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Abstract 

Purpose: To develop a novel Explainable Dual-Omics Filtering (EDOF) model integrating 

dosiomic and radiomic filtering to predict locoregional radiation pneumonitis (RP) in breast cancer 

patients, and to explain the critical locoregional dosimetric indices and radiomic features that 

contribute to RP development. 

Materials and Methods: This retrospective study collected 72 breast cancer patients 

treated with radiation therapy, and a total of 28 patients developed RP (including 5 grade II cases) 

within 4 months post-treatment. The lung volume was first segmented from pre-treatment CT, and 

3D dose distribution was also collected from the treatment plan. A 3D sliding window kernel was 

implemented across the (1) lung CT to capture 70 spatial-encoded image texture information, and 

(2) lung dose distribution to capture 36 spatial-encoded dose intensity information. As such, each 

voxel coordinate of the original lungs was represented as a 106-dimensional dual-omics feature 

vector. A novel explainable boosting machine (EBM) model was employed to establish a voxel-

wise association between extracted features with locoregional RP, as identified in follow-up CT. 

Comparative studies against (1) radiomic filtering-only (RF) and (2) dosiomic filtering-only (DF) 

models were also performed. The model performance was evaluated through voxel-wise AUC, 

accuracy, specificity, and sensitivity with 5-fold cross-validation. The dice coefficient was 

additionally calculated for 5 grade II cases. The mean absolute score from EBM was also extracted 

to rank the feature importance.  

Result: The EDOF model showed highest voxel-wise RP prediction power (accuracy=0.93, 

sensitivity=0.93) than the RF (accuracy=0.89, sensitivity=0.01) and DF (accuracy=0.90, 

sensitivity=0.92) models. Specificity and AUC showed similar trends. Dice coefficient for 5 grade 
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II patients is 0.75 in our EDOF model. Based on the EBM score, the results suggested that 

heterogeneous lung tissue with high locoregional dose has high risk of RP. 

Conclusion: The EDOF model accurately identified locoregional RP regions based on pre-

treatment image and planning dose, offering a significant advancement in predictive analytics for 

radiation-induced complications. 
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1. Introduction  

1.1 Background 

Breast cancer is a major public health issue and the most diagnosed cancer among women 

globally (Giaquinto et al., 2022.; Xu et al., 2023). In 2022, around 2.3 million women were 

diagnosed with breast cancer, resulting in approximately 670,000 deaths (WHO, 2024). It is 

influenced by several factors, including genetic predispositions, hormonal influences, alcohol 

consumption, and environmental exposures (Momenimovahed & Salehiniya, 2019). The rate of 

breast cancer varies significantly across the globe. Developed countries tend to have higher 

incidence, while the mortality rate is higher in lower-income countries. These differences mainly 

stem from unequal access to CT screening, early detection, and treatment resources (Arnold et al., 

2022). In China, there were approximately 303,600 new cases of breast cancer and the incidence 

and mortality rate continue to increase (Lei et al., 2021). The global burden of breast cancer 

emphasizes the need for personalized, multidisciplinary treatments.  

Breast cancer treatment involves several standard approaches based on cancer stage, tumor 

characteristics, and patient-specific factors. The primary treatment methods include: 

1) Surgery: This is typically the first-line treatment, aiming to remove the tumor. Options 

include mastectomy (removal of the entire breast) or breast-conserving surgery 

(lumpectomy), where only the tumor and some surrounding tissues are removed. The 

choice between these options depends on factors like tumor size, location, and patient 

preference (Shubeck et al., 2022). 

2) Chemotherapy: This involves the use of medications to kill or prohibit the growth of 

cancer cells. It is commonly used either before surgery to shrink the tumor or after surgery 

to eliminate remaining cancer cells. However, chemotherapy can come with severe side 

effects like fatigue, hair loss, and nausea (P et al., 2022). 
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3) Endocrine Therapy: For hormone receptor-positive breast cancers, endocrine therapy is 

a critical treatment to block estrogen, which can fuel the growth of cancer cells  

4) Immunotherapy: This method helps the body’s immune system recognize and kill cancer 

cells. It has exhibited impressive anti-tumor activity and clinical benefit in different 

malignancies, with particularly promising outcomes recently observed in the treatment of 

triple-negative breast cancer (TNBC) (Zhang et al., 2022).  

5) Radiation Therapy (RT): Radiation therapy is a crucial treatment modality in breast 

cancer, particularly valued for enabling breast-conserving surgery (lumpectomy). By 

delivering targeted radiation to the tumor, RT ensures oncologic safety comparable to 

mastectomy, allowing patients to preserve their breast while minimizing recurrence risk. 

Modern advancements, such as intensity-modulated radiation therapy (IMRT), enhance 

precision by conforming radiation doses to the tumor’s 3D shape, thereby sparing adjacent 

healthy tissues like the heart and lungs. This accuracy reduces long-term radiation toxicity 

risks while maintaining therapeutic efficacy. Additionally, RT plays a critical role in 

eradicating residual cancer cells post-surgery, significantly lowering the likelihood of local 

recurrence. Studies show that approximately 70% of breast cancer patients receive RT 

(Maliko et al., 2022).  

However, radiation pneumonitis (RP) is a major complication that can occur after RT, 

particularly in patients receiving treatment for breast cancer. RP occurs when radiation impacts 

healthy lung tissue within the treatment field, leading to inflammatory alveolar exudation. 

Symptoms typically include shortness of breath, dry cough, low-grade fever, and reduced oxygen 

levels in the blood. Pathologically, RP is characterized by alveolar septal edema, endothelial cell 

swelling, thickened vascular walls, and other tissue changes. On CT imaging, RP often appears as 

patchy, uniformly hazy regions in the radiated area, with thickened blood vessels and bronchial 
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markings that blend indistinctly with nearby healthy lung tissue. The duration of RP onset following 

radiotherapy varies; acute RP may develop within days of treatment, while chronic RP generally 

arises within 12 weeks to six months post-treatment (Hanania et al., 2019). Once present, RP can 

lead to irreversible fibrotic changes in the lung tissue, impairing respiratory function and 

significantly impacting patients' quality of life and survival (Chen et al., 2023). RP severity is 

graded using a modified version of the National Cancer Institute Common Toxicity Criteria (CTC), 

ranging from Grade 0 (no symptoms) to Grade 4 (life-threatening symptoms). Grades 2 and above 

indicate significant toxicity requiring clinical intervention. 

With the development of technology, 90.8% of women with breast cancer survive for 5 years 

after diagnosis (American Cancer Society, 2019). Therefore, the quality of life for these patients is 

becoming more concerned, and radiation-induced RP has become a major focus in healthcare. 

Cases of higher-grade pneumonitis (grade ≥2) are linked to substantial quality-of-life reductions 

and potential progression to irreversible lung damage, including fibrosis and organizing pneumonia 

(Otani et al., 2017). Therefore, it is essential to establish a model for predicting RP during the initial 

assessment and treatment planning. 

1.2 Radiomics and Dosiomics 

1.2.1 Radiomics 

In recent years, radiomics has gained significant attention for its ability to correlate features in 

medical imaging with clinical outcomes and treatment responses. Radiomics is a technique that 

extracts high-dimensional quantitative features from medical images to reveal information about 

tissue characteristics, capturing texture, patterns, and voxel value distributions that are not visible 

to naked eyes (Gillies et al., 2016). These features extracted from lung CT images can be used to 

build models to predict RP (Y. Huang et al., 2022; Puttanawarut et al., 2022).  
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The radiomics workflow consists of five stages (Lambin et al., 2012): 

1. Image Acquisition and Pre-processing: Radiomics can be applied to various imaging 

modalities, including PET, CT, and MRI. Different modalities and devices may introduce 

variations in image quality. Therefore, pre-processing is essential to standardize these 

images, ensuring consistency across datasets. 

2. Region of Interest (ROI) Segmentation: ROIs are typically delineated by medical 

physicists, although automated or semi-automated software tools may also be used. 

Manually segmented ROIs are often considered the ground truth for subsequent analyses. 

3. Feature Extraction and Selection: Advanced software tools, such as PyRadiomics and 

MITK, are used for feature extraction (Aerts et al., 2014). However, variations in 

computational methods across different platforms can lead to inconsistent results. To 

address this, the Image Biomarker Standardization Initiative (IBSI) has established a 

standardized set of 169 features to validate these tools (Zwanenburg et al., 2020). 

Additionally, feature selection is employed to eliminate correlated features, enhancing the 

accuracy of the analysis. 

4. Model Development: Predictive models are constructed using statistical or machine 

learning techniques, integrating the selected features to forecast clinical outcomes based 

on the characteristics of the ROIs. 

5. Assessment and Prediction: The performance of the models is rigorously evaluated for 

predictive accuracy, and they are subsequently applied to new datasets to forecast clinical 

outcomes, thus aiding in personalized treatment planning. 

Radiomics features can be broadly divided into four categories: shape features, first-order 

statistics (intensity features), texture features, and higher-order features (van Griethuysen et al., 

2017). Each category provides unique insights—shape features capture the external geometry of 
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the ROI; first-order statistics describe intensity distributions; texture features reveal spatial patterns 

in voxel intensities; and higher-order features offer advanced detail through mathematical 

transformations, unveiling fine structural characteristics within the tissue. 

1) Shape Features: Shape features describe the geometric characteristics of a region of 

interest (ROI), such as a tumor, and include measurements like volume, surface area, 

sphericity, compactness, and elongation. These metrics provide information on the 

physical form and spatial structure of the tumor, independent of pixel intensity values. 

Since shape features focus on external morphology, they are particularly useful for 

understanding tumor growth patterns and tracking changes over time, especially in 

response to treatment. 

2) First-Order Statistics (Intensity Features): First-order statistics, or intensity features, 

capture the distribution of voxel intensities within the ROI without considering spatial 

relationships. Common measures include mean intensity, standard deviation, skewness, 

kurtosis, median, and percentiles. These metrics describe the uniformity, brightness, and 

contrast of the tissue, reflecting its overall density and composition. Intensity features are 

valuable for identifying general tissue characteristics and changes in density, which could 

signal tumor heterogeneity. 

3) Texture Features: Texture features assess the spatial relationships between pixel 

intensities within the image, capturing patterns that represent tissue structure and 

heterogeneity. Second-order texture metrics, like those derived from the Gray Level Co-

occurrence Matrix (GLCM) and Gray Level Run Length Matrix (GLRLM), measure 

aspects such as contrast, correlation, and homogeneity, which indicate the complexity and 

uniformity of tissue textures. Texture features provide insights into the tumor’s 
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microenvironment, revealing details that may correlate with cellular or tissue-level 

characteristics not visible to the naked eye. 

4) Higher-order Features: Higher-order features are obtained by applying mathematical 

transformations, such as wavelet or Laplacian filters, to the original medical image. These 

transformations emphasize complex, multi-scale patterns and highlight fine texture details 

within the tissue. By isolating certain frequency ranges or directional components, higher-

order features provide a more detailed analysis of the tissue’s microarchitecture. This 

advanced level of detail can potentially reveal structural and pathological characteristics 

related to genetic or molecular properties, offering deeper insights into the tissue’s 

underlying biology. 

1.2.2 Dosiomics 

 Dosiomics has also gained attention in radiation therapy, focusing on extracting statistical 

features from 3D dose distributions. It includes shape features, first-order statistics, and various 

texture features that describe the spatial arrangement of voxel intensity levels within a specified 

volume of interest (Liang et al., 2019). The potential of dosiomic features to predict radiation-

induced toxicity has been explored in organs like lung and head and neck, showing promising 

results (M. D. Anderson Cancer Center Head and Neck Quantitative Imaging Working Group, 

2018). Since dosiomic features capture spatial information, models that incorporate them are 

expected to perform better than those based on dose-volume histograms (DVHs) (Feng et al., 2024). 

1.3 Machine Learning (ML) 

Machine learning (ML) has gained increasing attention in the field of medical imaging 

studies due to its capacity to analyze and interpret complex data, making it an invaluable tool for 

clinical applications such as disease detection, prognosis, and treatment planning (Asif et al., 2024; 
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Rana & Bhushan, 2023). ML refers to a subset of artificial intelligence (AI) that enables systems 

to learn patterns from data, making it particularly effective for handling the high dimensionality 

and variability inherent in medical imaging datasets. Despite their high accuracy in predictions, 

ML models are often criticized for their “black box” nature, which complicates the interpretation 

of their decision-making processes. To address this issue, various explanation techniques have been 

developed to provide insights into model behavior. These techniques include Shapley additive 

explanations (SHAP), local interpretable model-agnostic explanations (LIME), and permutation 

feature importance (PFI) (Lundberg & Lee, 2017; Ribeiro et al., 2016). 

While these interpretation methods offer valuable tools for understanding ML models, their 

use requires careful consideration to avoid potential pitfalls. Common issues include misapplying 

these techniques in inappropriate contexts, analyzing models with poor generalization capabilities, 

overlooking feature dependencies and interactions, ignoring uncertainty estimates, and failing to 

address challenges posed by high-dimensional data. Moreover, unjustified causal interpretations 

remain a critical concern associated with these methods. Proper application of these interpretation 

techniques is essential to ensure that the insights drawn from ML models are both accurate and 

meaningful. (Alahmadi et al., 2023) 

In contrast, “glass-box” ML models are specifically designed to provide inherent 

interpretability, ensuring that their outputs are both trustworthy and easily understood by users. 

One such model is the explainable boosting machine (EBM), a tree-based, cyclic gradient-boosting 

method that falls under the category of generalized additive models. EBM enables straightforward 

understanding of its internal workings by employing automatic interaction detection (Nori et al., 

2021). Regarding performance, EBM has been shown to achieve results comparable to those of 

advanced ML models, including gradient boosting, support vector machines (SVM), extreme 

gradient boosting (XGBoost), and random forests, etc. A notable advantage of EBM is its use of 
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factor-specific shape functions, which contribute to producing inherently interpretable outcomes. 

(Maxwell et al., 2021). This model stands out from complex black-box ML approaches by offering 

decision-making processes and final predictions that are interpretable in both local and global 

contexts. 

 

Figure 1. Interpretability and Accuracy of Machine Learning Models 

1.4 Current Study 

1.4.1 RP Prediction Using Dosimetric Information 

RP prediction with dosimetric information has been extensively studied. Dosimetric 

parameters, such as DVH, lung V20 (the percentage of lung volume receiving 20 Gy or more), and 

mean lung dose (MLD), are commonly used for RP prediction. Boonyawan et al. (2018) found that 

RP cases increase with V10 and V20. Bi et al. (2022) reported that V20 and MLD are independently 

associated with RP development. Ozgen et al. (2023) reported that low dose-volume metrics like 

V5 and V10 are important in predicting the risk of RP. Pinnix et al. (2015) concluded that the V5 

parameter demonstrates a superior predictive ability for radiation pneumonitis compared to other 

dose-volume metrics, including V10, V15, and V20. These findings underscore that managing 
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specific dose thresholds is essential for reducing RP incidence. However, DVH parameters can 

only provide a summary of the two-dimensional dose distribution in the target area, and they do 

not convey the spatial dose distribution or the anatomical structure of the organs. Some studies 

have shown that the voxel-level dose is associated with RP development (Y. Huang et al., 2022).  

To address the limitations of traditional dosimetric models, recent studies have explored 

dosiomic features that incorporate spatial information to improve RP prediction. Feng et al. (2024) 

developed a model using 3D dosiomic features extracted from dose distributions alongside DVH 

parameters and radiomic features from pre-treatment CT scans. This hybrid model outperformed 

traditional models, achieving an AUC of 0.920, indicating that dosiomic features could enhance 

the predictive accuracy.   

1.4.2 RP Prediction Using Dosimetric and Image Information 

Combining dosimetric and radiomic information has been shown to improve RP prediction 

accuracy (Puttanawarut et al., 2022). Dosimetric parameters estimate radiation exposure, while 

radiomic features provide insights into tissue characteristics and heterogeneity. This integration 

allows prediction models to leverage the strengths of both approaches for a more comprehensive 

assessment of RP risk. 

Y. Huang et al. (2022) focused on non-small cell lung cancer patients and utilized dosiomic 

and deep learning-based radiomic features from 3D dose distributions, highlighting the enhanced 

predictive capabilities of these combined features. Puttanawarut et al. (2022) examined esophageal 

and lung cancer datasets, demonstrating that dosiomic and radiomic features outperform 

conventional DVH metrics in RP prediction, reinforcing the notion that advanced imaging 

techniques offer superior insights into treatment-related complications. Nie et al. (2024) further 

supported this approach by integrating various radiomic features and dosimetric parameters, 

demonstrating the advantages of a comprehensive modeling strategy in predicting symptomatic RP. 
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Similarly, Zhang et al. (2023) confirmed the robustness of combining radiomic and dosiomic 

features across multiple cancer types, underscoring their versatility in clinical applications. These 

studies affirm that models with radiomic and dosiomic features are more effective and accurate for 

RP prediction.  

1.5 Limitations of Previous Study 

1.5.1 Locoregional Risk Regions and Their Clinical Relevance 

Few studies have focused on identifying high-risk regions for locoregional RP, even though 

doing so could significantly refine treatment strategies. For instance, Petit et al. (2011) found that 

lung areas more susceptible to radiation-induced toxicity could be identified by analyzing [18F] 

fluorodeoxyglucose (FDG) uptake patterns before radiotherapy. Studies have demonstrated that 

elevated [18F]FDG uptake correlates with heightened metabolic response to radiation, increasing 

susceptibility to RP. Therefore, pre-treatment monitoring of [18F]FDG uptake could aid in 

identifying lung regions at greater RP risk, supporting a strategy of limiting radiation exposure in 

these high-uptake areas to better protect lung tissue. Also, J.-W. Huang et al., (2023) suggested that 

the percentage of RP volume to total lung volume can be used to identify severity of RP. The 

increased RP lesion volume tends to have more noticeable clinical symptoms and imaging 

abnormalities, which contribute to a higher RP grade. These studies underscore the promise of 

incorporating risk region identification into treatment planning.  

1.5.2 Challenges in Model Explainability for RP Prediction 

One of the limitations with current machine learning-based RP prediction models is their 

lack of explainability. Machine learning analysis employs a variety of data mining algorithms 

across different types and formats to systematically characterize data features, enabling a more 

rigorous understanding of data patterns and recognized values (Zampieri et al., 2019). These 
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models often function as "black box". Although they can make accurate predictions, it is difficult 

to understand how and why these predictions are made. The "black box" nature of AI creates 

barriers to its adoption in clinical practice, as it limits clinicians' ability to evaluate the quality of 

training data and labels, conflicting with evidence-based medicine standards. Therefore, achieving 

clear explainability of a model's output is crucial for building user trust and identifying ways to 

refine the model (Ma et al., 2023). 

The need for explainability in medical machine learning models is increasingly recognized 

by researchers and practitioners. As models become more complex, integrating explainable AI 

techniques will be crucial to ensure that these models are not only accurate but also reliable and 

useful in clinical practice. 

1.6 Purpose 

The purpose of this study is to develop an Explainable Dual Radiomic and Dosiomic 

Filtering (EDOF) model that leverages both imaging and dosimetric features to accurately predict 

locoregional RP in breast cancer patients. By incorporating explainable AI techniques, the model 

aims to provide transparent predictions, enabling clinicians to understand the key factors 

contributing to RP risk and facilitating more personalized treatment planning. 
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2. Materials and Methods 

2.1 Patient Data 

A total of 72 breast cancer patients treated with IMRT from 2019 to 2021 at the First 

People’s Hospital of Kunshan were included in this study. Among these patients, 28 patients 

developed RP, with 23 cases classified as grade I RP and 5 cases classified as grade II RP. The 

details of the patient information were summarized in Table 1. The selection criteria included: 

Table 1. Patient clinical and treatment characteristics 

Characters RP Non-RP 

Age median (years) 50 (26-79) 49 (30-68) 

Gender   

Male 0 0 

Female 28 44 

Chemotherapy 

 

 

  

Yes 

 

20 34 

 
No 8 10 

Tumor location   

Left 14 21 

Right 14 23 

Irradiation location 

 

  

Breasts, axillary, and infraclavicular lymph 

nodes 

 

13 18 

Breasts only 15 26 

Dose fractionations   

60-61 Gy/28 fractions 18 28 

40-56 Gy/25 fractions 9 14 

    others 1 2 

Volume dose   

V5 47.34±12.22 43.26±14.19 

V10 27.72±6.86 25.48±7.86 

V20 13.34±2.73 12.43±2.78 

V30 8.85±1.87 7.93±2.12 

MLD (Gy) 9.27±1.73 8.01±1.90 
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For each patient, simulation CT scans prior to treatment, lung segmentation, and 

corresponding IMRT planning dose distributions (Varian EclipseTM) were collected. Additionally, 

follow-up CT scans within four months post-treatment were obtained to identify the occurrence of 

RP. For the 28 patients who developed RP, the regions affected by RP were identified and 

contoured on the follow-up CT images by experienced medical physicists. These contoured RP 

regions were then aligned with the simulation CT images using deformable image registration. The 

obtained registration results provided voxel-wise RP labels, serving as the ground truth for RP 

regions.  

 

 

Figure 2. The identification and alignment of RP-affected regions in follow-up and 

simulation CT scans 
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2.2 EDOF Model Design 

 

 

 

 

 

 

 

 

 

 

 

 Figure 3. The overall design of the proposed EDOF model. (A) radiomic filtering, (B) dosiomic filtering, and (C) explainable voxel-

wise RP prediction. 
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2.2.1 Radiomic Filtering 

The lung volume for each patient was first obtained based on simulation CT and the 

corresponding lung segmentation. As shown in Figure 3(A), radiomic filtering employed a 3D 

sliding window kernel to capture the regional radiomic features throughout the entire lung volume. 

Specifically, a pre-defined 3D kernel systematically moves through the lung volume in a voxel-

wise manner. For each position of the sliding window, a cubic sub-volume was defined, and 

radiomic features were extracted from this sub-volume. Consequently, each voxel coordinate 

within the original lung was represented as an n-dimensional feature vector. A set of 3D radiomic 

filtering maps can be obtained and visualized in the same reference frame as the original lung CT 

image. Following our pilot study, the kernel size for the 3D sliding window was set to 7×7×7 mm3, 

which corresponds to the typical order of localized variations in lung texture. Formally, given 𝑁 

radiomic features and a CT image with dimensions 𝐼 × 𝐽 × 𝐾, a total of 𝑁 radiomic filtering maps 

(denoted as {R𝑛}𝑛=1
𝑁 ) can be obtained. Each radiomic filtering map 𝑅𝑛  is represented as a 3-

dimensional tensor R𝑛 ∈ ℝ𝐼×𝐽×𝐾, where the element 𝑅𝑖,𝑗,𝑘
𝑛  denotes the value of the 𝑛th radiomic 

feature at the (𝑖, 𝑗, 𝑘)th tomographic coordinate. 

Following previous lung radiomic studies and our pilot studies, a total of n=54 radiomic 

texture features were included in this work to comprehensively capture local texture intensity and 

texture characteristics within the lungs. Table 2 summarizes all 54 features, which can be grouped 

into three types based on different joint-probability functions: 

1) Gray Level Co-occurrence Matrix (GLCOM)-based features: These features measure 

the distribution of pair-wise gray level combinations within the image, providing 

insights into the textural patterns and heterogeneity of the lung tissue. 
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2) Gray Level Run-Length Matrix (GLRLM)-based features: These features assess the 

distribution of consecutive intensity values of the same gray level in specified 

directions, capturing the length and uniformity of texture runs within the lung 

parenchyma. 

3) Gray Level Size Zone Matrix (GLSZM)-based features: These features measure the 

distribution of pixel patches of similar gray levels, indicating the size and extent of 

homogeneous zones within the lung tissue. 

The multi-collinearity assessment was subsequently performed to remove the highly 

correlated radiomic filtering maps. Specifically, Pearson correlation analysis was conducted for 

each pair of radiomic filtering maps, resulting in a Pearson covariance matrix for each patient. To 

obtain a representative measure of multi-collinearity across the entire patient cohort, the mean 

Pearson covariance matrix was calculated by averaging the individual matrices. Subsequently, 

hierarchical clustering was applied to the average correlation matrix to categorize the radiomic 

features into well-separated clusters. This clustering approach utilized a dendrogram diagram to 

visualize the relationships among the features, where similar or highly correlated features were 

positioned closer together. A specific cut-off value was determined to delineate the clusters, and 

features whose distances fell below this threshold being grouped into the same cluster. This process 

yielded a total of 26 clusters, each representing a distinct set of correlated features. Within each 

cluster, one feature was arbitrarily selected and retained as the independent feature for subsequent 

modeling. 

 

 

 



 

17 

2.2.2 Dosiomic Filtering 

The dosiomic filtering technique adopted the similar conceptual design of the radiomic 

filtering. As shown in Figure 3(B), the 3D lung dose distribution was first obtained from the IMRT 

treatment plan for each patient. A 3D sliding window kernel was implemented to capture the 

dosiomic intensity features throughout the lung dose. Similarly, given 𝑀 dosiomic features and a 

lung dose distribution with dimensions 𝐼 × 𝐽 × 𝐾, a total of 𝑀 dosiomic filtering maps (denoted as 

{𝐃𝑚}𝑛=1
𝑀 ) can be obtained. Each dosiomic filtering map 𝐃𝑚  is represented as a 3-dimensional 

tensor 𝐃𝑚 ∈ ℝ𝐼×𝐽×𝐾, where the element 𝐷𝑖,𝑗,𝑘
𝑚  denotes the value of the 𝑚th dosiomic feature at the 

(𝑖, 𝑗, 𝑘)th tomographic coordinate. 

In this work, a total of 𝑚 = 18 dosiomic features were included, as shown in Table 2. 

These features were chosen to capture the locoregional intensity characteristics within the lung 

dose. The multi-collinearity assessment was also performed in a manner identical to that used for 

the radiomic filtering maps. As such, 5 independent dosiomic filtering maps can be obtained. 
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Table 2. Radiomic and Dosiomic Features in EDOF 

R: Radiomic, D: Dosiomic 

Class Feature Name Class Feature Name 
In

te
n

si
ty

-b
as

ed
 F

ea
tu

re
s 

D-Mean 

G
L

R
L

M
-b

as
ed

 F
ea

tu
re

s 

R-Short Run Emphasis 

D-Variance R-Long Run Emphasis 

D-Skewness R-Gray Level Non-uniformity 

D-Intensity histogram kurtosis R-Gray Level Non-uniformity Normalized 

D-Median R-Run Length Non-uniformity 

D-Minimum grey level R-Run Length Non-uniformity Normalized 

D-10th percentile R-Run Percentage 

D-90th percentile R-Low Gray Level Run Emphasis 

D-Maximum grey level R-High Gray Level Run Emphasis 

D-Interquartile range R-Short Run Low Gray Level Emphasis 

D-Range R-Short Run High Gray Level Emphasis 

D-Mean absolute deviation R-Long Run Low Gray Level Emphasis 

D-Robust mean absolute deviation R-Long Run High Gray Level Emphasis 

D-Median absolute deviation R-Grey Level Variance 

D-Coefficient of variation R-Run Length Variance 

D-Quartile coefficient of dispersion R-Run Entropy 

D-Energy 

G
L

S
Z

M
-b

as
ed

 F
ea

tu
re

s 

R-Small Zone Emphasis 

D-Root mean square R-Large Zone Emphasis 

G
L

C
O

M
-b

as
ed

 F
ea

tu
re

s 

R-Auto Correlation R-Gray Level Non-uniformity 

R-Cluster Prominence R-Gray Level Non-uniformity Normalized 

R-Cluster Shade R-Size Zone Non-uniformity 

R-Cluster Tendency R-Size Zone Non-uniformity Normalized 

R-Contrast R-Zone Percentage 

R-Correlation R-Low Gray Level Size Emphasis 

R-Differential Entropy R-High Gray Level Size Emphasis 

R-Dissimilarity R-Small Size Low Gray Level Emphasis 

R-Joint Energy / Angular Second Moment R-Small Size High Gray Level Emphasis 

R-Joint Entropy R-Large Size Low Gray Level Emphasis 

R-Homogeneity 1 / Inverse Difference R-Large Size High Gray Level Emphasis 

R-Homogeneity 2 / Inverse Difference Moment R-Gray Level Variance 

R-Info Measure Correlation 1 R-Zone Size Variance 

R-Info Measure Correlation 2 R-Zone Size Entropy 

R-Inverse Difference Moment Normalized   

R-Inverse Difference Normalized   

R-Inverse Variance   

R-Joint maximum   

R-Sum Average   

R-Sum Entropy   

R-Sum Variance   

R-Joint Variance   
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2.2.3 Explainable RP Prediction 

To predict RP in breast cancer patients, the EBM model is summarized in Figure 3(C).  

 

Figure 4. Visualization of voxel-wise RP prediction from EBM model (image on the 

left) and RP ground truth (image on the right) 

Specifically, three-dimensional radiomic and dosiomic features were input into the EBM 

model. The predicted RP regions are visualized in red, while the ground truth RP regions are shown 

in blue, as illustrated in Figure 4.  

EBM is a type of GAM that offers several advantages over traditional linear and multiple 

linear regression models. Unlike these conventional models, GAMs do not assume a linear 

relationship between predictor features 𝑥 and the response variable 𝑦. Instead, GAMs predict 𝑦 by 

learning an intercept 𝛽0  along with functions 𝑓𝑖(𝑥𝑖)  that describe the non-linear relationships 

between 𝑦 and each predictor feature 𝑥𝑖, as shown in the equation (1). 

 𝐸𝑦 =  𝛽0 + ∑ 𝑓𝑖(𝑥𝑖)  

The coefficients in a multiple linear regression model are replaced with learned functions 

𝑓𝑖 that are not restricted to linear relationships. This approach allows GAMs to capture complex, 

non-linear dependencies between the predictors and the outcome. 

In the EBM framework, the functions 𝑓𝑖  are learned independently for each predictor 

feature 𝑥𝑖, enabling the model to separately explain the importance of each feature. This feature-

specific learning facilitates a clear understanding of the overall contribution of each predictor to 
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the model. The mean value of the sum of |𝑓𝑖(𝑥𝑖)| across all samples, known as EBM’s mean 

absolute score, which quantifies the importance of each predictor feature 𝑥𝑖. This scoring method 

provides insights into which features have the most significant impact on RP prediction. 

Additionally, EBM offers the feature 𝑥 versus target 𝑦 relationship (i.e., EBM’s response function 

curve), allowing for a detailed examination of how changes in each predictor feature affect the 

predicted outcome. To derive the final binary classification results for RP, a link function was 

employed to convert the continuous predictions of the EBM into binary outcomes.  

EBMs utilize a cyclic gradient boosting algorithm to iteratively learn shape functions, 

enabling accurate and interpretable models. The process starts by setting the model to use the 

average value of the response variable for regression tasks or classification, providing a baseline. 

The model then cycles through each predictor 𝑥𝑖, fitting a function 𝑓𝑖(𝑥𝑖) to minimize the residual 

error from current predictions. These updates are incorporated into the model through boosting, 

where the fitted functions are added with a small learning rate to ensure gradual refinement. 

Periodically, the model detects significant interactions between predictors, fitting interaction terms 

𝑓𝑖𝑗(𝑥𝑖, 𝑥𝑗) to capture their combined effects. This iterative process continues until the model 

converges, with performance stabilizing, indicating no further significant improvement. By 

employing this round-robin approach, EBMs mitigate issues like multicollinearity and ensure 

independent learning of each feature's contribution, balancing complexity and interpretability 

effectively. (Greenwell et al., 2023) 

A notable method employed in EBMs for interaction detection is the Fast Interaction 

Detection (FAST) algorithm. The FAST algorithm in EBMs is designed to efficiently identify 

significant pairwise interactions between features. It evaluates all possible feature pairs, ranking 

them by their interaction strength, and incorporates only the most impactful interactions into the 

model. This selective approach reduces computational overfitting while maintaining the 
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interpretability and accuracy of the model. FAST uses a greedy block selection strategy within a 

block coordinate descent framework to achieve speed and scalability in high-dimensional datasets. 

A greedy block is the block that shows the greatest potential improvement to the objective function 

and is selected for optimization in the current iteration. By focusing on these impactful blocks, this 

approach enhances computational efficiency and accelerates convergence while maintaining 

accuracy. (Thanei et al., 2018) 

Collectively, we proposed the EDOF model. For tomographic coordinate within the lung, 

26  independent radiomic features and 5  independent dosiomics features were combined as a 

feature vector. The combined vector was subsequently fed into the EBM model to produce the 

enabling the locoregional segmentation of RP volume at a voxel-wise level. The voxel-wise RP 

volumes identified from follow-up CT scans serving as the classification ground truth. 

2.2.4 Feature Importance and Partial Dependence Plot 

In the context of the EBM model, feature importance is quantified by evaluating the mean 

absolute score of each predictor feature 𝑥𝑖. This score is calculated as the average of the absolute 

values of the learned function 𝑓𝑖(𝑥𝑖) across all samples, providing a measure of each feature's 

contribution to the model's predictions. Features with higher mean absolute scores are considered 

more influential in predicting RP in breast cancer patients. (Nori et al., 2021) 

Partial Dependence Plots (PDPs) are utilized to visualize the relationship between 

individual predictor features and the predicted outcome. A PDP illustrates how the predicted 

probability of RP changes as a specific feature  𝑥𝑖 varies, while all other features are held constant. 

This visualization aids in understanding the effect of each feature on the model's predictions and 

can reveal non-linear dependencies that the EBM captures. In our study, the score of PDPs can be 

understood as the probability of developing RP. (Friedman, 2001) 
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2.3 Training Details 

A cohort of 72 breast cancer patients was divided into training and testing sets using an 8:2 

ratio through a 5-fold cross-validation method. In each fold, 80% of the patients were randomly 

assigned to the training set, while the remaining 20% constituted the testing set. This cross-

validation process was repeated five times, ensuring that each patient was included in both the 

training and testing sets across different folds. This approach minimizes selection bias and allows 

for a robust assessment of the model’s performance. 

The radiomic and dosiomic filtering was implemented using an in-house developed toolbox 

with MATLAB (MATLAB R2023a; MathWorks, Natick, Mass). The toolbox was fully validated 

against the IBSI standardization as well as digital phantoms. (Zwanenburg et al., 2020) 

Additionally, the toolbox was specifically optimized for voxel-based, rotationally invariant, 3D 

calculations. The EBM was implemented in a Python environment using the InterpretML library. 

(Nori et al., 2019) All calculations were performed on a computational workstation equipped with 

a 32-core Intel Core i9-13700KF CPU at 4.0 GHz, 16 GB of RAM, and an Nvidia GeForce RTX 

4090 graphics card. 

2.4 Evaluation Metrics 

The voxel-wise binarized RP prediction results were evaluated using Sensitivity, 

Specificity, Accuracy, and Area Under the ROC Curve (AUC). Performance metrics from each 

fold were aggregated to evaluate the overall effectiveness of the predictive model. Additionally, 

Grade-II RP patients typically present with larger RP volumes. The Dice Similarity Coefficient 

(DSC) was thus calculated for Grade-II RP patients to provide a more clinically meaningful 

evaluation of the model’s performance. 
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2.4.1 AUC 

The AUC is a widely adopted metric for assessing the performance of binary classifiers. 

Key terms include True Positives (TP) and False Positives (FP). True Positives are the cases where 

the model correctly identifies a positive outcome, while False Positives are the cases where the 

model incorrectly identifies a negative outcome as positive. 

True Positive Rate (TPR), also known as Sensitivity or Recall, is the proportion of actual 

positive cases that are correctly identified by the model. 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

False Positive Rate (FPR) is the proportion of actual negative cases that are incorrectly 

identified as positive by the model.  

𝐹𝑃R =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

The Receiver Operating Characteristic (ROC) curve is plotted using TPR on the y-axis and 

FPR on the x-axis, across various threshold settings. The AUC measures the overall ability of the 

model to discriminate between positive and negative cases by calculating the area under this curve. 

A higher AUC value indicates better discriminative ability, with a value of 1 representing perfect 

discrimination and 0.5 indicating no discrimination. 

2.4.2 Sensitivity, Specificity, Accuracy 

Sensitivity (also known as recall) measures the proportion of true positive cases that are 

correctly identified by the model.  

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

Specificity measures the proportion of true negative cases that are correctly identified.  

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
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Accuracy, on the other hand, evaluates the overall correctness of the model by calculating 

the proportion of all correctly classified cases (both true positives and true negatives) out of the 

total number of cases.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

These metrics are crucial for understanding the model's ability to predict both positive and 

negative outcomes accurately. 

 

2.4.3 DSC 

The Dice Similarity Coefficient (DSC) is used to quantify the similarity between predicted 

RP regions and ground truth RP regions. It is particularly useful for evaluating segmentation tasks, 

such as predicting Grade-II RP, where accurate volumetric overlap is important. A higher DSC 

value indicates a better overlap between the predicted and actual RP regions, providing a more 

clinically relevant assessment of the model's segmentation performance.  

𝐷𝑖𝑐𝑒 =
2 × 𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑃 + 𝐹𝑁
 

 

2.5 Comparison Study 

To evaluate the contributions of each component of the EDOF model, ablation studies were 

conducted. These studies systematically removed dosiomic filtering, radiomic filtering, and EBM 

components from the EDOF, forming the following three variants: 

RF Model: In the first variant, the dosiomic filtering component was excluded, and only 

the radiomic filtering features were used as input to the EBM. This variant determined the impact 

of removing the detailed locoregional dosimetric information. 
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DF Model: In the second variant, the radiomic filtering component was excluded, and only 

the dosiomic filtering features were utilized as input to the EBM. This variant assessed the 

significance of radiomic features derived from lung CT images in capturing the textural and 

structural variations that contribute to RP risk. 

Each of these variants was evaluated and compared to the EDOF model to assess their 

relative performance. In these variants, the training settings, including five-fold cross-validation 

and training/test set assignment, were kept the same as the proposed EDOF model. The achieved 

voxel-wise RP prediction accuracy (sensitivity, specificity, accuracy, AUC, and DSC) was 

compared using the Wilcoxon signed-rank test. The statistical significance level was set at 0.05. 
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3. Results 

3.1 Evaluation results 

Table 3. Evaluation Results of Comparative Studies 

 

The EDOF model demonstrated the highest performance in RP prediction for breast cancer 

patients among all models in the comparative studies (Table 3). The ROC curves derived from 

these studies are presented in Figure 5. The EDOF model achieved a mean accuracy = 0.93, 

ROCAUC =0.95, mean sensitivity = 0.81, mean specificity = 0.93, and mean dice coefficient (grade 

II) = 0.78. The RF model achieved limited performance (with a mean accuracy = 0.89, ROCAUC 

=0.68, mean sensitivity = 0.01, mean specificity = 0.85) compared to the EDOF model. The DF 

model achieved a comparable AUC and specificity with the EDOF model, but still lower than the 

EDOF in accuracy, sensitivity, and Dice coefficient.  

 

Figure 5. ROC curves from Comparative Studies 

Model AUC Accuracy Sensitivity Specificity Dice Coefficient 

EDOF Model 0.95±0.01 0.93±0.02 0.81±0.05 0.93±0.01 0.78±0.07 

RF Model 0.68±0.07 0.89±0.03 0.01±0.01 0.85±0.02 0.04±0.03 

DF Model 0.94±0.01 0.90±0.03 0.71±0.03 0.92±0.02 0.70±0.08 
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 Figure 6. Feature Importance and Partial Dependence Plot. (A) Feature Importance Plot. (B) R-SRLGLE PDP. (C) D-Mean 

PDP. (D) D-Mean Absolute deviation PDP. 
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3.2 Feature Importance and Partial Dependence Plot 

As shown in Figure 6(a), there are three features identified as key to RP development:  

1) R-SRLGLE (Short Run Low Gray Level Emphasis) – a texture feature that describes 

the heterogeneity of tissues within the lung CT image kernel. The larger feature value 

corresponds to lower heterogeneity. The PDP shows that as R-SRLGLE values 

increase, the probability of RP generally decreases. However, A local minimum in the 

range of 0.011–0.014 reveals a non-linear relationship that highlights variations in RP 

probability within this specific range. 

2) D-Mean – the mean value within the dose distribution kernel. It quantifies the average 

radiation dose delivered to a localized region. The analysis shows that between 0–5 

Gy, RP probability remains very low, while from 5–8 Gy, there is a sharp increase in 

probability. Beyond 8 Gy, the RP probability rises approximately linearly with 

increasing doses, indicating a clear dose-response relationship. 

3) D-Mean Absolute Deviation – the mean absolute deviation value within the dose 

distribution kernel. The RP probability increases sharply for dose deviations between 

0–1 Gy, indicating a high sensitivity to small variations. Beyond 1 Gy, RP probability 

stabilizes, suggesting a consistent effect of larger dose deviations. 

Collectively, these findings highlight the dose-dependent nature of RP risk and the 

influence of both dosimetric and radiomic features.  
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4. Discussion 

4.1 Technical Insights and Feature Analysis 

Our voxel-wise RP prediction model leverages the interplay between locoregional dose 

distribution and radiomic tissue heterogeneity, providing a comprehensive profiling of RP risk 

regions. On pre-treatment CT scans, the proximity to high-dose areas and heterogeneous lung tissue 

was quantitatively characterized using spatially encoded dual-omics features. RP localization was 

subsequently refined through integrated dual filtering and voxel-wise EBM classification. On 

follow-up CT scans within four months post-treatment, our model successfully delineated 

locoregional RP regions that are consistent in location with radiologically confirmed lesions. 

Traditional methods for RP prediction rely on dose-volume metrics such as V5, V20, and 

MLD. These metrics primarily provide global information, often overlooking localized high-risk 

regions. In contrast, our EDOF model leverages voxel-wise radiomic and dosiomic features to 

capture localized dose-response relationships, offering a more detailed understanding of RP risk. 

The integration of voxel-wise radiomic and dosiomic features allows the EDOF model to 

effectively identify spatial variations in tissue response to radiation. Radiomic features quantify 

tissue heterogeneity, while dosiomic features capture the variations in dose intensity. These 

combined features offer a framework for predicting RP by reflecting anatomical variability and 

dose distribution patterns. Our method uses deformable image registration to align with anatomical 

structures across patients, ensuring accurate extraction of these features, which is critical for 

understanding localized radiation effects. 

The feature importance analysis indicates that both radiomic and dosiomic features 

significantly contribute to RP prediction and reveal key features. The PDPs of these key features 

provide important insights into their relationships with RP development. For the R-SRLGLE 

feature, RP tends to develop in heterogeneous lung regions. This radiomic feature reflects lung 
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texture patterns and may detect subtle inhomogeneous perfusion. These perfusion abnormalities 

may indicate pre-existing lung conditions, increasing the risk of RP. Another important factor is 

electron disequilibrium in low-density lung tissue. In these regions, electrons travel farther before 

depositing energy, leading to fewer electrons depositing dose in the intended area. This effect can 

result in lower actual dose than planned, potentially decreasing the RP probability (Disher et al., 

2013). As for the local minimum of R-SRLGLE’s PDP, tissues within such range are primarily 

near the lung margin. Respiratory motion during radiotherapy causes the lung margin to move up 

and down, leading to a lower actual dose than planned, thus reducing RP probability (van der 

Heyden et al., 2017). For the D-Mean feature, the probability of RP increases linearly with mean 

dose, with patients more likely to develop RP in high-dose regions. Higher radiation increases the 

risk of RP due to direct damage to lung cells and microvasculature, leading to inflammation and 

tissue fibrosis. High doses trigger the release of pro-inflammatory cytokines (e.g., TNF-α, IL-6, 

TGF-β) and immune cell activation, amplifying the inflammatory response. Additionally, the lung's 

repair capacity becomes overwhelmed at higher doses, resulting in irreversible damage and greater 

susceptibility to RP (Käsmann et al., 2020). Clinical studies consistently show a strong dose-

response relationship, with parameters like MLD and V20 strongly correlated with RP risk (Hart 

et al., 2008; Wang et al., 2013). This model also highlights the importance of monitoring mean 

doses in the 5-8 Gy range, where the probability of RP sharply increases. In the D-Mean Absolute 

Deviation PDP, the probability of RP rises sharply with dose deviations from 0-1 Gy, indicating 

sensitivity to initial deviations. Beyond this range, the probability plateaus, suggesting stabilization 

in RP risk despite further deviations.  
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4.2 Clinical Implications and Limitations 

The explainability of the EDOF model is a key strength, distinguishing it from traditional 

black-box machine learning models. The explainability is demonstrated through its ability to rank 

feature importance and explain how RP risk changes as a function of individual feature values. This 

relationship is illustrated by PDPs, which visually capture how specific dose metrics or tissue 

characteristics influence RP probability. The trends observed in PDPs highlight the relationship 

between specific features and RP risk, where sudden increases or decreases can provide critical 

clinical implications. For instance, abrupt surges in RP risk indicate regions where caution is 

needed during treatment planning. This insight ensures that high-risk zones are carefully evaluated, 

supporting more precise and personalized radiotherapy strategies. 

The EDOF model demonstrates high practicality for clinical applications. Before 

undergoing radiotherapy, breast cancer patients routinely undergo pretreatment CT scans and dose 

distribution calculations. Radiomic and dosiomic features can be extracted from these datasets and 

fed into the EDOF model for RP risk prediction. Since this is a voxel-wise analysis, the model 

generates resolved RP risk maps, identifying high-risk regions and their extent. Clinicians can use 

this information to assess RP risk. Furthermore, medical physicists can refine treatment plans based 

on key predictors: dose mean, dose mean absolute deviation, and tissue heterogeneity. By 

iteratively adjusting these factors and re-evaluating the updated treatment plan with the EDOF 

model, they can achieve a more optimized balance between tumor control and RP risk reduction. 

Compared to traditional RP risk metrics such as V20 and MLD, this approach provides more 

modifiable parameters. As a result, RP risk can be improved without significantly compromising 

breast cancer treatment efficacy, ultimately improving patients’ quality of life.  

This study has several limitations that should be considered. Firstly, the small sample size 

of 72 breast cancer patients may limit the generalizability of the findings. A larger, more diverse 
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dataset, ideally from multiple institutions, would enhance the robustness and reliability of the 

EDOF model's predictive capabilities, and provide insights into how demographic and clinical 

factors, such as age or treatment history, may influence its performance. Secondly, the study lacks 

a direct comparison between the EDOF model and other well-established machine learning or deep 

learning models, such as SVMs, RF, or CNN. Comparative studies could clarify whether the EDOF 

model offers advantages in terms of accuracy, interpretability, or computational efficiency, 

particularly in the context of complex medical imaging data. Addressing these aspects would 

contribute to a better understanding of the EDOF model’s role in the broader field of predictive 

modeling in radiation oncology. 
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5. Conclusion 

This study successfully developed the EDOF model to predict RP regions based on voxel-

wise radiomic and dosiomic data, offering a precise approach to identifying areas at risk. The model 

also identified key features and revealed how these features impact RP development, providing 

valuable clinical implications for optimizing treatment planning. These insights underscore the 

potential of the EDOF model to support more targeted and personalized radiation therapy, 

advancing predictive capabilities in the management of RP in breast cancer patients. 
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