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Abstract
Objective  This study aims to analyze magnetic resonance imaging (MRI) feature changes across different dose 
regions to investigate the differences in imaging feature alterations induced by Intensity-Modulated Radiation 
Therapy (IMRT) and Intensity-Modulated Proton Therapy (IMPT) in normal brain tissue. And evaluate the potential 
application value of radiomic features in dose optimization and biological dose assessment.

Methods  A retrospective analysis included 113 patients undergoing brain-target radiotherapy: 44 receiving IMPT 
(average total dose: 5713.63 ± 774.32 cGy) and 69 receiving IMRT (average total dose: 5489.86 ± 627.05 cGy). There 
was no significant difference in prescribed doses between groups (p < 0.05). MRI data were collected pre-treatment 
and one month post-treatment, including T1, enhanced T1, T2, T2-FLAIR, and ADC sequences. Images underwent 
preprocessing and rigid registration on the 3D Slicer platform. Dose regions (90%, 70%, 50%, 30% of the total dose) 
were segmented and classified into high (70–90%), medium (50–70%), and low (30–50%) dose regions as volumes of 
interest (VOI). Radiomic features were extracted from pre- and post-treatment MRI datasets, and Delta features were 
calculated as the difference between pre- and post-treatment data. Non-parametric tests, t-tests, and Mann-Whitney 
U tests were used to identify significant feature changes, with effect size analysis to compare the magnitude of 
changes. Multiple testing correction was applied to reduce false positives. Finally, box plots and the Mapping of Dose 
Distribution and Differences in Radiomics Feature Variation were utilized to visually illustrate the extent of brain tissue 
changes in each dose region following radiotherapy.

Results  Non-parametric tests indicated that more radiomic features exhibited significant changes in the IMRT group 
(p < 0.001). Effect size analysis also showed that the majority of features demonstrated greater and more pronounced 
changes within dose regions in the IMRT group (p < 0.05). Further correlation analysis revealed that most features 
(33/34) had weak correlations with dose-volume parameters (r < 0.3), suggesting that treatment modality itself may 
be the primary driver of these alterations rather than dose distribution alone. This finding highlights the need to 
refine traditional dose-based radiotherapy evaluation by incorporating biological effect considerations. Additionally, 
Moreover, the feature Delta_wavelet-HHL.65 exhibited the most significant change, with an effect size of -0.8 in the 
IMRT group. It demonstrated a moderate-to-high correlation with dose-volume parameters in the medium-to-high 
dose regions, with a maximum correlation coefficient of 0.65 (p < 0.001). This suggests that Delta_wavelet-HHL.65 may 
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Background
Radiotherapy (RT) is an essential modality for can-
cer treatment. Intensity-Modulated Radiation Ther-
apy (IMRT) and Intensity-Modulated Proton Therapy 
(IMPT) are two primary radiation therapy techniques, 
each characterized by distinct dose distribution prop-
erties. IMRT utilizes X-rays, which offer excellent dose 
modulation capabilities. However, as X-rays pass through 
tissues, their energy gradually attenuates, resulting in 
higher low-dose radiation exposure to surrounding nor-
mal tissues. In contrast, IMPT employs proton beams, 
whose physical properties allow them to maintain a sta-
ble energy level upon entering the tissue until reaching 
the Bragg peak [1]. In simple terms, protons maintain a 
low energy level at the entrance to protect proximal nor-
mal tissues. As they traverse the tissue and their velocity 
decreases, their energy is rapidly released at a thresh-
old point and terminates abruptly. If the protons reach 
the tumor site at this moment, the dose can be precisely 
concentrated in the tumor region [2], thereby reducing 
radiation exposure to surrounding tissues [3]. Figure  1 
illustrates the differences in dose distribution between 
protons and photons in two cases of sellar tumors. It 
demonstrates the dose distribution differences between 
IMPT (Figure A) and IMRT (Figure B) in treating sellar 
lesions. Notably, the low-dose radiation from photons 
(green and blue regions) is more widespread, covering 
a larger volume of normal brain tissue. In contrast, the 
high-dose area of protons (red and orange) is more con-
centrated within the target, with a significantly reduced 
distribution of low-dose regions, highlighting the advan-
tage of IMPT in minimizing radiation exposure to nor-
mal tissues.

However, radiation inevitably affects surrounding 
normal tissues, and for patients with brain tumors, the 
potential damage of radiotherapy to normal brain tissue 
has raised widespread concern. Studies have shown that 
radiation-induced brain injury may lead to long-term 
cognitive decline as well as structural and functional 
damage to brain tissue. Grosshans et al. reported that 
radiation-induced brain injury exhibits patterns similar 
to those observed in patients with Alzheimer’s disease 

and stroke, characterized by tau protein abnormalities 
and synaptic damage. Among the study participants, 
more than 40% exhibited cognitive decline, particularly 
in memory and executive functions, within three months 
after radiotherapy. The negative effects of radiotherapy 
intensified with increasing treatment doses, leading to 
significant structural changes in both gray and white 
matter [4]. Patel et al. conducted a detailed analysis of 
cognitive decline induced by radiotherapy, highlighting 
that brain irradiation causes dendritic structural damage, 
thereby impairing neuronal communication efficiency. 
Their data indicated that approximately 60% of patients 
who received doses exceeding 30 Gy experienced symp-
toms such as memory loss and attention deficits within 
six months. The study also emphasized the necessity 
of developing novel protective therapies, such as anti-
inflammatory drugs, to mitigate the neurotoxic effects 
of radiotherapy [5]. Therefore, evaluating and compar-
ing the effects of different radiotherapy modalities on the 
microstructure and function of normal brain tissue holds 
significant clinical importance.

Conventional MRI imaging has been widely used 
to detect brain tissue damage following radiotherapy; 
however, its ability to assess microstructural alterations 
remains limited. Radiomics, by extracting a vast array of 
imaging features, can reveal subtle changes in the tissue 
microenvironment that are often undetectable by tra-
ditional imaging techniques. By analyzing variations in 
radiomic features across different dose regions, radiomics 
can help elucidate the mechanisms underlying radiation-
induced microstructural damage in normal brain tissue.

Previous studies have demonstrated that MRI-based 
radiomic features can be used to predict radiation-
induced brain injury. Zhang et al. developed a machine 
learning-based MRI radiomics model for the early 
detection of radiation-induced brain injury in nasopha-
ryngeal carcinoma patients. Their study analyzed MRI 
images from 242 patients and constructed three predic-
tive models, achieving areas under the curve (AUCs) of 
0.830, 0.773, and 0.716, respectively. These models were 
capable of predicting radiation-induced temporal lobe 
injury (RTLI) before its clinical manifestation, thereby 

serve as a potential biomarker for reflecting local dose effects, contributing to the optimization of radiotherapy dose 
distribution.

Conclusions  This study revealed that IMRT and IMPT induce distinct radiomic feature changes under comparable 
dose conditions, and these differences are not solely determined by dose distribution. This suggests that radiotherapy 
evaluation should extend beyond physical dose metrics to incorporate biological effect dimensions. Furthermore, 
Delta_wavelet-HHL.65 demonstrated the most pronounced change in the IMRT group and exhibited correlations with 
dose-volume parameters in the low-to-medium dose regions, highlighting its potential for radiotherapy optimization.

Clinical trial number  Not applicable.
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providing an opportunity for early medical intervention 
to mitigate the adverse effects of radiotherapy on brain 
tissue [6]. Similarly, Bao et al. developed a radiomics 
model based on pre-treatment MRI to predict the risk of 
RTLI in nasopharyngeal carcinoma patients. Their ret-
rospective analysis included data from 216 patients, and 
the constructed radiomics model achieved AUCs of 0.89 
and 0.92 in the training and validation sets, respectively, 
significantly outperforming clinical models (AUC = 0.93 
and 0.95). Integrating radiomic and clinical features 
further enhanced predictive accuracy, highlighting the 
superior performance of radiomics in assessing the 
risk of radiotherapy-related brain injury [7]. Hou et al. 
incorporated MRI-based radiomic features with clinical 
factors to develop a radiomics nomogram model for pre-
dicting RTLI. Their study included 203 nasopharyngeal 
carcinoma patients, and the radiomics model based on 
T2-weighted imaging (T2WI) integrated 14 key features. 
The AUCs in the training and validation cohorts were 
0.87 and 0.82, respectively, demonstrating significantly 

improved predictive accuracy compared to models based 
on either radiomic or clinical features alone. This study 
underscores that a radiomics nomogram integrating 
dosimetric and radiomic features can effectively assess 
RTLI risk, offering strong clinical applicability [8].

Although IMPT provides superior protection for nor-
mal tissues compared to IMRT from a dose distribu-
tion perspective (as illustrated in Fig. 1), research on the 
microstructural changes induced by IMRT and IMPT 
within the same or similar dose regions remains insuf-
ficient. By analyzing MRI radiomic feature variations 
across different dose regions, we aim to preliminarily 
assess the differential effects of IMRT and IMPT on nor-
mal brain tissue at a microstructural level. Additionally, 
we seek to explore the potential application of radiomic 
features in dose optimization and biological dose 
assessment.

Fig. 1  Dose distribution comparison between photon and proton therapy in patients with sellar region tumors
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Methods
Data Preparation
This retrospective study included 113 patients (44 IMPT 
and 69 IMRT) with cranial tumors who underwent 
radiotherapy at Shandong Cancer Hospital from June 
2021 to May 2024. Multi-parametric MRI data, includ-
ing T1, contrast-enhanced T1, T2, T2-FLAIR, and ADC 
sequences, were collected for each patient before treat-
ment and one month after treatment.

Preprocessing
Bias field correction was applied using SimpleITK to 
eliminate signal intensity variations caused by magnetic 
field inhomogeneity. Images were then resampled to a 
voxel size of 1 × 1 × 1  mm using B-spline interpolation 
in `scipy.signal` to minimize the effects of slice thick-
ness variation and isotropic voxels. After outlier pixel 
removal, all image volumes were scaled within a gray 
intensity range of 0-255 to reduce inherent pixel intensity 
differences across various MRI scanners [9].

Segmentation
Using the Varian Eclipse radiotherapy planning system, 
cumulative dose maps were generated by summing up 
the fractionated treatment plans for each patient. Pre-
processed, pre-treatment contrast-enhanced T1 images 
were uploaded and registered with planning images, and 
the “Boolean operations” function of the Eclipse system 
was used to assist in segmentation. The intersection of 
dose regions at 90%, 70%, 50%, and 30% of the total pre-
scription dose with the brain parenchyma was extracted 
and further segmented to create high (70–90%), medium 
(50–70%), and low (30–50%) dose regions as volumes of 
interest (VOI).

Registration
The segmented images were uploaded to the 3DSlicer 
platform (version 5.2.1), where the pre-treatment con-
trast-enhanced T1 image was used as the fixed image. 
Rigid registration was performed for the pre- and 

post-treatment images of other sequences as the moving 
images.

Feature extraction and data integration
Radiomic features for each dose region on each sequence, 
both pre- and post-treatment, were extracted using the 
Radiomics module in 3DSlicer, as illustrated in Fig.  2. 
This produced pre-treatment and post-treatment feature 
datasets. Subsequently, the difference between each fea-
ture pre- and post-treatment was calculated to generate 
Delta features, resulting in a Delta feature dataset. A total 
of 851 radiomic features were initially extracted from 
each VOI in each sequence per patient, including shape 
features, first-order statistics, higher-order statistics, and 
wavelet features, summarized in Table  1.

Feature selection and statistical analysis
In this study, Method 1 utilized the Mann-Whitney U 
test to conduct inter-group difference analysis on MRI 
radiomic features, identifying significant differences in 
feature changes between IMRT and IMPT. For these sig-
nificant features, the degree of change between the two 
groups was further quantified to assess the impact of 
IMRT and IMPT on feature variations.

Method 2 involved an additional perspective. Based on 
dose region distribution, a one-sample t-test was con-
ducted to analyze significant changes within each dose 
region, incorporating effect size for further filtering, 
thus identifying features with significant changes in each 
dose region across both treatment groups. The results 

Table 1  Overview of radiomics features
Feature Type Examples Quantity
Shape Features Major Axis Length, Minor Axis 

Length, Mesh Area, etc.
14

First-Order Statistical 
Features

Energy, Kurtosis, Mean, Me-
dian, etc.

18

Higher-Order Statistical 
Features

Autocorrelation, Contrast, Cor-
relation, etc.

75

Wavelet Features Wavelet Features 744
Total 851

Fig. 2  Segmentation of dose regions on contrast-enhanced T1 images, showing different positions and 3D perspectives
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included rankings and effect size visualizations for signif-
icant features, providing data support for further clinical 
application analysis.

Method 1 focused on assessing the presence of sig-
nificant differences between the distributions of IMRT 
and IMPT, without considering the magnitude of these 
changes. Method 2, however, aimed not only to identify 
significance but also to understand the extent of feature 
variation. By dividing the mean difference by the stan-
dard deviation, effect size was calculated to reflect the 
actual magnitude of change, offering a complementary, 
comprehensive analytical perspective.

Method 1 inter-group difference testing for significant 
features
Data Preparation  The Delta feature dataset was read, 
and data were grouped by treatment type (IMPT and 
IMRT) and dose regions (high, medium, and low).

Non-parametric test pre- and post-treatment  For each 
feature, pre- and post-treatment changes were assessed 
for each group (IMPT and IMRT) and each dose region. 
For each feature, a Wilcoxon signed-rank test was con-
ducted separately in high, medium, and low dose regions 
for IMPT and IMRT groups. If the p-value for a feature 
was less than 0.001 across all dose regions for IMPT and 
IMRT, the feature was considered to exhibit significant 
change in that dose region for the group and was recorded 
in the initial significant feature set.

Inter-group non-parametric test  A Mann-Whitney U 
test was conducted on the Delta feature values between 
IMPT and IMRT groups to identify significant inter-
group differences. If the p-value was less than 0.001, it was 
deemed that the feature exhibited a significant difference 
in change magnitude between IMPT and IMRT groups. 
These features were recorded as the final result, repre-
senting features with significant pre- and post-treatment 
changes as well as inter-group differences.

Median percentage change calculation and sum-
mary  For features selected in the second step, the median 
change of Delta features was calculated for both IMPT 
and IMRT groups. If the IMRT group showed a larger 
median change, the feature was deemed to exhibit a more 
pronounced change in IMRT; conversely, if IMPT showed 
a greater change, it was deemed more significant in IMPT. 
A bar chart displayed the median change magnitudes 
of selected features between IMPT and IMRT groups 
to visually indicate the direction and significance of the 
changes. A pie chart illustrated the proportion of signifi-
cantly changed features between groups.

Method 2: significant feature selection and effect size ranking
Data Preparation  The Delta feature dataset was read, 
and data were grouped by treatment type (IMPT and 
IMRT) and dose regions (high, medium, and low).

Significance filtering pre- and post-treatment  A one-
sample t-test was conducted for each feature in different 
dose regions and treatment groups, assuming a mean of 
zero. The p-value and effect size were calculated for each 
feature, with multiple testing correction using the FDR 
method. Features with corrected p-values below 0.05 and 
effect sizes above 0.5 were identified as significant.

Inter-group significance filtering  Further inter-group 
significance testing was conducted on significant features 
from the first step to assess differences in change magni-
tude between IMPT and IMRT. For normally distributed 
data, an independent-sample t-test was used; otherwise, 
the Mann-Whitney U test was employed. The p-value and 
effect size were calculated for each feature in different 
dose regions, and multiple testing correction was applied 
using the FDR method. Features with corrected p-values 
below 0.05 and notable effect sizes were identified as sig-
nificant.

Change magnitude calculation and summary  For fea-
tures identified in the second step, positive effect size 
indicated that the feature had a more significant change 
in the IMPT group; a negative effect size indicated greater 
change in the IMRT group. A bar chart displayed the 
median change magnitudes of selected features for IMPT 
and IMRT, visually indicating the direction and signifi-
cance of the changes between groups.

Significance testing of feature correlation with dose-
volume parameters
Although we have confirmed before the experiment that 
there is no statistically significant difference in the total 
prescribed dose between the two patient groups, and we 
have segmented the regions of interest (ROIs) in propor-
tion to the total prescribed dose, an identical or similar 
dose percentage does not necessarily imply an entirely 
uniform local dose distribution. Variations in local dose 
distribution can still induce distinct biological responses 
in the tissue microenvironment [10]. Therefore, it is nec-
essary to examine the correlation between the final set 
of significantly effective features and the absolute dose-
volume parameters V30, V40, and V50. This correla-
tion analysis will help determine whether the observed 
inter-group differences in feature variations are genuinely 
attributable to differences in radiotherapy modalities or 
are instead influenced by dose distribution heterogeneity.
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Visualization of feature variation differences
To intuitively illustrate the extent of brain tissue changes 
across different dose regions following radiotherapy, we 
will use box plots and dose distribution-feature variation 
mapping. These visualizations will effectively depict the 
magnitude of post-radiotherapy alterations in brain tis-
sue at various dose levels.

Results
Patient ‘s baseline data
The demographic and clinical characteristics compari-
son are shown in Table  2. Detailed baseline data of the 
patients can be found in Appendix 1.

Patient dose distribution
The dose distribution trend for the IMPT group was 
5713.63 ± 774.32  cGy, while for the IMRT group, it was 
5489.86 ± 627.05  cGy. Test results, shown in Table  3, 
indicate no statistically significant difference. The over-
all prescription dose distributions for the two groups are 
illustrated in Fig. 3.

Non-parametric test results: inter-group differences in 
significant features
The bar chart (Fig. 4) shows that most features identified 
through Method 1 exhibit more substantial changes in 
the IMRT group, with a higher percentage change com-
pared to significant changes in the IMPT group. It is 
noteworthy that here, “percentage change” refers to the 
median value of a given feature’s change within its sig-
nificantly changed group, standardized as a percentage. 

This differs from “effect size,” calculated through means 
and standard deviations in Method 2. Due to the large 
number of features retained after non-parametric testing 
in Method 1, a pie chart (Fig. 5) is used to intuitively dis-
play the percentage of features with significant changes in 
each group.Details of the statistical test data of method 1 
are shown in appendix 2.

Effect size and multiple testing results: significant feature 
selection
After multiple testing correction and effect size filtering, 
34 features were identified. In some dose regions, cer-
tain features were excluded due to stringent correction 
criteria, but this did not affect the overall data trends or 
results. The feature selection process is shown in Fig. 6. 
Details of the statistical test data of method 2 are shown 
in appendix 3 and appendix 4.

Table 2  Demographic and clinical characteristics comparison
IMPT IMRT
n = 44 n = 69

Gender (M/F) 16/28 35/34
Subtentorial involment(Y/N) 31/13 62/7
Deep brain involment(Y/N) 30/14 55/14
Sellar region involment(Y/N) 28/16 42/27

Table 3   Test results of dose distribution difference
stat p_val

T test 1.69 0.09
Mann-Whitney U test 1650 0.42

Fig. 3  Total prescription dose distribution bar chart for both patient groups, with green representing the IMPT group and orange representing the IMRT 
group
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Fig. 5  Pie chart showing the percentage of features with significant changes in each group as identified by Method 1. Blue represents the percentage of 
features with significant changes in the IMPT group, and yellow represents the percentage in the IMRT group

 

Fig. 4  Bar chart of feature changes in each group as identified by Method 1. The x-axis represents feature names, and the y-axis represents the per-
centage change in features, standardized by median. Blue bars indicate features with significant changes in the IMPT group, while yellow bars indicate 
significant changes in the IMRT group
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Comparison of feature changes between groups based on 
effect size
Cohen’s d method was used to calculate effect size based 
on the mean difference, quantifying the magnitude of fea-
ture changes between the two groups. As shown in Fig. 7, 
most of the 34 features had negative values with rela-
tively high absolute values, indicating that the majority 
of features showed more significant changes in the IMRT 
group.

Correlation analysis of significantly effective features with 
dose-volume parameters
To further verify whether the observed changes in 
radiomic features are primarily mediated by different 
radiotherapy modalities or influenced by dose distribu-
tion heterogeneity, a correlation analysis was conducted 
between the 34 selected radiomic features and the abso-
lute dose-volume parameters. Previous studies have 
reported that in patients undergoing single or multiple 
sessions of stereotactic radiotherapy, the risk of radia-
tion-induced necrosis significantly increases when the 
V30 (volume of normal brain tissue receiving at least 
30 Gy) exceeds 10.5 cm³ [11]. Another study on carbon-
ion radiotherapy for brain tumors found that V40 and 
V50 were associated with the occurrence of ≥ Grade 2 
radiation-induced brain injury: Patients with V40 ≥ 7.6 ml 
had a 38.1% (95% CI: 15.6–60.6%) incidence of ≥ Grade 
2 brain injury within 5 years, whereas those with 
V40 < 7.6 ml had a significantly lower incidence of 10.0% 
(95% CI: 0–28.6%) (p = 0.0117). Patients with V50 ≥ 4.6 ml 
had a 34.3% (95% CI: 11.5–57.2%) incidence of ≥ Grade 2 
brain injury within 5 years, compared to 15.6% (95% CI: 
0–35.6%) in those with V50 < 4.6  ml (p = 0.0192). Multi-
variate analysis identified V50 as an independent risk fac-
tor for ≥ Grade 2 radiation-induced brain injury following 
carbon-ion radiotherapy (p = 0.004, hazard ratio = 1.229, 
95% CI: 1.069–1.412) [12].

Fig. 7  Cohen’s d analysis. Larger absolute effect sizes indicate greater differences in a feature between the two groups. A positive effect size suggests that 
the feature change is more pronounced in the IMPT group, while a negative effect size indicates a more significant change in the IMRT group

 

Fig. 6  Initial features are shown in blue. Yellow represents the features 
with significant changes pre- and post-treatment in all dose regions of 
both patient groups after the first filtering. Green indicates the 34 features 
selected in the second filtering phase, showing significant changes be-
tween the two groups, which were used for subsequent analysis
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Based on these prior findings and the actual prescribed 
total dose in the patient cohorts of this study, V30, V40, 
and V50 were selected for correlation analysis with sig-
nificantly effective radiomic features. For details on the 
dose-volume parameters of each patient, please refer to 
Appendix 5. Results with correlation coefficients (r) > 0.2 
and p < 0.05 are presented in Tables 4 and 5. 33 out of 34 
features showed weak correlations (r < 0.3) with dose-
volume parameters, suggesting that their variations are 
more likely mediated by differences in radiotherapy 
modalities rather than by dose distribution heterogeneity.

When analyzing correlations using absolute volume-
absolute dose parameters (cm³-Gy), the feature Delta_
wavelet-HHL.65 exhibited the highest effect size (-0.8) 
and strong correlations with V30 and V40 in high-dose 
regions (r = 0.65, p < 0.001). In medium-dose regions, the 
correlation coefficients with V30 and V40 were slightly 
lower (r = 0.64 and 0.47, p < 0.001), indicating that this 
feature is significantly influenced by local dose distribu-
tion in medium-to-high dose areas. In low-dose regions, 
its correlation with dose-volume parameters was weaker, 
suggesting that factors beyond dose distribution may 
contribute to feature variations.

When using relative volume-absolute dose parameters 
(%-Gy), the correlation coefficients were generally low, 
with the highest value being r = 0.34. This suggests that 
absolute volume-based parameters better reflect feature 
variation trends, whereas relative volume-based param-
eters may be influenced by inter-patient differences in 
brain size, leading to larger variability in dose-volume 
distribution across individuals.

Visualization of feature change differences based on effect 
size
The top 10 features with the most significant differences 
in effect size were selected for box plot visualization, 
as shown in Fig. 8. The median values of features in the 
IMRT group deviated further from the baseline, sug-
gesting more pronounced changes, consistent with the 
effect size results. Additionally, box plots for the IMPT 
group are narrower, indicating smaller and more stable 
feature changes. Some outliers are observed, likely due to 

the substantial pre- and post-treatment changes in these 
selected features, resulting in a marked positive or nega-
tive deviation.

Mapping of dose distribution and differences in radiomics 
feature variation
As shown in Fig.  9, the magnitude of radiomic feature 
variations for both patient groups is mapped to the cor-
responding dose regions, visually illustrating the micro-
structural changes in brain tissue across different dose 
zones following radiotherapy. The color gradient from 
dark to light represents the intensity of feature variations 
from high to low. The IMRT group exhibits significantly 
greater feature variation intensity than the IMPT group 
(indicated by darker colors).

The magnitude of variation was derived from the 33 
features that were previously confirmed to have low cor-
relation (r < 0.3) with dose-volume parameters, ensuring 
that dose distribution was not the primary influencing 
factor. After aggregating these features, the results sug-
gest that the observed variations are more likely medi-
ated by distinct microstructural effects induced by 
different radiotherapy modalities rather than differences 
in dose distribution. This finding implies that the biologi-
cal effects of radiotherapy may extend beyond the mere 
physical dose distribution, advocating for a biologically-
driven evaluation framework for radiotherapy techniques 
rather than one solely based on physical dose metrics.

Discussion
How radiomic features map microstructural changes in 
brain tissue after radiotherapy
The key radiomic features selected in this study include 
the Gray-Level Co-Occurrence Matrix (GLCM), Gray-
Level Run-Length Matrix (GLRLM), and Gray-Level 
Size Zone Matrix (GLSZM). GLCM describes the spa-
tial distribution relationships of pixel intensity values. 
GLRLM measures the continuity of identical gray-level 
values in an image. GLSZM reflects the homogeneity of 
pixel regions. These features are considered to indirectly 
reflect local brain tissue perfusion, tissue heterogeneity, 

Table 4  Spearman correlation analysis between feature changes and relative dose-volume parameters
Relative Dose-Volume Parameters(%-Gy) Feature Dose Spearman Correlation p-value
V30 Delta_original.37 Medium 0.21 5.77 × 10− 7

V40 Delta_original.51 High 0.23 4.58 × 10− 8

V30 Delta_original.51 Medium 0.26 1.88 × 10− 10

V40 Delta_wavelet-HHL.45 High 0.23 5.65 × 10− 8

V30 Delta_wavelet-HHL.45 Medium 0.22 9.87 × 10− 8

V40 Delta_wavelet-HHL.65 High 0.34 2.04 × 10− 16

V30 Delta_wavelet-HHL.65 Medium 0.34 6.48 × 10− 17

V30 Delta_wavelet-LLH.60 Medium 0.20 9.79 × 10− 7

V30 Delta_wavelet-LLH.68 Medium 0.22 1.41 × 10− 7
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Table 5  Spearman correlation analysis between feature changes and absolute dose-volume parameters
Absolute Dose-Volume Parameters(cm³-Gy) Feature Dose Spearman Correlation p-value
V40 Delta_original.51 High 0.22 1.43 × 10− 7

V50 Delta_original.51 High 0.22 7.91 × 10− 8

V30 Delta_original.51 Medium 0.26 7.17 × 10− 10

V40 Delta_original.51 Medium 0.26 4.50 × 1010

V30 Delta_original.64 High 0.25 1.24 × 10− 9

V40 Delta_original.64 High 0.27 1.17 × 10− 10

V50 Delta_original.64 High 0.23 2.38 × 10− 8

V30 Delta_original.64 Medium 0.22 8.03 × 10− 8

V50 Delta_wavelet-HHL.45 High 0.25 1.01 × 10− 9

V30 Delta_wavelet-HHL.45 Medium 0.29 6.41 × 10− 13

V40 Delta_wavelet-HHL.45 Medium 0.25 2.85 × 10− 9

V40 Delta_wavelet-HHL.45 High 0.23 4.81 × 10− 8

V30 Delta_wavelet-HHL.45 High 0.21 7.25 × 10− 7

V30 Delta_wavelet-HHL.65 Medium 0.64 3.81 × 10− 65

V50 Delta_wavelet-HHL.65 High 0.48 6.49 × 10− 34

V30 Delta_wavelet-HHL.65 High 0.65 3.41 × 10− 70

V40 Delta_wavelet-HHL.65 Medium 0.47 5.02 × 10− 32

V40 Delta_wavelet-HHL.65 High 0.65 4.40 × 10− 69

V30 Delta_wavelet-HHL.65 Low 0.24 5.40 × 10− 9

V30 Delta_wavelet-HLH.23 Medium 0.22 1.94 × 10− 7

V40 Delta_wavelet-HLH.60 High 0.24 7.99 × 10− 9

V30 Delta_wavelet-HLH.60 High 0.23 2.68 × 10− 8

V40 Delta_wavelet-HLH.60 Medium 0.20 1.49 × 10− 6

V30 Delta_wavelet-HLH.60 Medium 0.24 6.33 × 10− 9

V30 Delta_wavelet-HLH.68 Medium 0.24 4.07 × 10− 9

V30 Delta_wavelet-HLH.68 High 0.24 8.38 × 10− 9

V40 Delta_wavelet-HLH.68 High 0.25 2.68 × 10− 9

V50 Delta_wavelet-HLH.68 High 0.20 1.38 × 10− 6

V30 Delta_wavelet-LHH.60 High 0.21 1.77 × 10− 7

V40 Delta_wavelet-LHH.60 High 0.23 5.97 × 10− 8

V30 Delta_wavelet-LHH.60 Medium 0.24 1.25 × 10− 8

V30 Delta_wavelet-LHH.68 Medium 0.24 1.34 × 10− 8

V40 Delta_wavelet-LHH.68 High 0.23 2.82 × 10− 8

V30 Delta_wavelet-LHH.68 High 0.23 5.71 × 10− 8

V30 Delta_wavelet-LLH.49 Medium 0.20 1.64 × 10− 6

V30 Delta_wavelet-LLH.60 High 0.24 6.00 × 10− 9

V40 Delta_wavelet-LLH.60 High 0.26 7.45 × 10− 10

V50 Delta_wavelet-LLH.60 High 0.25 3.33 × 10− 9

V30 Delta_wavelet-LLH.60 Medium 0.28 1.42 × 10− 11

V40 Delta_wavelet-LLH.60 Medium 0.24 1.44 × 10− 8

V40 Delta_wavelet-LLH.68 Medium 0.25 8.66 × 10− 10

V30 Delta_wavelet-LLH.68 Medium 0.30 5.20 × 10− 14

V30 Delta_wavelet-LLH.68 High 0.28 2.78 × 10− 11

V40 Delta_wavelet-LLH.68 High 0.29 4.09 × 10− 12

V50 Delta_wavelet-LLH.68 High 0.26 2.50 × 10− 10

V30 Delta_wavelet-LLL.33 Medium -0.21 2.77 × 10− 7

V30 Delta_wavelet-LLL.50 Medium 0.20 1.51 × 10− 6

V50 Delta_wavelet-LLL.50 High 0.22 1.25 × 10− 7

V30 Delta_wavelet-LLL.50 High 0.23 1.89 × 10− 8

V40 Delta_wavelet-LLL.50 High 0.24 3.68 × 10− 9
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Fig. 8  Box plots for the top 10 features with the highest effect sizes based on Cohen’s d method. The IMPT group is on the left, and the IMRT group on 
the right, with different colors representing different dose regions
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and microstructural changes induced by radiotherapy 
[13, 14].

A review of recent studies on radiotherapy-induced 
brain injury reveals that these radiomic features are 
frequently used for analysis. For example, Chen et al. 
utilized multi-sequence MRI images and found that 
radiotherapy-induced white matter damage was primar-
ily associated with GLCM and GLSZM features. They 
further developed a dose-radiomics model to predict 
radiation-induced brain injury [15]. Similarly, Zhang et 
al. demonstrated that GLCM and GLRLM features could 
effectively differentiate radiation-induced brain injury 
from tumor recurrence, improving clinical decision-mak-
ing [16].

These findings indicate that GLCM, GLRLM, and 
GLSZM align with radiomic features identified in previ-
ous studies on radiotherapy-induced brain injury, further 
validating their clinical significance and interpretability.

Analysis of differences in feature variations in similar dose 
regions between photon and proton groups
Principles and differences in biological effects during photon 
and proton interactions with tissue
When photons penetrate tissue, they trigger a series of 
ionization reactions, generating reactive oxygen spe-
cies (ROS) and free radicals. These ROS induce oxida-
tive stress, leading to damage in essential intracellular 

molecular structures [17]. Importantly, ROS and free 
radicals produced by photon irradiation are not confined 
to the target region; instead, they widely diffuse through 
normal tissues along the beam path, causing substantial 
collateral damage to surrounding healthy tissue [18]. 
In contrast, protons release energy in a localized man-
ner within a specific region and do not exhibit the same 
widespread diffusion as photons [19].

Additionally, photon irradiation can activate pro-
inflammatory responses by inducing sphingomyelin 
cleavage, thereby exacerbating tissue damage [20, 21]. 
Protons, however, induce less activation of the sphin-
gomyelin pathway, resulting in a weaker inflammatory 
response. As a result, normal tissues exposed to protons 
experience significantly lower levels of inflammation and 
oxidative stress compared to those exposed to photons 
[22].

Mechanisms and differences in radiation-induced tissue 
damage and repair
DNA damage caused by photon radiation is primarily 
repaired through a relatively error-prone pathway known 
as non-homologous end joining (NHEJ). While NHEJ is a 
rapid repair mechanism, it lacks a template for accurate 
repair, often leading to incomplete or erroneous DNA 
repair. This can result in genomic instability, triggering 

Fig. 9  Mapping of dose distribution and differences in radiomics feature variation
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increased cell death, mutations, and other cellular stress 
responses, such as apoptosis and necrosis [23, 24].

Conversely, DNA damage induced by proton radia-
tion is repaired through a more precise repair mecha-
nism known as homologous recombination repair (HRR), 
which has a lower error rate [25]. Therefore, IMRT is 
more likely to cause higher levels of DNA damage accu-
mulation and more extensive tissue structural alterations 
in normal tissues compared to IMPT.

Comparison with previous studies
Comparison with previous dose distribution-based brain 
injury prediction studies
Upadhyay et al. investigated the dose-volume tolerance 
of brain tissue in a three-fraction stereotactic radiother-
apy regimen and identified V20 > 10 cm³ as an indepen-
dent predictor of symptomatic necrosis rather than total 
dose alone [26]. This study emphasized the critical role 
of localized dose peaks in radiation-induced brain injury, 
aligning with our finding that Delta_wavelet-HHL.65 
exhibited the highest correlation in medium-to-high 
dose regions (maximum correlation coefficient r = 0.65, 
p < 0.001). This suggests that dose-volume constraints can 
partly explain microstructural damage.

However, we also observed that the remaining 33 
radiomic features had weak correlations with dose-vol-
ume parameters (r < 0.3), indicating that their variations 
are primarily mediated by radiotherapy modality rather 
than dose distribution alone. This finding is consistent 
with the study by Gorbunov et al., who demonstrated 
that even under the same dose conditions, different radi-
ation particle types induce distinct microvascular dam-
age patterns [27]. Thus, our study further supports the 
potential of radiomics as a biological dose assessment 
tool, suggesting that traditional dose-volume histogram 
(DVH) assessments could be further refined to better 
capture biological effects.

Comparison with previous radiomics-based brain injury 
prediction studies
Radiomics has been increasingly applied in predict-
ing radiotherapy-induced toxicity. Salvestrini et al. 
conducted a retrospective analysis of radiomic feature 
variations following stereotactic radiotherapy and found 
that the combination of MRI and PET-CT radiomic 
features demonstrated a high predictive accuracy for 
radiation-induced injury (AUC = 0.89) [28]. However, 
this study primarily focused on a single radiotherapy 
modality (IMRT) and did not compare the effects of dif-
ferent radiotherapy techniques on the brain’s microen-
vironment. Our study introduces a novel approach by 
simultaneously comparing radiomic feature variations 
between IMRT and IMPT. Additionally, we implemented 
dose distribution-radiomic feature mapping, providing 

an intuitive visualization of radiomic feature variations 
within different dose regions.

Furthermore, Lee et al. evaluated the generalizability 
of radiomic features in CT and MRI imaging across dif-
ferent organs (lung, kidney, and brain). Their study ana-
lyzed 2,450 patients and extracted MRI-based radiomic 
features from multiple anatomical regions. The results 
showed that radiomic features exhibited greater inter-
patient variability in soft tissues, such as the kidney and 
brain, compared to solid structures like the lung and 
bone. GLSZM and wavelet-transformed features dis-
played significant variations across different organs, 
with AUC values ranging from 0.79 to 0.92 in predicting 
disease progression [29]. Their findings emphasize the 
organ-dependent nature of GLSZM and wavelet-trans-
formed features, which aligns with our identification of 
Delta_wavelet-HHL.65 as a key radiomic feature in post-
radiotherapy brain tissue assessment.

Innovative positioning of this study
Filling the gap in existing research
Previous studies have confirmed the differences in mac-
roscopic dose distribution between IMRT and IMPT; 
however, dosimetric parameters alone cannot capture the 
dynamic impact of radiotherapy on the tumor or normal 
tissue microenvironment. This study is the first to uti-
lize longitudinal radiomic feature analysis to reveal that, 
within target regions receiving similar dose distributions, 
the IMRT group exhibited significantly greater radiomic 
feature variations one month post-radiotherapy com-
pared to the IMPT group.

This finding highlights that: similar dose distribu-
tion ≠ equivalent biological effects. Even when both tech-
niques achieve a comparable physical dose in the same 
target region, IMRT may induce more pronounced early 
microenvironmental alterations, potentially due to a 
broader low-dose bath or secondary neutron radiation 
[30]. These alterations may include increased vascular 
permeability and extracellular matrix remodeling.

Moreover, radiomic features have the potential to serve 
as biological dose markers, capturing microstructural 
heterogeneity that conventional dose-volume histograms 
(DVH) fail to reflect. This provides a new dimension for 
refining personalized radiotherapy strategies.

Clinical significance of short-term follow-up results
Although this study does not include long-term follow-
up data, short-term radiomic feature variations still hold 
significant clinical value. While short-term follow-up 
cannot directly predict long-term toxicity, this study uti-
lizes radiomics to detect early differences in the effects of 
IMRT and IMPT, aligning with the “radiotherapy micro-
environmental window” hypothesis proposed by Zhou et 
al. [31]. This theory suggests that early microstructural 
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changes may act as initiators of long-term complications. 
The more pronounced feature variations observed in the 
IMRT group indicate the need for enhanced early func-
tional imaging surveillance in these patients, which could 
aid in the early detection and mitigation of potential 
long-term adverse effects.

Significance of study findings in optimizing radiotherapy 
strategies
Providing new insights for enhancing traditional dosimetric 
assessment and promoting the clinical application of IMPT
This study found that IMRT and IMPT induce different 
MRI feature variations in normal brain tissue, even under 
similar physical dose conditions, and that most of these 
features exhibit weak correlations with dose-volume 
parameters. Therefore, it is reasonable to hypothesize 
that these short-term feature variations are primarily 
driven by distinct microenvironmental responses induced 
by different radiotherapy modalities, rather than hetero-
geneity in local dose-volume distribution. This finding 
holds practical significance in complementing and refin-
ing the traditional dosimetric evaluation system, advocat-
ing for a biological-effect-oriented evaluation standard in 
radiotherapy. However, it is important to emphasize that 
this phenomenon is based on short-term observations, 
and future studies with long-term follow-up are required 
for further validation.

Additionally, these findings provide new evidence to 
support the clinical adoption of IMPT, demonstrating 
that IMPT may not only reduce radiation dose to normal 
tissues but also minimize microstructural damage load. 
Furthermore, for cases requiring a balance between tar-
get coverage and microenvironmental sensitivity, such as 
pediatric tumors or genetically susceptible populations, 
radiomic feature analysis could serve as a valuable tool 
for treatment selection and risk stratification.

Clinical value of radiomic features in optimizing radiotherapy 
strategies
This study is the first to conduct a systematic radiomic 
feature comparison between IMRT and IMPT groups 
and found that the Delta_wavelet-HHL.65 feature 
exhibited a large effect size (-0.8) in the IMRT group. 
Additionally, this feature demonstrated moderate-to-
strong correlations with dose-volume parameters in the 
medium-to-high dose regions, suggesting that its varia-
tions may reflect local dose distribution, making it a 
potential tool for radiotherapy dose optimization and 
imaging biomarker applications.

Personalized Radiotherapy Optimization: Real-time 
monitoring of Delta_wavelet-HHL.65 variations could 
enable dynamic dose adjustments during radiotherapy, 
optimizing target coverage while minimizing unneces-
sary exposure to normal brain tissue. In dose-sensitive 

regions, particularly medium-to-high dose areas, varia-
tions in this feature could serve as a key reference for 
radiotherapy adjustments.

Potential Applications as a Post-Radiotherapy Imag-
ing Biomarker: Delta_wavelet-HHL.65 may serve as an 
early predictor of radiation-induced injury. Regular MRI-
based radiomic analysis could enable the early detection 
of potential radiation-induced damage, guiding timely 
clinical interventions, such as adjusting radiotherapy 
plans or administering neuroprotective agents to mitigate 
adverse effects.

Study limitations
First, this study is retrospective and may be subject to 
potential selection bias. Second, the sample size is rela-
tively small, mainly due to the recent introduction of 
proton therapy in mainland China and its relatively high 
cost. Third, this study only compared target region fea-
ture changes between the two radiotherapy modalities 
without collecting clinical outcomes to build a model for 
in-depth exploration. Fourth, the biological processes 
underlying each selected feature were not fully investi-
gated, which may require further experimental research, 
such as radiopathological analysis, to deepen under-
standing of RT-associated brain injuries.

Conclusion
This study, using radiomics analysis, revealed significant 
differences in the effects of IMRT and IMPT on normal 
brain tissue, even under similar physical dose conditions. 
Although the two radiotherapy modalities exhibited 
comparable dose-volume parameters, the variations in 
most radiomic features (33 out of 34) showed no signifi-
cant correlation with dose-volume parameters (r < 0.3). 
This suggests that differences in radiotherapy-induced 
biological effects may extend beyond physical dose dis-
tribution, highlighting the potential for refining the tra-
ditional dosimetric evaluation system and advancing 
biologically-driven radiotherapy assessment standards.

Additionally, the feature Delta_wavelet-HHL.65 exhib-
ited the most significant changes in the IMRT group 
and demonstrated strong correlations with dose-volume 
parameters, making it a promising predictor for radio-
therapy dose optimization in clinical practice. Future 
research should further explore radiomics-dosimetry 
combined modeling and the application of machine 
learning in radiotherapy optimization, facilitating the 
implementation of personalized radiotherapy strategies.
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