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Abstract
Background  To investigate the feasibility and accuracy of PET radiomics features, along with their combination with 
CT radiomics, dosiomics, and deep learning (DL) features, in predicting radiation pneumonitis (RP) in lung cancer 
patients treated with volumetric modulated arc therapy (VMAT).

Methods  A total of 206 and 27 lung cancer patients who underwent VMAT with pre-treatment PET/CT imaging were 
enrolled from Hospital One and Hospital Two for model training and external validation, respectively. Four machine 
learning (ML) methods were applied to build radiomics models with features extracted from CT (R_CT), PET (R_PET), 
radiomics features fused PET/CT (R_fFU) and fused PET/CT images (R_ iFU), as well dosiomics features (D). Three DL 
models were built to extract features from PET (DL_PET), CT (DL_CT), and fused PET/CT images (DL_FU). The best-
performing radiomics and DL models were combined with dosiomics to create the final joint model. ROC curves 
with AUC, accuracy, sensitivity, and specificity evaluated the performance. A nomogram was constructed using top-
performing model features, parameters, and relevant clinical factors.

Results  The extreme gradient boosting (XGBoost) and 18-layer residual neural network (Resnet-18) achieved the 
best performance. The R+D+DL model combined radiomics, dosiomics, and DL features achieved AUCs of 0.93, 0.92 
and 0.89 in the training, internal validaiton and external validation cohorts, respectively. A nomogram constructed 
with gender, Adaptive RT, SUVp90, and XGBoost-score achieved an AUC of 0.94 for RP prediction in VMAT-treated lung 
cancer patients using PET/CT.

Conclusion  Integrating radiomics, DL, dosiomics features and SUVp90 is promising in the RP prediction for lung 
cancer patients underwent VMAT using PET/CT images.
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Background
Radiation therapy (RT) plays a crucial role in the man-
agement of locally advanced and unresectable lung 
cancer [1, 2]. Even though the advancements in RT 
techniques, such as intensity-modulated radiotherapy 
(IMRT) and volumetric modulated arc therapy (VMAT), 
have improved the prognosis of patients with lung can-
cer, radiation induced toxicities, such as radiation pneu-
monitis (RP), remain major dose constraints during the 
management of lung cancer with RT [3]. RP is an inflam-
matory reaction within lung tissue resulted from radia-
tion damage, which can cause symptoms ranging from a 
mild cough to severe respiratory distress and potentially 
fatal respiratory failure [4]. An RP incidence rate of 9% 
to 49% has been reported, with a serious impact on the 
clinical outcomes of lung cancer patients who under-
went RT [5]. More specifically for VMAT patients, recent 
studies show grade ≥2 RP rates of 22% to 38%, with 
severe (grade ≥3) pneumonitis occurring in approxi-
mately 15% of cases [6, 7]. While fatal radiation pneu-
monitis (grade 5) remains relatively rare, recent reports 
suggest increasing incidence, with some studies docu-
menting treatment-related deaths directly attributable to 
severe pneumonitis [8]. Furthermore, the clinical burden 
extends beyond acute toxicity, as severe RP significantly 
impacts quality of life and may necessitate treatment 
interruptions or modifications that could compromise 
oncological outcomes [6]. Therefore, it is of critical clini-
cal value to establish a pretreatment RP prediction model 
to prevent or minimize the incidence of RP.

Studies demonstrated that dose-volume histogram 
(DVH) metrics extracted from the RT plans, such as V5, 
V10, V20, V30, and mean lung dose (MLD), were associ-
ated with RP but with no universally accepted dosimetric 
parameters [9]. With the emergence of radiomics, quan-
titative image features with profound information were 
extracted from computed tomography (CT) images and 
radiation dose distribution images (dosiomics) to predict 
RP [10, 11]. Both pre-treatment CT radiomics features 
and delta-radiomics from the normal lung volume of 
patients with non-small cell lung cancer (NSCLC) were 
demonstrated promising in the RP prediction [12, 13]. 
Dosiomics features extracted from the dose distribution 
along with CT images were also becoming an effective 
way for RP prediction [14]. Combining CT and dose dis-
tribution images using deep learning (DL) demonstrated 
its feasibility in predicting RP [15]. Studies demonstrated 
combination of multiple factors and imaging modalities, 
such as radiomics, dosiomics, DL features, and clinical 
factors, further improved the prediction ability of models 
for RP [16, 17].

Given its ability of monitoring underlying biological 
processes, 18 F-2-fluoro-2-deoxyglucose positron emis-
sion tomography (FDG PET) images were frequently 

combined with CT images to detect pulmonary inflam-
mation clinically [18, 19]. The study reported that pre-
radiotherapy pulmonary FDG uptake and PET imaging 
characteristics were associated with the development 
of post-radiotherapy RP symptoms [20]. Studies further 
demonstrated that the 95th percentile of the standard 
uptake value (SUVp95) and SUVmean within the lung 
were correlated with RP and its grading [21, 22]. Integrat-
ing SUV values with dosimetric factors and CT radiomics 
features has also been investigated to improve the RP 
prediction for lung cancer [23–25]. However, few studies 
used PET images to construct radiomics models for RP 
prediction. The purpose of this study is to investigate the 
feasibility and accuracy of radiomics features extracted 
from PET images, as well as their combination with CT 
radiomics features, dosiomics and DL features in the RP 
prediction, so as to improve the RT planning and clinical 
management for lung cancer patients underwent VMAT. 
The performance of these models was validated exter-
nally with data from a second hospital.

Materials and methods
Patients and images
Lung cancer patients underwent VMAT and/or concur-
rent chemoradiotherapy (CRT) from January 2018 to 
December 2023 with 18F-FDG PET-CT scans within 
three months before treatment were retrospectively 
reviewed and analyzed through the electronic medical 
record systems of two hospitals (Institution I for train-
ing and internal validation, and Institution II for external 
validation). Patients were excluded if they had a history 
of prior radiotherapy to the chest or other anatomi-
cal regions, lacked pretreatment PET/CT imaging, had 
incomplete pathological data, or were diagnosed with 
preexisting interstitial lung disease, chronic obstructive 
pulmonary disease, or pulmonary fibrosis. The flow-
chart of patient enrollment is shown in Fig. 1. The simu-
lation CT images were acquired using either the Philips 
Brilliance (Philips, USA) or the GE Revolution CT (GE, 
USA) with a slice thickness of 2.5 mm. The Accucon-
tour 3.2 software (Manteia Corp, Xiamen, China) was 
used to delineate and verify target volumes and organs at 
risk (OARs) according to the guidelines of the Radiation 
Therapy Oncology Group (RTOG) [26]. The treatment 
planning systems (TPS) of Pinnacle (Philips Medical 
Systems, Andover, Massachusetts, USA) and/or Eclipse 
(Varian Medical Systems, Palo Alto, California, USA) 
were employed to optimize VMAT RT plans and dose 
distributions with a prescribed radiation dose of 50 to 
66 Gy, 1.8 to 2 Gy per fraction, once a day, five times a 
week, as described previously [27, 28]. Detailed charac-
teristics of these patients were presented in Table 1.

FDG PET/CT images were acquired by using a Philips 
PET-CT scanner (Gemini TF 64 w/TOF Performance, 
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Netherlands). Each patient was intravenously injected 
with 3.7 MBq/kg of 18F-FDG after fasting for at least 
6 hours. Approximately one-hour post-injection, CT 
images were acquired at a voltage of 120 kV, a tube cur-
rent of 300 mA, a slice thickness of 2.5 mm, and a matrix 

size of 512 × 512. PET images were scanned with a slice 
thickness of 4 mm and a matrix size of 144 × 144. For the 
external cohort, FDG PET/CT images were acquired 
by using a GE Discovery Max scanner (GE Healthcare, 
USA). Each patient was intravenously injected with 3.33 

Table 1  Clinicopathological characteristics of enrolled patients
Variables Total (Internal) Symptomatic (N) p-value Total (External) Symptomatic (N) p-value
Gender 0.057 0.534
Male 162 33 22 3
Female 44 15 5 0
Age 0.229 0.189
Range 31–86 41–86 57–86 68–85
Mean±SD 64.95 ± 8.57 65.12 ± 9.21 67.59 ± 10.23 75.00 ± 8.89
chemotherapy 0.758 0.502
Yes 176 42 20 2
No 30 6 7 1
Smoking 0.697 0.082
Yes 141 25 13 0
No 65 23 14 3
Radiation pneumonitis
＜2 158 0 24 0
≥2 48 48 3 3
Adaptive RT 0.071 1.000
Yes 64 20 0 0
No 142 28 27 3
Treatment dose parameters
Median prescribed dose (range) 52.3 Gy(18–66)Gy 51.1 Gy(18–66)Gy 0.359 53.4 Gy(32–66)Gy 45.3 Gy(32–54)Gy 0.071
SUVp90
Range 0.53–2.39 0.62–2.39 0.098 1.07–2.57 1.23–1.93 0.621

Fig. 1  The flowchart of patients’ enrollment
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MBq/kg of 18F-FDG after fasting for at least 6 hours. 
Scanning was performed 45–60 minutes post-injection. 
CT images were acquired at a voltage of 120 kV, a tube 
current of 50 - 150 mA, a slice thickness of 3.76 mm, 
and a field of view (FOV) of 50 × 50 cm2 (noise index: 
11.0). PET images were scanned with the same FOV of 
50 × 50 cm2 and a slice thickness matching that of the CT. 
Clinical characteristics such as age, gender, smoking his-
tory, and chemotherapy were also collected. Based on the 
Common Terminology Criteria for Adverse Events ver-
sion 4 (CTCAE v4) [29], patients with symptoms of grade 
2 or higher RP during the follow-up were classified into 
the RP group. This study followed the Helsinki Declara-
tion and was approved by the Hospital Clinical Research 
Ethical Committee (ECCR) (ECCR number: 2019059).

Preprocessing and image fusion
To reduce variability caused by different scanners, Nor-
malization was performed for CT, PET, and fused PET-
CT images using the configuration files provided by 
PyRadiomics. CT images were resampled to a voxel size 
of 1.5 × 1.5 × 1.5 mm3, while PET and fused images were 
resampled to 3.0 × 3.0 × 3.0 mm3 with a fixed bin width of 
16 at the pixel level. PET and CT images were fused via a 
rigid registration method using a slice-based overlay [30], 
where CT images were served as the grayscale base layer 
and PET images were overlaid with pseudocolor [31]. 
PET and CT images were fused using a weighted blend-
ing approach with a 6:4 CT:PET ratio. The choice of ratio 
was guided by prior literature suggesting that the optimal 
balance between anatomical (CT) and functional (PET) 
information may vary depending on the analysis objec-
tive [32]. We performed preliminary experiments with 
different blending ratios (e.g., 7:3, 6:4, 5:5) and found that 
the 6:4 ratio yielded the best predictive performance for 
RP in our dataset, as shown in Supplemental Fig. S1, a 
typical fused image of PET and CT. The position infor-
mation of the dose image was based on the planning CT.

Multi-omics feature extraction and selection
Radiomics features from the lung in the CT, PET, and 
fused PET/CT images were extracted following the Imag-
ing Biomarker Standardization Initiative (IBSI) guidelines 
using PyRadiomics (Python package, ​h​t​t​p​s​:​/​/​w​w​w​.​p​y​t​h​o​
n​.​o​r​g​) [33]. Dosiomics features in the lung were extracted 
from the planning CT after converting DICOM RT dose 
files to the nearly original raster data images using Plasti-
match 1.9.4 (https://plastimatch.org).

A two-step feature selection method was applied to 
select the key features from the training dataset. Firstly, 
the Mann-Whitney U test was applied to select the large-
scale radiomics and dosiomics features with p < 0.05 as 
potential informative features. Then the Least absolute 
shrinkage and selection operator (LASSO) regression 

methodology and tenfold cross-validation were utilized 
to screen the optimal features. A maximum of sixteen 
features with the highest absolute value of the feature 
coefficient would be included in further analysis to pre-
vent over-fitting of the model. The features with coeffi-
cients reduced to zeros were removed [34].

Deep learning features extraction and selection
DL features were extracted from the lung with trained 
DL model. The input of the model includes three types 
of images: individual PET (DL_PET) or CT images (DL_
CT), and fused PET/CT images (DL_FU). Different DL 
models were applied for modeling, including ResNet-18, 
ResNet-34, ResNet-50, and DenseNet-101 [35]. Detailed 
training configurations, including learning rate, batch 
size, optimizer settings, loss function, preprocessing, and 
augmentation procedures, are provided in Supplemen-
tary Table S1. The model with the best performance was 
selected for feature extraction. The architecture of the 
Resnet-18 was shown in Supplemental Fig. S2. DL fea-
tures were initially extracted from the convolution layer 
and then went through maximum pooling for dimen-
sion reduction. A multi-layer convolution learning was 
carried out in multiple residual block layers to extract 
deeper feature representations. Finally, the feature maps 
were compressed to 1 × 1in the adaptive average pooling 
layer, and 512 DL features were obtained from the last 
layer of the Fully Connected Layer and screened using 
the same two-step feature selection method as radiomics 
and dosiomics.

Model construction
Patients from Hospital One were randomly divided into 
a training cohort and an internal validation cohort at a 
7:3 ratio. Two methods were applied to integrate PET and 
CT for modeling. One was a feature-based method inte-
grating features from the CT and PET images; the other 
one was an image-based method extracting features from 
the fused CT and PET images. Four machine learning 
(ML) methods, including logistic Regression (LR), deci-
sion Tree (DT), support Vector Machine (SVM), and 
extreme gradient boosting (XGBoost) were applied to 
build radiomics models. Features extracted from CT, 
PET, fused PET/CT features, fused PET/CT images, 
and dosiomics features (D) were used to build the R_CT, 
R_PET, R_fFU, R_ iFU and D models, respectively. The 
radiomics and DL models with the best performance 
were combined with dosiomics features to build the final 
joint model. The performance of these models was evalu-
ated by receiver operating characteristics (ROC) curves 
with the area under curves (AUC), accuracy (ACC), sen-
sitivity (SEN), and specificity (SPE). A nomogram was 
finally built with features and parameters from the mod-
els with the best performance and related clinical factors. 

https://www.python.org
https://www.python.org
https://plastimatch.org
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Decision curve analysis (DCA) in the training cohort was 
plotted to evaluate the clinical value of the nomogram.

The importance of these features in contributing to 
the model performance was evaluated by the reduc-
tion (gain) of the loss function when splitting nodes in 
the XGBoost model, which is to divide the total gain of 
each feature by the sum of the total gains of all features to 
get relative importance (percentage) of that feature. The 
Shapely Additive exPlanations (SHAP) values were calcu-
lated to assess the average impact of these features and 
parameters from a global perspective by creating variable 
beeswarm charts [36].

Statistical analysis
Statistical analysis was conducted using R studio (Version 
4.0.4, http://www.Rproject.org). LR and SVM were ​i​m​p​
l​e​m​e​n​t​e​d in the “e1071” package, DT was implemented 
in the “rattle” package. XGBoost and feature importance 
in the “xgboost” package, LASSO in the “glmnet” pack-
age. The SHAP values were computed using the “shapviz” 
package, and the “pROC” package was used for ROC 
curves. Univariate and multivariate regression analy-
ses for evaluating the predictive value of clinical param-
eters were assessed by SSPS software (Version 19.0, IBM 
Corp., Armonk, USA). A p-value of less than 0.05 was 
considered to be statistically significant.

Results
Patient characteristics
As shown in Fig. 1 the flowchart for patient enrollment, 
a total of 206 and 27 lung cancer patients from Hospital 
One and Hospital Two with an average age of 64.95 ± 8.57 
(range from 31 to 86) and 67.59 ± 10.23 (range from 57 to 
86) were enrolled for the final analysis, respectively. The 
prescription dose for these patients were 18 Gy to 66 Gy 
and 32 to 54 Gy with an RP rate of 23.3% and 11.1%, 
respectively. No significant differences in major clinical 

characteristics were observed between the training and 
external validation cohorts, as shown in Table 1.

A total of 1288 features were extracted from each 
image modality and a final 16 radiomics and dosiomics 
features were screened after the Mann-Whitney U test 
and LASSO. Image-based fusion strategy was applied 
to extract radiomics and DL features for further analy-
sis after comparison. A total of 512 DL features were 
extracted from the full connection layer of the trained 
model and 16 most relevant features were screened for 
the joint modeling. The names of the screened features 
are listed in Supplemental Table S2.

Clinical factors and SUV parameters associated with 
RP were analyzed by using a univariate and multivariate 
LR analysis. Variables with P values less than 0.1 in uni-
variate analysis were included for multivariate analysis. 
Gender, Adaptive RT, and SUVp90 were screened out as 
predictive factors for RP with a p-value less than 0.05 in 
multivariate analysis, as shown in Supplemental Table S3.

Model evaluation
The performance of radiomics and dosiomics models 
using four ML methods is shown in Table 2. LR, DT, 
SVM, and XGBoost achieved AUCs in the internal vali-
dation cohort ranging from 0.72 to 0.75, 0.74 to 0.78, 0.79 
to 0.85, and 0.75 to 0.86 with CT, PET, image-fused PET/
CT, and feature-fused PET/CT, respectively. Dosiomics 
features extracted from planning CT achieved AUCs of 
0.77, 0.73, 0.79, and 0.81 in the internal validation cohort 
using LR, DT, SVM, and XGBoost, respectively. DL mod-
els with features from CT, PET, and image-fused PET/CT 
achieved an AUC of 0.68 to 0.76, 0.65 to 0.74, and 0.72 to 
0.81, in internal validation cohort, respectively. XGBoost 
models for radiomics features with image-fused PET/CT 
and dosiomics features were combined with DL models 
using ResNet-18 with image-fused PET/CT for further 
integrating modeling. R+D and R+D+DL achieved an 
AUC of 0.88 and 0.92 in internal validation cohort with 

Table 2  The AUC of all models for the training and internal validation cohort
Dataset Cohort Training cohort Internal Validation cohort

Model LR DT SVM XGBoost LR DT SVM XGBoost
Radiomics model R_CT 0.74 0.78 0.82 0.82 0.73 0.78 0.80 0.81

R_PET 0.76 0.74 0.81 0.79 0.75 0.74 0.79 0.75
R_iFU 0.76 0.75 0.86 0.87 0.75 0.74 0.85 0.86
R_fFU 0.74 0.76 0.84 0.84 0.72 0.74 0.83 0.83

Dosiomics model D 0.79 0.74 0.82 0.82 0.77 0.73 0.79 0.81
Model ResNet-18 ResNet-34 ResNet-50 DenseNet-101 ResNet-18 ResNet-34 ResNet-50 DenseNet-101

DL model DL_CT 0.78 0.73 0.70 0.68 0.76 0.72 0.68 0.65
DL_PET 0.77 0.73 0.73 0.71 0.74 0.71 0.67 0.65
DL_FU 0.83 0.81 0.81 0.76 0.81 0.76 0.75 0.72
Model LR DT SVM XGBoost LR DT SVM XGBoost

Combine model R+D 0.82 0.81 0.88 0.89 0.77 0.76 0.87 0.88
R+D+DL 0.82 0.83 0.89 0.93 0.81 0.81 0.88 0.92

http://www.Rproject.org


Page 6 of 13Ai et al. BMC Medical Imaging          (2025) 25:426 

image-fused PET/CT using XGBoost, respectively. Exter-
nal validation cohort using XGBoost for R+D+DL dem-
onstrated an AUC, ACC, SPE, and SEN of 0.89 (95%CI: 
0.62–0.92), 0.82, 0.67, and 0.83, respectively. Detailed 
performance and comparison of these models were pre-
sented in Tables 2, 3 and Figs. 2,3.

A predicted value was calculated for the combined 
model with XGBoost (XGBoost-score) for each patient. 
A nomogram was constructed with gender, Adaptive RT, 
SUVp90, and XGBoost-score for the prediction of RP, and 
achieved an AUC of 0.94 (95%CI, 0.90 - 0.98), as shown 
in Fig. 4(A). The DCA of combined model and Nomo-
gram was shown in Fig. 4(B). Nomogram has the highest 
net benefit. Calibration curves for the training, internal 
validation, and external validation cohorts are presented 
in Fig. 5, illustrating the agreement between predicted 
probabilities and actual outcomes across all datasets. The 
curves demonstrate good calibration in the training and 
internal validation cohorts, with slightly reduced agree-
ment in the external validation cohort.

Feature influence
The importance of features within the model was judged 
based on their statistical information during the model 
construction process with a higher value indicating a rel-
ative higher importance of that feature. The importance 
values the 15 top features of radiomics, dosiomics, and 
DL ranged from 3.0 to 4.9%, 2.5 to 4.2%, and 3.1 to 10.0% 
with an average of 3.9%, 3.2%, and 5.5%, respectively. As 
shown in Fig. 6(A), DL feature ‘deep.7’ showed the high-
est value of 10.0%, indicating the highest contribution to 
model predictions. The mean absolute SHAP values for 
features were depicted as a bar chart and a beeswarm 
plot in Fig. 6(B, C), which reflects a specific effect of the 
features on the sample. The ranges and averages of mean 
SHAP values of the top 15 features from radiomics, 
dosiomics, and deep learning were 0.08 to 0.20 and 0.12, 
0.11 to 0.30 and 0.16, 0.09 to 0.64 and 0.27, respectively. 
The distribution of beeswarm plot demonstrated that the 
DL features ‘deep7’ and ‘deep10’ had a greater contribu-
tion in predicting both the positive and negative samples, 
while the radiomics feature ‘original_shape_Flatness’ 
and the dosiomics feature ‘rd.original_shape_Sphericity’ 
had a more obvious contribution in predicting the posi-
tive samples. Fig. 6(E, F) demonstrated individual-sample 
waterfall plots of two randomly selected patients, one 
with positive samples and one with negative samples.

Discussion
The pre-radiotherapy prediction of RP can enhance the 
overall treatment planning and management of patients 
with lung cancer [37]. Four ML models were applied to 
investigate the feasibility and accuracy of integrating 
DL features with radiomics features extracted from CT, 
PET, and fused PET-CT images, as well as dosiomics fea-
tures extracted from dose images in the RP prediction 
for lung cancer patients. Integrating radiomics and DL 
features from the fusion images, and dosiomics features 
from dose images achieved an AUC of 0.93 (95% CI, 0.78 
- 0.93), 0.92 (95% CI, 0.74 - 0.97), and 0.89 (95% CI, 0.69 - 
0.92) in the training, internal validation and external vali-
dation cohorts, respectively.

Radiomics and dosiomics features extracted from 
images have been investigated intensively for RP pre-
diction. Cunliffe et al. demonstrated that CT radiomics 
features could discriminate patients with and with-
out RP with an AUC of 0.59 to 0.84 [38]. In this study, 
a similar AUC from 0.73 to 0.81 with four different ML 
methods was observed with CT radiomics in the internal 
validation cohort for RP prediction. Dosiomics features 
extracted from dose distribution images have also been 
investigated for the prediction of RP with the hypoth-
esis that profound information on dose effects could 
be extracted with dosiomics in comparison with DVH-
based dosimetric parameters [39]. Adachi et al. demon-
strated an AUC of 0.84 ± 0.054 with dosiomics features in 
the RP prediction for NSCLC patients after stereotactic 
body radiation therapy (SBRT) [40]. In this study, a best 
AUC of 0.81 was achieved using XGBoost with dosiomics 
features in RP prediction for lung cancer patients under-
went VMAT. However, few studies had investigated 
radiomics features extracted from PET for RP predic-
tion. In this study, radiomics features extracted from PET 
images achieved a relatively stable AUC from 0.75 to 0.79 
with four different ML methods in the internal validation 
cohort, which indicates the feasibility of PET radiomics 
for RP prediction directly. Especially, radiomics features 
extracted from fused PET/CT images improved the AUC 
to 0.86 with XGBoost in the RP prediction.

Zhang et al. demonstrated that combining CT and 
radiation dose images with DL networks is able to predict 
the occurrence of RP effectively and accurately for lung 
cancer with an achieved AUC of 0.83, 0.65, and 0.70 in 
test-set one, test-set two, and test-set three, respectively 
[15]. In this study, different DL networks were applied 
to extract features from CT and PET images for RP pre-
diction and achieved an AUC from 0.65 to 0.76 and 0.65 
to 0.74 in the internal validation cohort, respectively. 
DL features from the fused PET/CT images further 
improved the AUC from 0.72 to 0.81. Combining DL 
and radiomics features from fused PET/CT images with 
dosiomics features achieved an AUC, ACC, SPE and SEN 

Table 3  The performance of the combined R+D+DL model 
using XGBoost
Dataset AUC 95%CI ACC SPE SEN
Training cohort 0.93 0.78–0.93 0.88 0.90 0.88
Internal validation cohort 0.92 0.74–0.97 0.90 0.90 0.90
External validation cohort 0.89 0.69–0.92 0.82 0.67 0.83
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of 0.92 (95%CI, 0.74 - 0.97), 0.90, 0.90, and 0.90, in the 
internal validation cohorts of RP prediction, respectively.

Previous studies demonstrated that normal-lung PET/
CT SUV was associated with inflammation in lung 
and elevated among patients with chronic obstructive 

pulmonary disorder [41]. Anthony et al. reported that 
SUV standard deviation (SUVSD) improved classifier 
performance when integrating it with single-texture fea-
ture [23]. Thor et al. demonstrated that combination of 
SUVp90 of lung from the pretreatmen 18F-FDG PET/CT 

Fig. 2  (A)-(B) The performance evaluation of radiomics and dosiomics using XGBoost in the training and internal validation cohort. (C)-(D) the perfor-
mance evaluation of radiomics and dosiomics using SVM in the training and internal validation cohort. (E)-(F) The performance evaluation of DL model 
using ResNet-18 in the training and internal validation cohort. (G)-(H) The performance evaluation of deep DL models using ResNet-34 in the training 
and internal validation cohort
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with MLD was able to predict the early RP for NSCLC 
patients treated by chemoradiation and immunotherapy 
[25]. Similarly, in this study, SUVp90 was found to be 
associated with RP according to the univariate and multi-
variate analysis. Integrating SUVp90 and clinical features 
to the nomogram that combined the XGBoost-score, the 
nomogram achieved an AUC of 0.94.

In this study, we integrated PET and CT information 
using both image-based and feature-based fusion strate-
gies. Image-based fusion combines complementary ana-
tomical (CT) and functional (PET) data at the pixel level, 
capturing spatial correlations and heterogeneity that 
may be overlooked in single-modality analysis. Feature-
based fusion, meanwhile, preserves modality-specific 

characteristics by integrating independently extracted 
features. Our hybrid fusion approach leverages the 
strengths of both methods to better characterize tumor 
heterogeneity and enhance predictive performance. 
Compared to single-modality analysis, this multi-level 
fusion provides richer, more robust representations, 
likely contributing to our model’s improved accuracy.

The beeswarm plot and SHAP values indicated that 
DL features played a more significant role in RP pre-
diction for both positive and negative samples with a 
relative higher importance and mean SHAP value in the 
importance analysis and SHAP analysis, respectively, as 
shown in Fig. (6A, B, C). DCA analysis indicated that 
both radiomics and dosiomics features integrating with 

Fig. 3  (A)-(B) The performance evaluation of combined models using XGBoost in the training and internal validation cohort. (C) The performance evalu-
ation of the R+D+DL model using XGBoost in training, internal validation, and external validation cohort
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DL features could increase the net benefits of model 
performance.

Despite the promising performance of our model in 
the external validation cohort (AUC = 0.89, 95% CI: 
0.69 - 0.92), the relatively small sample size inevitably 
limits the statistical power and generalizability of the 
findings. A small validation cohort increases uncer-
tainty in performance estimates, as reflected in the 
wide confidence intervals for some metrics. This limi-
tation underscores the need for further validation in 

larger and more diverse patient populations. In future 
work, we plan to expand the external validation dataset 
through multi-center collaborations to reduce statisti-
cal uncertainty, enhance model robustness, and bet-
ter evaluate the model’s applicability across different 
clinical settings. Additionally, exploring multiple image 
modalities (e.g., MRI or SPECT) and their synergistic 
combinations for RP prediction represents a promising 
direction to further improve predictive accuracy and 
clinical utility.

Fig. 4  (A) The nomogram chart. (B) DCA of the combine under two XGBoost and nomogram in the training cohort
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Fig. 5  Calibration curves for the training (A), internal validation (B), and external validation cohorts (C)
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Fig. 6  (A) the features’ importance histogram. (B) the SHAP mean absolute value histogram. (C) the SHAP value beeswarm, a value greater than 0 indi-
cates that the feature has increased the predictive value of the sample, while a value less than 0 indicates that the feature has decreased the predictive 
value of the sample. (D) the abbreviations of top 15 features. (E)(F) the SHAP value waterfall plot for one positive sample, and one negative sample
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Conclusions
Integrating radiomics, DL, dosiomics features and 
SUVp90 is promising in the RP prediction to improve the 
radiotherapy planning and clinical management for lung 
cancer patients underwent VMAT using PET/CT images. 
However, the relatively small external validation cohort 
limits the generalizability of our findings, and future 
studies with larger, multi-center datasets are warranted 
to confirm the model’s robustness.
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