDOSE files. These were integral
for subsequent data analysis and the development of the
RD predictive model. The research framework is outlined
in Fig. 1, illustrating the stages of data collection, feature
extraction, feature selection, and model development
and evaluation. This study received approval from the
Institutional Review Board (IRB) at Kaohsiung Veterans
General Hospital (KSVGH23-CT12-09), and the need for
informed consent was waived due to the retrospective
nature of the study.
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Development of RD during VMAT
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Fig. 1 The flowchart of the study protocol. Abbreviation: VMAT, Volumetric Modulated Arc Therapy; CT, Computed Tomography; RT, Radiation
Therapy; DVH, Dose-Volume Histogram; mm, millimeters; ANOVA, Analysis of Variance; LASSO, Least Absolute Shrinkage and Selection Operator;
ROI, Region of Interest; RF, Random Forest; RD, Radiation Dermatitis; AUC, Area Under the Receiver Operating Characteristic Curve; NPV, Negative

Predictive Value; ACC, Accuracy

Volumetric Modulated Arc Therapy (VMAT) technique

All patients were positioned supinely with arms elevated,
scanned using a GE Discovery CT590 RT (GE Health-
care, USA) set to a slice thickness of 2.5 mm and a resolu-
tion of 512512 pixels. Depending on the affected side,
either the left or right breast and associated at-risk lymph
node regions were targeted. The treatment was delivered
using Synergy or Versa HD linear accelerators (Elekta AB,

Stockholm, Sweden), with a photon energy of 6 MV. Each
patient underwent 25 VMAT sessions, receiving 2Gy per
session.

Radiation Dermatitis (RD) assessment

In our study, we conducted a meticulous analysis of ret-
rospective follow-up records from the VMAT treatment
period to gather comprehensive clinical data on RD.
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We focused specifically on the most severe instances of
RD diagnosed in each patient throughout the treatment
course, from the onset of therapy. These instances were
independently evaluated by expert radiation oncolo-
gists using the established Radiation Therapy Oncology
Group (RTOG) criteria and systematically recorded in
the Hospital Information System (HIS). RD is graded by
RTOG as follows: Grade 0 shows no noticeable change
from pre-treatment; Grade 1 includes mild symptoms
such as faint erythema, hair loss, dry desquamation,
and reduced sweating; Grade 2 presents more pro-
nounced reactions like tender erythema or moderate
edema; Grade 3 involves severe conditions including
widespread moist desquamation outside of skin folds;
and Grade 4 includes critical issues such as skin ulcera-
tion, spontaneous bleeding, or necrosis.

The primary endpoint of this study was to iden-
tify occurrences of moderate to severe RD, classified
as Grade 2 or higher, with such cases documented as
’1” and less severe reactions as ’0. By focusing on the
peak severity of RD observed at any time during treat-
ment, our approach accounts for the maximum impact
of radiation on each patient’s skin health, providing a
comprehensive evaluation of the worst-case scenarios.
This method is essential for accurately documenting
the peak severity of RD and evaluating the effectiveness
of radiation therapy and management strategies in mit-
igating the most significant adverse effects.

Page 4 of 17

Feature extraction

Clinical and DVH features

We collected clinical data on 120 breast cancer patients
from the hospital’s Health Information System (HIS).
These data included age, gender, Body Mass Index (BMI),
cancer stage as defined by the American Joint Commit-
tee on Cancer (AJCC), types of surgical intervention,
involvement of supraclavicular fossa (SCF) or internal
mammary nodes (IMN), and whether chemotherapy was
administered, amounting to eight variables in total.

In the TPS, based on CT scans of these patients, twelve
Regions of Interest (ROIs) were precisely delineated.
These ROIs were marked 5mm beneath the skin on the
side affected by breast cancer, for radiation exposure lev-
els from Vjg, up to Vyyg, (in 5Gy increments) and spe-
cifically for areas receiving 100% (PTV,y) and 105%
(PTV,g5) of the prescribed dose. The DVH feature
parameters from these ROIs were extracted using the
TPS. Fig. 2 provides a schematic illustration of the 12 cal-
culated ROIs used in this study.

Radiomics and dosiomics features

As shown in Fig. 2, we employed the PyRadiom-
ics software tool (version 3.1.0, Python 3.9) [19] to
conduct quantitative analyses on CT scans with pre-
marked ROIs and available dose distribution data. This
process involved extracting a detailed set of image fea-
tures from the specified ROIs to assess radiomic char-
acteristics comprehensively. The features extracted
included: 1) Intensity, which involves statistical
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Fig. 2 Schematic illustration of the 12 calculated Regions of Interest (ROIs) in this study. Abbreviation: PTV, Planning Target Volume; Vy Gy, Volume
in cubic centimeters of skin receiving x dose of Gray; PTVyq, Planning Target Volume Receiving x % of the Prescription Dose
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descriptors like mean, median, and standard deviation
that outline the distribution of pixel intensities within
the ROIs; 2) Shape, detailing the geometric dimensions
such as area, perimeter, and maximum diameter of the
ROIs; 3) Texture, analyzing pixel patterns and arrange-
ments using methods like the Gray Level Co-occur-
rence Matrix (GLCM); and 4) Wavelet, a technique
that captures image details across multiple scales and
orientations through wavelet transform, enhancing
the detection of intricate image details. These features
collectively facilitate a robust examination of the radi-
omic attributes essential for the study.

Dosiomics employed the RTDOSE files exported
from the TPS for feature transformation, focusing on
extracting dose-related image features. This includes
a detailed analysis of dose distribution within the
ROI, such as dose uniformity, the location and size
of hotspots, and dose-volume related parameters.
These metrics are crucial for assessing the quality of
radiation treatment plans and predicting treatment
outcomes.

In this initial phase, the extraction process yielded
9,996 radiomics features and 1,260 dosiomics features.
The outcome of this feature extraction provides the
essential quantitative data required for the subsequent
steps of feature selection and model development.
Fig. 1 offers a visual representation of these features,
including histograms, shape outlines, texture patterns,
and dose distribution maps, underscoring the diversity
and complexity of the information extracted from the
original images.

This study adhered to the standards of the Image
Biomarker Standardisation Initiative (IBSI) to ensure
comparability and standardization across all scans.
We maintained uniform voxel sizes for both dose and
CT images, with all dose images uniformly collected
at 3mm x 3mm x 3mm, and CT images scanned with
the same machine, eliminating the need for additional
resampling. Image intensities were normalized on a
scale from 0 to 100, where O represents the minimum
and 100 the maximum intensity observed. PyRadiomics
supports such normalization, enhancing comparability
across different imaging modalities.

For feature extraction, a fixed bin width of 25 Houns-
field Units (HU) was used to quantify gray levels,
ensuring the comparability of texture features across
various conditions and scans. PyRadiomics also offers
adjustable thresholding for ROI segmentation, allow-
ing precise delineation of relevant tissue boundaries.
Most parameter settings in PyRadiomics adhere to IBSI
guidelines, and while many allow for customization, we
predominantly used default settings to maintain con-
sistency throughout our study.
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Feature selection and statistical analysis

To differentiate between patients with RD less than
Grade 2 and those with Grade 2 or higher (Grade 2%),
chi-square tests were applied to categorical features,
while ANOVA was used for continuous features, setting
a significance threshold at a p-value of less than 0.05.
Features not meeting this criterion were excluded to
avoid model overfitting and enhance generalizability. The
selected features were then integrated with clinical and
DVH parameters to form ten distinct feature subsets for
model development.

The LASSO method further refined these subsets by
eliminating features not strongly correlated with Grade
2% RD. This was achieved through tenfold cross-valida-
tion, where LASSO’s L1 regularization reduces the coef-
ficients of less significant features to zero. This method
effectively manages both continuous and categorical vari-
ables and addresses issues of multicollinearity, ensuring
that only the most predictive features are retained.

Each subset underwent rigorous testing and valida-
tion, enabling the selection of the most appropriate
features based on their contribution to the model’s pre-
dictive accuracy. This comprehensive approach not only
enhances understanding of interactions and multicollin-
earity among variables but also ensures the robustness of
the predictive model.

For the final model construction, the refined features
were used to train both a RF and a LR model, aimed at
predicting the likelihood of patients developing Grade 27"
RD following VMAT treatment. The entire process, from
feature selection using ANOVA and LASSO regression
to the precise delineation of features from TPS-exported
data, underscores the rigorous methodological frame-
work employed in this study. This approach not only
enhances the predictive capability of both models for
radiation dermatitis but also provides a reliable methodo-
logical foundation for future research, facilitating effec-
tive application across various clinical scenarios.

Statistical analysis was conducted using the statisti-
cal functions of SciPy (SciPy 1.11.4, Python 3.9), while
LASSO regression analysis was implemented using the
Scikit-learn package (Scikit-learn 1.3.2, Python 3.9).

Modeling and evaluation of the RD prediction model

In our study, we applied both LR and RF models to assess
the risk of RD in patients treated with VMAT for breast
cancer. The LR model, renowned for its quick computa-
tional ability and ease of use, is ideal for binary outcomes,
such as predicting whether a patient will develop Grade 2
or higher RD. This distinguishes it from linear regression
models, which are more commonly used for predicting
continuous outcomes. Conversely, the RF model excels
in handling high-dimensional datasets and avoiding
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overfitting, which is essential given the complex mix of
clinical, DVH, radiomics, and dosiomics data involved in
this research [20-22]. Its resilience to missing data and
outliers further solidifies RF’s role in enhancing the gen-
eralizability of our findings, thereby ensuring that our
predictive models are both accurate and robust.

In this research, we meticulously assembled a variety of
data elements—radiomics, dosiomics, clinical indicators,
and DVH parameters—into ten distinct subsets for analy-
sis. Each subset was carefully crafted through the LASSO
regression technique to ensure only the most predictive
features were selected for our modeling efforts. Detailed
information on the composition and quantity of features
within each subset is thoroughly documented in Table S1,
located in the supplementary materials. Utilizing these
tailored feature sets, we trained the RF model to clas-
sify and predict the likelihood of Grade 2* RD in patients
undergoing breast cancer treatment. To optimize the
robustness and accuracy of our models, we implemented
a 70:30 split between training and validation datasets,
ensuring substantial coverage for model training while
reserving enough independent data to accurately evalu-
ate the model’s performance. This strategic division sup-
ports a detailed assessment and refinement of the model’s
predictive capabilities, ultimately enhancing its practical
application in clinical scenarios.

During the model training phase, tenfold cross-valida-
tion was adopted to maximize the generalization ability
of the model. This technique splits the entire dataset into
10 equal parts, with each part serving sequentially as the
test set and the remaining parts used as the training set.
This rotation ensures each data point is used for both
training and testing, enhancing the evaluation’s accuracy
by verifying that the model’s performance on new data is
consistent with its performance during training.

To address the balance of classification outcomes, we
implemented stratified sampling in dividing the data.
This approach ensures a consistent ratio of categories
within each fold, which is crucial in preventing biases
that could arise from imbalanced datasets. By maintain-
ing an even representation of classes across all subsets,
our method provides a rigorous and equitable assess-
ment of the model’s predictive capabilities, ensuring that
the results are dependable and reflective of real-world
scenarios.

To evaluate the performance of our predictive model for
Grade 2" RD in breast cancer patients post-VMAT treat-
ment, we utilized a comprehensive array of metrics: Area
Under the Curve (AUC), Positive Predictive Value (PPV),
Negative Predictive Value (NPV), Accuracy, F1-Score,
and Precision-Recall AUC. These metrics provide a holis-
tic assessment of the model’s predictive accuracy and
recall capabilities, allowing us to comprehensively gauge
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its strengths in different scenarios, such as its ability to
accurately predict outcomes, manage various error types,
and maintain a balance between precision and recall.
Additionally, we implemented SHapley Additive exPla-
nations (SHAP) to interpret the best-performing model,
using SHAP values to assess and highlight the most
influential features for predicting Grade 2* RD in breast
cancer patients. This approach not only underscores the
model’s diagnostic precision but also enriches our under-
standing of how specific features impact the prediction
of RD, thus guiding further enhancements to the model’s
effectiveness and reliability in clinical settings.

Results

Patient characteristics

We initially collected data on 120 patients. However, fol-
lowing a meticulous screening process which included
box plot analysis for outlier detection, 11 patients were
excluded from the study. Further exclusions involved 6
patients who had not undergone breast surgery prior to
receiving radiation therapy and 1 patient whose Vsq,
volume was too small for accurate PyRadiomics calcula-
tion. Consequently, the refined cohort comprised 102
patients eligible for final analysis. Within this group, 33
individuals (32%) experienced Grade 2 or higher RD dur-
ing the treatment period. Detailed clinical characteris-
tics of the participants, including significant correlations
between age, BMI, and the incidence of Grade 27 RD, are
comprehensively tabulated in Table 1. Dosimetry param-
eters derived from DVH, crucial for assessing radiation
exposure, are methodically documented in Table 2. This
structured approach ensures a rigorous examination of
factors influencing RD, providing a robust dataset for
subsequent analyses.

Grade 2% RD feature selection

Initially, the patient features assessed included 8 clinical
characteristics, 12 DVH parameter features, and 14,364
features each from radiomics and dosiomics. Prelimi-
nary screening using ANOVA statistical tests identified
523 radiomics features and 166 dosiomics features. These
were further combined with the 8 clinical features and
12 DVH parameter features to create 10 different fea-
ture subsets for evaluation. From each feature subset, the
LASSO method was employed to identify features highly
correlated with Grade 2" RD complications to generate
the optimal feature combinations. The definition, type of
features, number of features, and the top 3 most impor-
tant features selected by LASSO for each subset combi-
nation are listed in Table 3. Detailed features included
in each feature subset are provided in Supplementary
Table S1.
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Table 1 Characteristics of patients with breast cancer treated by VMAT
during VMAT period
Total with Grade 2* RD <Grade 2 p-value
n=102(100%) n=33(32%) n=69(68%)
Age (y) <0.05
Mean 57 61 55
Range 37—81 41-81 37-77
BMI <0.05
Mean 23.70 24.74 23.20
Range 16.65 - 32.65 18.05-32.65 16.65-31.21
Tumor Laterality 0.784
Left 49 (48%) 17 (17%) 32 (31%)
Right 53 (52%) 16 (16%) 37 (36%)
Type of Surgery 0.067
™ 14 (14%) 8 (8%) 6 (6%)
BCS 88 (86%) 25 (25%) 63 (62%)
AJCC 0.375
0 26 (25%) 7 (7%) 19 (19%)
1 36 (35%) 13 (13%) 23 (23%)
2 29 (28%) 7 (7%) 22 (22%)
3 8 (8%) 4 (4%) 4 (4%)
4 3 (4%) 2 (2%) 1 (1%)
SCF 0.712
No 81 (79%) 25 (25%) 56 (55%)
Yes 21 (21%) 8 (8%) 13 (13%)
IMN 0.114
No 87 (85%) 25 (25%) 62 (61%)
Yes 15 (15%) 8 (8%) 7 (7%)
Chemotherapy 0403
No 54 (53%) 15 (15%) 39 (38%)
Yes 48 (47%) 18 (18%) 30 (29%)

The grading of dermatitis is defined according to the RTOG grading criteria

For continuous numerical features, the ANOVA test is employed, while for categorical features, the Chi-square test is utilized

VMAT Volumetric modulated arc therapy, AJCC American Joint Committee on Cancer, SCF Supraclavicular Fossa, IMN Internal Mammary Nodes, ANOVA Analysis of

Variance

Grade 2% RD prediction model evaluation and feature
importance
In this study, the 10 feature subsets detailed in Table 3,
each filtered through the LASSO method, were indepen-
dently evaluated using the LR model. The performance
metrics for each subset were presented in Fig. 3(a), with
Subset J (comprising DVH, Radiomics, and Dosiomics
features) demonstrating the best performance for pre-
dicting Grade 2% RD, achieving an average AUC of 0.82
(represented by a red line). The next best performing
subset was Subset I (comprising Clinical, Radiomics, and
Dosiomics features), with an average AUC of 0.77.
Additional performance metrics such as Accuracy
(ACC), Positive Predictive Value (PPV), Negative Predic-
tive Value (NPV), Fl-score, Specificity, and Precision-
Recall AUC were tabulated in Table 4. The ACC of the

LR model ranged between 0.67 to 0.74, with the highest
accuracy observed in subsets containing Clinical, Radi-
omics, and Dosiomics features—particularly in Subsets I
and J. The highest PPV was 0.62, and NPV values con-
sistently exceeded 0.70, indicating the model’s stability in
predicting both positive and negative instances of Grade
2" RD. The F1-score varied between 0.36 to 0.60, indicat-
ing performance variability across different feature sub-
sets, with Subset ] performing optimally.

The Specificity values in the LR model were nota-
bly high across all models, demonstrating the model’s
effectiveness in identifying patients without RD. The
Precision-Recall AUC ranged from 0.42 to 0.72, with
Subset I achieving the highest score, indicating an opti-
mal balance between precision and recall.
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Table 2 Candidate Dose Factors for Breast Cancer Patients Undergoing VMAT
during VMAT period

Total with Grade 2" RD <Grade 2

n=102 (100%) n=33(32%) n=69 (68%)
Feature Range (cc) Mean +SD (cc) Range (cc) Mean £SD (cc) Range (cc) Mean £ SD (cc)
Vs 151.85—689.46 296.77 £106.84 151.85—576.46 32820+113.12 166.27—689.46 281.74+101.11
Vig 131.52—495.88 235.11+£75.98 131.52—465.14 259.28+82.90 137.90—495.88 223.54+70.16
Vis 120.33—388.06 206.67+59.67 120.33—353.85 226.84+65.35 122.99—388.06 197.03+54.64
Vo 112.44—328.19 187.99+49.42 112.44—302.90 205.13+54.99 114.71—328.19 179.79+44.65
Vs 105.52—274.05 172.69+41.26 105.52—274.05 188.33+46.76 108.11—271.75 16521+36.39
Vs, 99.47—243.86 159.13+35.20 99.47—243.86 172.07 +39.67 101.19—228.71 152.94+31.30
V35 92.86—213.55 146.09+30.42 93.52—213.55 156.76+33.14 92.86—201.92 140.99+27.86
Vs 82.37—192.09 1323442711 86.71—192.09 1413742832 82.37—182.12 128.03+25.61
Vs 63.50—15948 1105742322 7449—15948 11835+23.85 63.50—149.97 106.85+22.13
Vso 13.31—107.64 42.05+18.07 13.31—107.64 4561+22.17 13.59—81.78 4035+15.64
PTV:00% 187.65 -1599.94 619.98 +289.09 187.65—1599.94 737.73+34859 199.56—1346.79 563.66+238.74
PTV 050 0.15—461.17 4593+67.69 0.39—300.11 61.79+7567 0.15—461.17 3835+62.70

VMAT Volumetric modulated arc therapy, mm millimeters, cc cubic centimeters, SD Standard Deviation, Vy g, Volume in cubic centimeters of skin receiving x dose of

Gray, PTVyq, Planning Target Volume Receiving x % of the Prescription Dose

The results from the LR model highlight the benefit of
combining clinical features with imaging features from
Radiomics and Dosiomics. In particular, Subset I (com-
prising Clinical, Radiomics, and Dosiomics features)
showed promising performance.

The RF model’s training and testing outcomes for pre-
dicting Grade 2* RD complications in breast cancer
patients are presented in Fig. 3(b), where the AUC values
for each feature subset are displayed. Subset I (including
Clinical, Radiomics, and Dosiomics features) emerged
as the most effective model for predicting Grade 2 RD,
with an AUC of 0.83 (represented by a red line). Table 5
lists other performance metrics for the RF model.

The ACC for the RF model ranged from 0.64 to 0.78,
with the highest observed in Subset F, which included
Radiomics and Dosiomics features. Models built with
all feature subsets maintained commendable levels of
PPV and NPV, ensuring precise predictions of Grade 2*
RD occurrences. The F1-score ranged from 0.32 to 0.54,
demonstrating variability across different combinations
of features. Specificity values varied between 0.76 to
0.89, confirming the RF model’s effectiveness in identify-
ing patients without RD. The Precision-Recall AUC val-
ues ranged from 0.48 to 0.66, with Subset ] achieving the
highest, indicating the best balance between precision
and recall.

The impact of feature combinations on prediction
performance is evident, particularly when Radiomics
and Dosiomics features are included in both LR and RF
models. A comprehensive comparison of the two models
indicates that the inclusion of clinical features in Feature

Subset I (comprising Clinical, Radiomics, and Dosiomics
features) significantly enhances the prediction accuracy
and reliability for Grade 2% RD. This subset consists of
1 clinical feature, 21 Radiomics features, and 5 Dosiom-
ics features. The correlation between features in Subset I
and Grade 2% RD is detailed in Fig. 4, where the LASSO
feature importance graph shows blue indicating positive
correlations and red indicating negative correlations. This
visualization not only underscores the predictive strength
of these features but also highlights their specific influ-
ence on the outcome.

Figures 5 and 6 illustrate the differences in feature
importance between the LR and RF models as depicted
by SHAP values, which quantify each feature’s impact on
the models’ ability to predict Grade 2* RD after training.
The color gradient from blue to red indicates the magni-
tude of the feature values. Higher SHAP values signify
a significant impact on predicting Grade 2* RD, while
lower values suggest a lesser impact.

Discussion

Currently, there are relatively few studies utilizing
Radiomics and Dosiomics methods for predicting RD
responses in breast cancer patients based on CT images.
Therefore, this research aims to delve deeper into the
potential of Radiomics and Dosiomics approaches for
predicting more severe RD responses in breast cancer
patients through the analysis of predictive model results
from 10 different feature subsets. This exploration seeks
to understand whether these methods can offer broader
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Table 3 LASSO-Identified Prognostic Feature Correlations in 10 Subsets

Subsets ID Feature Composition Feature Count Top 3 Features in the subset
A Clinical 4 DVH_PTV, 00
DVH Age
DVH_ Vo,
B Clinical 31 Radiomics_\/m@_wavelet_HLL_glcm_\nverseVariamce
Radiomics Radiomics_VSOGy_vvaveIet_HLH_ﬁrstorder_Mean
Radiomics_PTV, s, _wavelet_LHL_glcm_InverseVariance
@ Clinical 8 Dosiomics_PTVgy_original_glcm_ldmn
Dosiomics Dosiomics_v456y_origina|_gIszm_LovarayLeve\ZoneEmphasis
Age
D DVH 32 Radiomics_\/SOGy_vvaveIet_HLL_gIcm_\nverseVariance
Radiomics Radiomics_PTV, yq,_Wavelet_HLL_firstorder_Skewness
RadIomics_VSOGy_vvaveIet_HLH_ﬁrstorder_Mean
E DVH 9 Dosiomics_Vysg,_original_glszm_LowGraylLevelZoneEmphasis
Dosiomics DVH—VSQGy .
Dosiomics_PTV; yo4_original_glcm_ldmn
F Radiomics 36 Radiomics_VSOGy_wavelet_HLL_gIcm_\nverse\/ariance
Dosiomics Dosiomics_PTVqy_original_glrim_HighGrayLevelRunEmphasis
RadIomics_VSOGy_wavelet_HLH_ﬁrstorder_Mean
G Clinical 32 Radiomics_Vs,_wavelet_HLL_glcm_InverseVariance
DVH Radiomics_VSOGy_wavelet_HLH_ﬁrstorder_Mean
o Radiomics_PTV, ysq,_Wavelet_LHL_glcm_InverseVariance
Radiomics
H Clinical 11 Dosiomics_V,sg,_original_glszm_LowGraylLevelZoneEmphasis
DVH DVH_Vsqq,
o Age
Dosiomics
Clinical 27 Radiomics_VSOGy_wavelet_HLL_gIcm_\nverse\/ariance
Radiomics Dosiomics_PTVqy_original_glrim_HighGrayLevelRunEmphasis
o Radiomics_PTV, sy, _wavelet_LHL_glcm_InverseVariance
Dosiomics
J DVH 41 DVH_Vsog,
Radiomics Radiomics_VSOGy_vvaveIet_HLL_gIcm_\nverseVariance
o Radiomics_\/SOGy_vvaveIet_HLH_ﬁrstorder_Mean
Dosiomics

LASSO Least Absolute Shrinkage and Selection Operator, ID Identifier, DVH Dose-Volume Histogram, Vy g, Volume in cubic centimeters of skin receiving x dose of Gray,
PTVyq Planning Target Volume Receiving x % of the Prescription Dose, H High-pass filter, L Low-pass filter, GLCM Gray Level Co-occurrence Matrix, GLRLM Gray Level

Run Length Matrix, GLSZM Gray Level Size Zone Matrix

assessments and contributions towards forecasting the
severity of RD reactions in such patients.

From the AUC metrics presented in Fig. 3(b), the RF
model’s performance metrics underscore its robustness
in predicting Grade 2* RD. The best-performing feature
subset I, which includes Clinical, Radiomics, and Dosi-
omics features, achieved an AUC of 0.83, closely followed
by subset F, consisting solely of Radiomics and Dosiom-
ics features, with an AUC of 0.81. These results highlight
the significant contribution of Radiomics and Dosiom-
ics features in enhancing the prediction of Grade 2+ RD
in breast cancer patients. Comparatively, the RF model
generally exhibited higher average accuracy and PPV
than the LR model across all feature subsets, indicating
a potential overall performance advantage in predicting
Grade 2" RD. Notably, in the Precision-Recall AUC met-
ric, the LR model’s Subset I and the RF model’s Subset ]
performed exceptionally well, achieving an optimal bal-
ance between precision and recall.

Given the RF model’s superior performance across
most metrics, it is recommended for predicting Grade
2% RD in breast cancer patients. This recommendation
is further supported by the findings of Feng et al. [18],
who reported that models using clinical and dosimetry
parameters alone, Radiomics features alone, and a com-
bination of all three resulted in validation set AUCs of
0.816, 0.907, and 0.911, respectively. These figures cor-
roborate the substantial role of Radiomics features in
boosting the predictive accuracy for Grade 2* RD, dem-
onstrating the effectiveness of integrating these advanced
imaging and dosimetry analyses for more accurate and
reliable RD risk assessments.

Although the AUC of feature subset G (compris-
ing Clinical, DVH parameter, and Radiomics features)
achieved 0.78 in LR and 0.72 in RF models in this study,
which is lower compared to the AUC of 0.911 for a sim-
ilar feature combination reported by Feng et al. [18],
this discrepancy can be attributed to several factors.
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= Test dataset AUC value LR Model
= Max Test dataset AUC value
A 0.62
B 0.72
a C 0.67
= D 0.69
[7)]
‘é E 0.65
..g F 0.77
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I 0.77
J 0.82
0.0 0.2 0.4 0.6 0.8
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A 0.62
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0.77
e C
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G 0.78
H 0.72
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Fig. 3 AUC Results for ten subsets in Predicting Grade 2* RD: (a) LR Model; (b) RF Model. Abbreviation: ID, Identifier; Val, Validation dataset; LR,
Logistic Regression; RF, Random Forest; RD, Radiation Dermatitis; AUC, Area under the receiver operating characteristic curve

Differences in sample sizes, definitions of RD timing,
feature selection and ROI planning, data preprocessing,
algorithms, hyperparameter settings, patient charac-
teristics, and sample proportions are among the vari-
ous details that may lead to these variances [17]. Such
differences underscore the complexity of modeling and

the impact of methodological variations on the perfor-
mance of predictive models.

RD is a non-stochastic effect where the severity can
increase proportionally with the magnitude of the dose
received. This notion is supported by studies from Xie
et al. [23] and Vicini et al. [24], which highlighted that
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Table 4 Prediction of Grade 2* radiation dermatitis in breast cancer patients—average performance metrics of the logistic regression

model across 10 iterations

Subsets ID Feature Composition ACC PPV NPV F1-score Specificity Precision-
Recall
AUC

A Clinical 0.67 0.53 0.72 0.36 0.81 042
DVH

B Clinical 0.73 0.62 0.78 0.55 0.94 061
Radiomics

C Clinical 0.72 061 0.74 045 0.90 0.66
Dosiomics

D DVH 0.69 0.53 0.80 0.52 093 0.57
Radiomics

E DVH 0.72 0.59 0.75 046 0.88 0.57
Dosiomics

F Radiomics 0.72 0.60 0.78 0.52 0.96 0.70
Dosiomics

G Clinical 0.70 0.55 0.78 0.52 093 0.62
DVH
Radiomics

H Clinical 0.71 0.62 0.75 044 0.87 0.57
DVH
Dosiomics
Clinical 0.74 0.59 0.80 0.56 093 0.72
Radiomics
Dosiomics

J DVH 0.74 0.62 0.82 0.60 094 067
Radiomics
Dosiomics

ID Identifier, RD Radiation Dermatitis, AUC Area under the receiver operating characteristic curve, ACC Accuracy, PPV Positive Predictive Value, NPV Negative Predictive

Value

breast volume significantly influences the incidence of
RD following RT in breast cancer patients. Correspond-
ingly, in this study, the LASSO results for the optimal
feature subset I, as depicted in Fig. 4, predominantly
selected features from the Radiomics and Dosiomics
categories that focus on skin areas receiving 100% and
105% of the prescribed dose (PTV o and PTV ). This
alignment of findings emphasizes the critical role of dose
intensity and affected volume in the development of RD.
The LASSO method was utilized to filter out Radiom-
ics and Dosiomics features significantly correlated with
the prediction of Grade 2% radiation dermatitis (RD) in
breast cancer patients. The selected multidimensional
features include texture, shape, and first-order statisti-
cal features. According to the results depicted in Fig. 4,
Radiomics features, predominantly those transformed
by wavelet filters (20 features), were selected due to their
potential association with cellular damage, vascular
changes, or other structural alterations within the region
[25]. Wavelet-filter transformations in our study enhance

feature extraction by capturing information at multi-
ple resolutions, which is crucial for identifying texture
features. These features, indicative of subtle underlying
tissue changes, are revealed through variations in high-
frequency and low-frequency signals across different
scales and orientations. High-frequency details may cor-
respond to fine structural changes like cellular damage or
minor vascular alterations, while low-frequency content
often reflects broader anatomical features such as blood
vessels [26].

The utility of wavelet-transformed features is particu-
larly noted in their ability to detect changes at the lesion
margins from high-frequency signals in the images. This
capacity for capturing fine details associated with struc-
tural changes in tissues suggests potential pathological
alterations, making wavelet transformations valuable in
medical image analysis for distinguishing various physi-
ological and pathological conditions [26]. However, it’s
crucial to recognize that the assumption that these fea-
tures directly represent specific tissue changes remains
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Table 5 Prediction of Grade 27 radiation dermatitis in breast cancer patients—average performance metrics of the random forest

model across 10 iterations

Subsets ID Feature Composition ACC PPV NPV F1-score Specificity Precision-
Recall
AUC

A Clinical 0.64 042 0.70 032 0.86 048
DVH

B Clinical 0.71 0.58 0.73 0.35 0.82 0.59
Radiomics

C Clinical 0.73 0.64 0.75 045 0.89 0.56
Dosiomics

D DVH 0.70 0.72 0.72 033 0.76 0.54
Radiomics

E DVH 0.70 0.62 0.74 041 0.87 0.59
Dosiomics

F Radiomics 0.78 0.85 0.78 0.54 0.83 0.65
Dosiomics

G Clinical 0.73 0.73 0.74 043 0.80 0.60
DVH
Radiomics

H Clinical 0.71 0.63 0.74 045 0.88 0.57
DVH
Dosiomics
Clinical 0.77 0.79 0.77 0.54 0.83 0.59
Radiomics
Dosiomics

J DVH 0.76 0.75 0.77 0.50 0.81 0.66
Radiomics
Dosiomics

ID Identifier, RD Radiation Dermatitis, AUC Area under the receiver operating characteristic curve, ACC Accuracy, PPV Positive Predictive Value, NPV Negative Predictive

Value

theoretical. We have not yet empirically validated a direct
correlation between wavelet-transformed features and
specific tissue alterations like cell damage or vascular
changes. Consequently, interpretations should be made
with caution. Future research should focus on linking
these radiomic features with histopathological findings
and clinical outcomes to confirm their predictive effec-
tiveness for radiation dermatitis, ensuring the scientific
integrity of our findings and guiding clinical applications.

The Radiomics features most highly correlated with
Grade 2% RD were identified as Radiomics_skin5mm_
v45_wavelet-HLL_glcm_InverseVariance and Radi-
omics_ptv_105_wavelet-LHL_glcm_InverseVariance,
where the glem_InverseVariance feature evaluates the
consistency of grayscale values within the image region.
This observation suggests that uniform tissue texture in
the skin regions of breast cancer patients may reduce
their susceptibility to developing moderate to severe
RD. While direct evidence linking consistent tissue tex-
ture to lower RD incidence is sparse, this concept aligns

with findings from Feng H’s study [18]. The study indi-
cates that repositioning PTV and skin regions to areas
with a lower prevalence of radiomic features associated
with moderate to severe RD could potentially lessen
the occurrence of these conditions [18]. This supports
the hypothesis that homogeneous radiomic character-
istics across these regions might positively impact RD
outcomes.

Regarding the selected Dosiomics features, since this
study did not enhance images with filters before extract-
ing Dosiomics features, the original dose-related features
were selected. Dosiomics_ptv_100_original_glszm_Siz-
eZoneNonUniformity reflects the non-uniformity of the
radiation dose distribution in the PTV100% area based
on dose texture, which may lead to localized tissue receiv-
ing higher than expected radiation doses, increasing the
risk of Grade 27 RD. The feature Dosiomics_ptv_100_
original_glrlm_HighGrayLevelRunEmphasis might also
indicate that areas of the skin exposed to higher doses are
associated with an increased risk of Grade 2* RD.
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R_skin5mm_v50_wavelet-HLL_glcm_InverseVariance -
D_ptv_100_original_glrim_HighGrayLevelRunEmphasis
R_ptv_105_wavelet-HHH_glcm_Id -
R_skin5mm_v50_wavelet-HLH_firstorder_Mean -
R_ptv_100_wavelet-LHH_glcm_Correlation -
D_ptv_100_original_glcm_Idmn -
R_skin5mm_v45_wavelet-HLL_glcm_InverseVariance -
R_skin5mm_v25_wavelet-LLL_glrim_LowGrayLevelRunEmphasis -
R_ptv_100_wavelet-LLH_glcm_Correlation -
R_skin5mm_v50_wavelet-LLH_firstorder_Skewness
R_skin5mm_v50_wavelet-HLH_firstorder_Skewness
D_skin5mm_v45_original_glszm_LowGrayLevelZoneEmphasis -
R_ptv_100_wavelet-HHH_ngtdm_Contrast -
R_ptv_105_wavelet-HLH_glcm_DifferenceAverage -
R_ptv_100_wavelet-HLL_ngtdm_Busyness
R_ptv_100_wavelet-HHL_glszm_GrayLevelNonUniformity -
R_ptv_100_original_shape_MinorAxisLength
D_skin5mm_v25_original_firstorder_Range -
R_ptv_100_wavelet-HLH_glcm_ClusterShade
R_ptv_105_wavelet-HLL_glcm_Imc?2 -
R_skindmm_v50_wavelet-HLL_glszm_SmallAreaLowGrayLevelEmphasis -
R_ptv_105_wavelet-HHL_glrlm_ShortRunHighGrayLevelEmphasis
R_ptv_100_wavelet-HLH_glszm_LargeAreaHighGrayLevelEmphasis
R_ptv_100_wavelet-HLL_firstorder_Skewness -
D_ptv_100_original_glszm_SizeZoneNonUniformity

R_ptv_105_wavelet-LHL_glcm_InverseVariance -
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Fig. 4 Feature importance for feature subset | in relation to Grade 2* RD, based on LASSO, with blue indicating positive correlation and red
indicating negative correlation. Abbreviation: LASSO, Least Absolute Shrinkage and Selection Operator; R, Radiomics; D, Dosiomics; PTV, Planning
Target Volume; H, High-pass filter; L, Low-pass filter; GLCM, Gray Level Co-occurrence Matrix; GLRLM, Gray Level Run Length Matrix; GLSZM, Gray

Level Size Zone Matrix; RD, Radiation Dermatitis

This result suggests that besides dose levels, the uni-
formity and texture consistency of skin tissue are crucial
factors affecting the occurrence of RD, which can vary
among patients. In this study, we derived Dosiomics fea-
tures and DVH parameters from RT-DOSE files exported
from the TPS, utilizing these data to assess the impact of
radiation exposure relevant to our analysis of RD.

In this study, the performance of the various feature
subsets, as shown in the model results of Fig. 2, indicates
that the least effective feature subset A, which has been a
common combination in many previous studies on pre-
dicting complications, achieved an AUC of only 0.62 in
this study. Subset A is composed of clinical information of
breast cancer patients and DVH dose parameters calcu-
lated by TPS. This may be precisely because the skin dose
calculated by TPS is not accurate, preventing the model
from learning to predict whether a patient will develop
Grade 27 RD based on the dose information received by
the skin accurately. However, the model results of subsets
incorporating Radiomics and Dosiomics features, such as
subset D (AUC=0.73), subset E (AUC=0.71), subset G
(AUC=0.78), and subset H (AUC=0.72), demonstrate
that combining DVH parameter features with Radiomics

and Dosiomics features can effectively enhance the pre-
diction of Grade 2* RD in breast cancer patients. Among
these, subsets D and G, which incorporate Radiomics
features, compared to subsets E and H that include Dosi-
omics features, further highlight Radiomics’ superior
assistance in prediction. Overall, these findings may have
significant implications for improving radiation treat-
ment planning and reducing the incidence of RD.

The multivariate analysis of the clinical characteristics
of the 102 breast cancer patients included in this study
and their relationship with RD, as shown in Table 1 and
Fig. 4, indicates that laterality, type of surgery, AJCC can-
cer staging, SCF, IMN, and whether chemotherapy was
received are not significantly related to the occurrence of
Grade 21 RD in this study.

Numerous studies have observed a correlation
between higher BMI values and the incidence of more
severe RD [6, 27-29], consistent with the results of the
ANOVA statistical test (p-value<0.05) in this study.
However, no significant correlation was observed dur-
ing the LASSO feature importance analysis. This dis-
crepancy may be attributed to the average BMI values
of both groups in this study’s sample not exceeding 25
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Fig. 5 Bee Swarm Plot of Feature Importance via SHAP Values in the LR Model for Predicting Grade 2* RD. Abbreviation: RF, Random Forests; R,
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Fig. 6 Bee Swarm Plot of Feature Importance via SHAP Values in the RF Model for Predicting Grade 2* RD. Abbreviation: RF, Random Forests; R,
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(Grade 2* RD: 24.74,<Grade 2% RD: 23.2), suggesting
a lower prevalence of overweight and obese patients,
who are typically beyond the standard BMI range.

Our study highlights the correlation between age
and the incidence of Grade 2 RD, supported by both
ANOVA and LASSO regression analysis, aligning
with findings from Cérdoba et al. [30], which noted
increased severe skin toxicity in older women. This sug-
gests that aging may reduce physiological resilience,
like blood flow and DNA repair, enhancing suscep-
tibility to severe skin reactions. Conversely, broader
research, including studies referenced [7, 27], generally
shows minimal correlation between age and RD sever-
ity, pointing to potential influences from sample demo-
graphics, size, and feature distribution in the analysis,
which might introduce inconsistencies in findings.

In analyzing the influence of various features on RD
prediction, Figs. 5 and 6 provide crucial insights into
the SHAP value comparison between the LR and RF
models. The LR model highlights age as a significant
factor affecting RD risk, with SHAP values ranging
from -0.2 to 0.4, suggesting that older age groups are
more likely to develop Grade 2 RD. In contrast, the
RF model shows a more uniform distribution of fea-
ture impacts across all features, with age impact values
ranging from -0.05 to 0.05, indicating a more balanced
and robust integration of predictors across diverse
clinical scenarios. This balanced feature influence
enhances the RF model’s potential for stable predic-
tions. Moreover, the feature 'R_skin5mm_v50_wavelet-
HLL_glcm_InverseVariance’ stands out in both models,
underscoring the importance of textural uniformity in
the skin area receiving 50 Gy, processed through wave-
let transformation. This feature’s significant impact in
both models highlights its crucial role in predicting RD,
emphasizing how texture uniformity correlates with
radiation response.

Every breast cancer patient undergoing RT is fit-
ted with a custom thermoplastic mold to ensure proper
immobilization and repeatability. This setup may lead to
an increase in the surface dose of the breast [31, 32]. In
previous studies, this aspect was not considered [7]. In
response, the current practice adjusts for this by deduct-
ing 3 mm for the thermoplastic mold when calculat-
ing and planning the ROI for Radiomics and Dosiomics
within the TPS, establishing a baseline for the actual skin
of the patient.

Furthermore, considering the epidermal, dermal, and
subcutaneous layers of the skin [33], and based on find-
ings by Halg et al. [34] that the vascular distribution in
the skin is approximately at an average depth of about
5 mm, this study aims to preserve the vascular tissues
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of the patient’s skin to maintain its functionality. Thus,
the ROIs for the skin areas of patients are delineated
with a thickness of 5 mm below the actual skin.

In this study, we did not specifically address data
imbalance, where 33 patients experienced RD and 69
did not, to maintain the authenticity of the dataset
and reflect real clinical scenarios. Using VMAT pro-
vides effective dose control, thus naturally resulting in a
lower incidence rate of RD. We utilized stratified k-fold
cross-validation in our training processes to maintain
consistent class ratios, partially mitigating the impact
of imbalance. Moreover, we conducted repeated ten-
fold cross-validations to ensure model stability and
reliability. The RF model, which performs well in han-
dling data imbalances, showed promising results. These
approaches helped reduce the potential negative effects
of the imbalance on model performance while keeping
the dataset representative of the clinical environment.

This study also has some limitations and constraints.
Firstly, the relatively small sample size and the overall
proportion of toxic endpoints might affect the results
of statistical analysis, suggesting that future studies
with larger sample sizes are needed to validate these
findings. The application of Radiomics and Dosiomics
methods in observing the development of RD toxicity
in breast cancer patients is still limited. Moreover, the
delineation of ROI conducted by different professionals
such as physicians and physicists may introduce vari-
ability, which was not accounted for in this study.

Future research will focus on integrating our predic-
tive model for RD into clinical workflows, significantly
enhancing treatment planning and patient manage-
ment in the field of radiation oncology. The plan
involves embedding the model directly into existing
TPS, enabling oncologists to assess RD risk in real-
time and adjust treatment parameters based on indi-
vidual patient risk profiles. This strategy not only allows
for personalized treatment adjustments, such as dose
fractionation and advanced skin-sparing techniques,
especially for high-risk patients, but also supports
real-time monitoring during treatment. This facilitates
proactive treatment adaptations and improves commu-
nication with patients regarding potential side effects.
Post-treatment, the model aids in identifying patients
who require early dermatological intervention, thus
enhancing care outcomes. As treatment outcome data
continue to be collected and analyzed, this will further
refine the model’s accuracy and reliability, making it a
valuable tool for enhancing the precision and efficacy
of radiation therapy in clinical settings. Additionally,
future research will explore how to leverage this model
to support broader clinical environments, promoting
more personalized and effective patient management.
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Conclusion

This investigation employed Radiomics and Dosiomics
analyses on treatment planning CT images, utilizing
the RF algorithm, to enhance the prediction of Grade
2* RD in breast cancer patients. By assessing various
RD-related ROIs, the integration of Radiomics and
Dosiomics features was found to significantly improve
the model’s predictive power, achieving an AUC of 0.83,
surpassing the predictive capabilities of traditional
DVH parameters and clinical features alone. Although
challenges persist in measuring skin doses precisely,
this study highlights how Radiomics and Dosiomics
provide innovative avenues for RD prediction. Notably,
Radiomics insights suggest that the uniformity of skin
tissue plays a crucial role in RD occurrence, offering
valuable guidance for clinicians and medical physicists
to optimize patient care during radiation therapy. The
findings reinforce the importance of integrating clini-
cal, DVH, Radiomics, and Dosiomics features for robust
feature selection, utilizing ANOVA and the LASSO
methods, which are closely linked to Grade 2% RD. This
approach lays the groundwork for personalized radia-
tion treatment planning and underscores the benefits of
extracting significant features from extensive radiomic
and dosiomic datasets, enhancing precision in clinical
applications.
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