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Integrating peritumor and tumor CT radiomics
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Abstract

Purpose Local control prediction for patients with pulmonary oligometastases underwent stereotactic body
radiotherapy (SBRT) is crucial for optimizing therapeutic strategies. This study aims to develop and validate a
predictive radiomics model integrating both tumor-intrinsic and peritumoral features along with clinical factors to
enhance local control prediction using a multi-center dataset.

Materials and methods We analyzed 223 tumors from 146 patients, which was divided into a training set (n=165)
and an external validation set (n=58). Radiomic features from the gross tumor volume (GTV) and peritumoral regions
(pGTV) representing the tumor microenvironment (TME) in CT images were extracted and combined with clinical
factors to build a clinical outcome prediction model. Tumor response was classified into Favorable Response Group
(FRG) and Unfavorable Response Group (URG) according to the 3-month and 1-year follow-up. Models were built
using a Multilayer Perceptron (MLP) approach with SHAP analysis.

Results Model-G (with GTV features) and Model-P (with pGTV features) achieved a validation area under curve (AUC)
of 0.806 and 0.708, respectively. Meanwhile, Model-GP (with GTV and pGTV features) demonstrated an improved
performance with a validation AUC of 0.851, reflecting the added value of peritumoral features. The Model-GPC,
which incorporated GTV, pGTV, and clinical features, achieved a best validation AUC of 0.902, demonstrating the
model’s ability to robustly integrate clinical and radiomic data for accurate local control prediction.

Conclusion The Model-GPC, integrating clinical and radiomic features, accurately predicts post-SBRT local control
in pulmonary oligometastases. Incorporating peritumoral features and SHAP analysis enhances prediction accuracy,
offering insights to optimize SBRT strategies.
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Background

Pulmonary metastases are a significant clinical challenge
as the lungs are one of the most common sites for distant
metastasis in various cancers [1-3]. The occurrence of
pulmonary metastases often signals disease progression,
requiring aggressive and multidisciplinary treatment
approaches [4, 5]. Despite advancements in systemic
therapies, such as chemotherapy and targeted therapies,
local control of pulmonary metastatic lesions remains a
critical component of comprehensive cancer manage-
ment, particularly in patients with limited metastatic
burden commonly referred to as oligometastases [6, 7].
The concept of oligometastases, introduced by Hellman
and Weichselbaum in 1995, suggests that patients with
a small number of metastatic lesions might still benefit
from aggressive local therapies, such as surgical resection
or radiotherapy, with the potential for long-term survival
or even cure [8]. stereotactic body radiotherapy (SBRT)
has emerged as an effective, minimally invasive treat-
ment modality for lung oligometastases, particularly for
patients who are unsuitable for surgery due to comorbid
conditions or other risk factors [9, 10]. The precise and
high-dose radiation delivery of SBRT increases tumor
control with minimal damage to surrounding healthy
lung tissue [11, 12]. Studies have demonstrated that SBRT
achieved local control rates comparable to surgical resec-
tion in patients with pulmonary oligometastases [13, 14].

However, despite its effectiveness, predicting which
patients will benefit most from SBRT remains a major
clinical challenge. Current methods for assessing treat-
ment response rely primarily on post-treatment imag-
ing and follow-up, providing limited guidance in the
pre-treatment phase. This inability to predict individual
patient local control accurately hinders clinicians’ ability
to tailor SBRT plans, potentially leading to suboptimal
therapeutic decisions and outcomes.

Radiomics, a field that leverages advanced compu-
tational techniques to extract and analyze quantitative
imaging features, offers a novel approach to address
this issue [15]. By transforming medical imaging data
into high-dimensional features, radiomics can provide
detailed information on tumor characteristics, such as
shape, texture, and intensity, that are often invisible to
the human eye [15, 16]. This detailed imaging data, when
combined with machine learning algorithms, holds the
potential to develop predictive models that can forecast
treatment response, thereby personalizing and optimiz-
ing therapeutic strategies for patients with pulmonary
metastases [17]. While radiomics has demonstrated
potential across several types of cancer, including breast,

lung, and pancreatic cancers [18-20], its application in
predicting SBRT local control for pulmonary metasta-
ses remains underexplored. Most of the existing studies
in this area are limited by small sample sizes and single-
center designs, which restrict the generalizability of
their findings. For example, the largest study to date on
radiomics in pulmonary oligometastases involved only
69 patients and 85 metastatic lesions [21]. Such small-
scale studies, while valuable, are insufficient for develop-
ing robust predictive models that can be reliably applied
across diverse patient populations. Additionally, these
studies have largely focused on tumor-intrinsic features
without considering the tumor’s interaction with tumor
microenvironment (TME). This narrow focus on the
tumor itself may overlook critical information from the
TME, which is known to play a significant role in influ-
encing treatment response, particularly in metastatic dis-
eases like pulmonary oligometastases [22—24]. The TME
is a dynamic and complex area surrounding the tumor,
consisting of stromal cells, immune cells, vasculature,
and extracellular matrix. It plays a critical role in regulat-
ing tumor progression and treatment response through
interactions between tumor cells and their microenviron-
ment. Emerging evidence suggests that radiomic features
derived from the peritumoral region may provide com-
plementary information beyond tumor-intrinsic charac-
teristics, potentially capturing the influence of the TME
on therapeutic local control [22-24].

In this study, we aim to develop a more accurate and
robust predictive model for post-SBRT local control in
pulmonary metastases by integrating radiomics, clini-
cal data, and TME features. We will validate this model
using a multi-center dataset, which allows us to combine
diverse and representative data to enhance the general-
izability of our findings. By incorporating radiomic fea-
tures from both the gross tumor volume (GTV) and the
peritumoral region, which reflects the TME, we expect
to capture critical tumor-environment interactions that
influence treatment response. This approach, which inte-
grates both tumor-intrinsic and peritumoral features with
clinical data, will offer a more personalized and accurate
prediction of post-SBRT local control for patients with
pulmonary metastases.

Materials and methods

Patient cohort

This retrospective study analyzed patients who received
pulmonary oligometastases SBRT at three radiation
therapy centers (Qingchun, Yuhang, and Zhijiang)
affiliated with the First Affiliated Hospital of Zhejiang
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University School of Medicine, between 2018 and 2023.
Ethical approval was obtained from our institutional
review boards (No. 2024 -0513). The patient selection
flow chart is shown in Fig. 1. The inclusion criteria con-
sisted of patients with pulmonary oligometastases, where
all the number of pulmonary metastatic lesions did not
exceed five. Additionally, systemic disease was required
to be in a stable condition. Exclusion criteria included
patients with a follow-up period of less than 12 months,
those with pleural effusion or severe pneumonia, or those
lacking high quality imaging. A total of 223 tumors from
146 patients were included in the study. 165 tumors from
the Qingchun center were assigned as the training set,
while 58 tumors from centers two (Yuhang) and three
(Zhijiang) were the external validation set. All patients
received 40—-60 Gy of radiation, delivered in no more
than 8 fractions. At our institutions, breath-hold (BH)
is the standard protocol during both CT simulation and
treatment delivery for thoracic radiotherapy. 4D-CT is
selectively used based on clinical needs. For this study,
only patients who underwent BH-based CT simulation
were included to ensure consistency and minimize respi-
ratory motion artifacts.

Clinical characteristics and response evaluation

The clinical characteristics of the included cases involved
various data such as age, gender, radiation dose, fraction-
ation, pathological classification, and tumor location/
position.
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In this study, tumor response was classified accord-
ing to the Response Evaluation Criteria in Solid Tumors
(RECIST 1.1) guidelines into complete response (CR),
partial response (PR), stable disease (SD), and progressive
disease (PD) [25]. The specific definitions were as follows:
PR: A reduction of at least 30% in the longest diameter
of the treated lesion compared with the baseline. CR:
The complete disappearance of treated lesions with no
abnormal residue on imaging. SD: The magnitude of
change in the lesion was not sufficient to meet the cri-
teria for PR, while did not meet the criteria for PD, typi-
cally the change of less than 30% in either direction. PD:
An increase in the longest diameter of the treated lesion
by at least 30% or the appearance of new lesions within
the treated area. Tumor responses were evaluated using
imaging at both 3 months and 1 year post-SBRT. For this
study, patients were classified into two response groups:
the Favorable Response Group (FRG) and the Unfavor-
able Response Group (URG). Patients who achieved CR
or PR at both 3 months and 1 year were classified into
the FRG, reflecting sustained positive local control. Con-
versely, patients who showed SD or PD at either 3 months
or 1 year were classified into the URG, indicating less
favorable local control. This classification method allows
for a more comprehensive assessment of treatment effec-
tiveness, considering both short-term and long-term
local control.

411 oligometastatic
tumors from 193 patients received
chest SBRT from Jan. 2018 to Nov. 2023
(n=271 in training set; n=140 in test set)

Training set = Qingchun center
(n=165)

Exclued oligometastatic tumors:

¢ Patient with Metastatic lesions were more than
five (n=54)
Follow-up period of less than 12 months (n=70)
With pleural effusion or severe pneumonia (n=29)
without complete medical imaging or low quality
imaging(n=35)

Tests set = Yuhang and Zhijiang

centers (n=58)

Fig. 1 Flow diagram of the study cohort. FRG, favorable response group; URG unfavorable response group
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Tumor segmentation and morphological operations
Tumor regions of interest (ROIs), GTV, were manually
delineated for each patient on the planning CT scans
using Eclipse (Varian Medical Systems, USA) or Monaco
(Elekta, Sweden) software by two experienced radiation
oncologists (D.N. C. and E. Z.).

To better characterize the TME, morphological opera-
tions were applied to segment the peritumoral tissue.
First, the GTV was manually outlined (Fig. 2A). Then,
the outer boundary of the GTV was contracted inward
by 2 mm to create a smaller region, which we defined
as the core GTV (cGTV) (Fig. 2B). This core GTV rep-
resents the inner part of the tumor, closely reflecting
its direct characteristics. Next, the outer boundary of
the GTV was expanded outward by 2 mm to define the
extended GTV (eGTV) (Fig. 2C). The region between the
contracted cGTV and the expanded eGTV was defined
as the peripheric GTV (pGTV) (Fig. 2D). This area is
particularly important as it reflects the tumor microen-
vironment and may provide crucial insights into treat-
ment response. This morphological process enabled the
extraction of radiomics features from both the GTV and
the pGTYV, helping to capture the heterogeneity of both
the tumor core and its surrounding microenvironment,
which are believed to influence local control. This 2 mm
contraction and 2 mm extension approach was informed
by histopathological observations of TME depths from
data collected at our hospital, which revealed a sig-
nificant extension of the TME, with depths typically
less than 4000 pum (see Table A.l in the supplementary
material). Representative pathological images from cho-
riocarcinoma, breast cancer, colorectal cancer, and hepa-
tocellular carcinoma, obtained from our hospital, were
used to validate this approach and are shown in Fig. 3.
Additionally, our methodology is supported by several
studies that have examined both TME contraction and
expansion, with most research focusing on a typical
extension of 3—5 mm adjacent to the tumor. However, we
have adopted a 2 mm contraction and 2 mm extension
approach, which we believe more accurately reflects the
dynamic nature of the TME, as it may appear as part of
the tumor itself in imaging [26—28].

Radiomics feature extraction

Radiomics features were extracted separately from the
GTV and pGTYV using the PyRadiomics package (Version
3.0.1), covering shape, size, first-order statistics, texture,
and filter-derived features. CT signal intensity was nor-
malized, and images were discretized using a fixed bin
width of 25. Voxel sizes were resampled to 1x1x1 mm®.
A total of 1,319 features were extracted from each CT
image (Table B.1). The slice thickness of the CT images
was 1.25 mm.
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Feature selection and model construction

The primary objective of the modeling process was to
perform binary classification of tumors into FRG versus
URG. Multilayer Perceptron (MLP) was employed to
facilitated the creation of four distinct predictive models
(Model-G, Model-P, Model-GP, Model-GPC). Each MLP
model consisted of two hidden layers, respectively, using
“ReLU” as the activation function. Dropout layers were
incorporated after each hidden layer to mitigate overfit-
ting. The models were trained using the Adam optimizer
with a batch size of 32. To address class imbalance, a
weighted binary cross-entropy loss (BCEWithLogitsLoss)
was applied, with the positive class weight adjusted
according to the inverse class frequency. To enhance
model robustness and ensure stable performance, we
applied stratified bootstrap resampling during the model
training phase. Specifically, the training dataset under-
went 1000 bootstrap iterations with replacement, main-
taining the original class proportions in each resampling
iteration (stratified bootstrap). This process aimed to pre-
vent potential biases arising from random data splits and
further validated the reliability of the training process.

Since CT scanner models have been demonstrated to
be a significant factor affecting radiomics model repro-
ducibility, statistical tests (Spearman correlation, point-
biserial correlation, and chi-square test) were conducted
to confirm the independence of scanner type from pre-
dictive labels. Additionally, the feature selection pro-
cess incorporated multiple stages explicitly designed to
minimize scanner-induced variability, beginning with a
feature-level stability analysis aimed at reducing scanner
effects on radiomic features. All radiomic features were
first standardized using z-score normalization. Scanner-
sensitive features were identified based on a combina-
tion of three criteria: [1] Spearman correlation coefficient
with scanner type>0.3 or < -0.3 [2], Mann-Whitney U
test p-value<0.05, and [3] false discovery rate (FDR)-
adjusted q-value<0.05. Features meeting at least one of
these three stringent criteria were excluded from fur-
ther analysis. Kernel density estimation (KDE) was per-
formed to evaluate variance consistency across different
scanners.

As the next stage, a two-step feature selection process
was deployed separately on GTV’s and pGTV’s radiomics
features datasets (Fig. A.1). Non-significant features were
excluded through the Mann-Whitney U test (p<0.05).
Features exhibiting low correlation with the target label
were removed by using the Spearman correlation coef-
ficient (threshold of 0.8). The threshold of 0.8 was cho-
sen based on prior radiomics studies identifying it as a
widely accepted cut-off for strong correlation [29, 30].
Compared to 0.9, it more strictly eliminates highly cor-
related features, thereby reducing redundancy and
multicollinearity more effectively while still retaining
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Contraction of 2mm inward Extension of 2mm outward

Fig. 2 Tumor segmentation and morphological operations. (A) Gross tumor volume (GTV); (B) Contraction of 2 mm inward from the outer boundary
of the GTV to create the core GTV (cGTV); (C) Extension of 2 mm outward from the outer boundary of the GTV to create the extended GTV (eGTV); (D)
Peripheric GTV (pGTV), representing the region between the eGTV and the cGTV
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Table 1 Summary of model performance metrics

Model

Model-GPC
Training
0.945

Model-GP

Model-P

Model-G

Validation
0.902

Validation
0.851

Training
0.892

Validation
0.708

Training
0.874

Validation
0.806

Training
0.887

Dataset
AUC

(0.836-0.959)
0.858

(0.913-0.970)

0.898

(0.754-0.936)

0.843

(0.842-0.938)

0.879

(0.589-0.817)
0.694

(0.830-0.915)
0.818

(0.689-0.902)

0.7959

(0.844-0.927)

0.829

(95%Cl)

Accuracy
(95%Cl)

(2025) 20:129

(0.793-0931)
0.836

(0.861-0.933)

0.872

(0.776-0.914)
0.807

(0.842-0.921)
0.849

(0.5690-0.810)

0.697

(0.758-0.867)

0.856

(0.707-0.879)
0.782

(0.776-0.879)

0.829

Precision
(95%Cl)

(0.750-0.938)

0.747

(0.825-0.922)

0.790

(0.727-0.892)

0.619

(0.803-0.895)
0.746

(0.569-0.846)

0481

(0.713-0.929)

0.781

(0.681-0.903)

0.652

(0.737-0.910)

0.712

Specificity
(95%C1)

(0.590-0.920)

0.942

(0.702-0.881)

0.972

(0.520-0.840)

0.957

(0.657-0.836)

0.970

(0.0174-0.800)

0.882

(0.418-0.910)

0.843

(0.400-0.880)
0.905

(0.493-0.881)

0.909

Sensitivity
(95%Cl)

(0.849-1.00)
0.886

(0.929-1.00)
0919

(0.879-1.00)
0.877

(0.939-0.9898)

0.905

(0.727-1.00)
0.778

(0.776-0.969)

0.849

(0.788-1.00)
0.839

(0.827-0.990)

0.867

F1 Score
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essential variability for model generalizability. Model-
G and Model-P were individually used for analyzing the
selected radiomics features from different spatial regions
(GTV and pGTYV). To prioritize those features contrib-
uting most to the model predictions, SHapley Additive
exPlanations (SHAP) analysis was applied as the second
part of the feature selection process, guiding the fusion
of both models (Model-G and Model-P) as the combined
Model-GP. The top three features with the highest aver-
age absolute SHAP values for each model were selected,
resulting in a total of six features being chosen as the final
feature set for training Model-GP. The comprehensive
Model-GPC includes the combination of features from
Model-GP with clinical factors selected using Mann-
Whitney U and chi-square tests.

Model evaluation and statistical analyses

Model performance was comprehensively evaluated
using multiple metrics, including the area under the
receiver operating characteristic curve (ROC-AUC)
with 95% confidence intervals (Cls), accuracy, F1 score,
specificity, sensitivity (recall), and precision. In all classi-
fication-related evaluations, the FRG was defined as the
positive class, and the URG as the negative class. These
metrics assessed the models’ classification capability
from various aspects, covering overall accuracy and pre-
dictive precision for positive (FRG) and negative (URG)
classes.

To validate the generalizability and robustness of model
performance, A stratified bootstrap procedure with 1000
resamples validation procedure was implemented. For
each bootstrap iteration, the evaluation metrics men-
tioned above were calculated. The mean values and cor-
responding 95% confidence intervals of these metrics
were reported, ensuring the observed high performance
was not a consequence of random favorable data splits
but indicative of stable predictive capability. The DeLong
test was used to assess the differences in ROC-AUCs of
different models. To contextualize the predictive per-
formance of our proposed models, we additionally col-
lected performance metrics reported in representative
published radiomics-based outcome prediction studies.
These external benchmark metrics were summarized
to facilitate a comparative interpretation of our model’s
results.

Additionally, SHAP analysis was incorporated to gain
deeper insights into the predictive mechanisms of the
models. The contribution was quantified of each feature
to the model’s predictions, thereby enhancing the inter-
pretability of the models.
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Fig. 3 Representative pathological images of lung metastases from choriocarcinoma (A), colorectal cancer (B), hepatocellular carcinoma (HCC) (C), and
breast cancer (D). Each image highlights the tumor (denoted by the black“tumor”) and the surrounding tumor microenvironment (TME) (denoted by the
blue"TME"), with the depth of the TME region measured and indicated in micrometers (um) (blue line). These measurements reveal a significant extension
of the TME surrounding each tumor, with depths ranging from 800 pum to 3090 um

Results

Patient characteristics

A total of 146 patients (95 males and 51 females) were
recruited between 2018 and 2023, with a median age
of 61 years (range, 24 to 81 years). Since some patients
received radiotherapy for more than one tumor, the total
number of analyzed tumors was 223 (#=165 in training
set; n=>58 in external validation set). In the following fol-
low-up, 92 tumors achieved CR and 39 as PR; these 131
metastases were considered as the FRG. 83 tumors were
categorized as SD, and 9 were identified as PD; these 92
metastases were considered as the URG. The most fre-
quently used dose-fractionation regimens in the SBRT
cohort were 56 Gy in seven fractions (29.0% of patients,
n=64; BED,,=100.8), 50 Gy in five fractions (28.5% of
patients, n=63; BED,;,=100.0), 60 Gy in ten fractions
(10.4% of patients, n=23; BED,,=96), 50 Gy in four frac-
tions (5.43% of patients, n=12; BED,,=112.5), and 56 Gy
in eight fractions (3.17% of patients, n=7; BED,,=95.2).
The clinical characteristics of the participants are sum-
marized in Table C.1.

Feature selection and model construction

Radiomic features were selected from both the GTV and
the pGTV to build predictive models for post-SBRT local
control. After performing the feature selection process,
23 features and 22 features were identified and used to
construct Model-G and Model-P, respectively. The KDE
plots (Supplementary Fig.B.1) illustrated highly similar

variance distributions across scanners, indicating neg-
ligible inter-scanner variability. Reproducibility assess-
ments demonstrated no significant association between
scanner type and predictive labels (Spearman p=0.037,
p=0.578; point-biserial r=0.037, p=0.578; chi-square
test, p=0.678), confirming scanner independence from
classification outcomes.

Figure 4A-D presents the SHAP analysis results of the
features following the completion of model construc-
tion. The bar plot illustrates the global importance of
features, ranked by the absolute SHAP values, while the
summary plot displays the distribution of feature SHAP
values across all samples. Each point in the summary
plot represents a sample, with red and blue indicating
the magnitude of the feature values. Finally, we individu-
ally selected the top three features contributing most to
Model-G and Model-P to form the feature set for Model-
GP. For Model-GPC, the feature set was expanded by
adding the only significant clinical characteristic, curative
dose, to the Model-GP final feature set.

In the SHAP analysis, Model-G shows that the texture
features of the tumor region (GTV) are the primary driv-
ers of model predictions (Fig. 4A). In Model-P, the tex-
ture features of peritumoral region (pGTV) reflecting the
heterogeneity of the TME areas begin to make important
contributions to the model’s performance (Fig. 4B). By
integrating features from Model-G and Model-P, Model-
GP further demonstrates how the tumor and peritu-
moral features synergistically affect the combined model
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Fig. 4 SHAP value bar plots and summary plots for models. The figure shows the global feature importance ranked by absolute SHAP values, as well as
the distribution of SHAP values across all samples: A: Model-G (GTV), B: Model-P (pGTV), C: Model-GP (GTV and pGTV), and D: Model-GPC (GTV, pGTV,

and clinical parameters)

(Fig. 4C). In the final hybrid Model-GPC (Fig. 4D), the
addition of clinical parameters demonstrates the syn-
ergistic effect of dose and imaging features. Although
wavelet-LHL_gldm_LargeDependenceHighGray-
LevelEmphasis_gtv (SHAP value=0.1181) and wave-
let-LHL_glrlm LongRunHighGrayLevelEmphasis_gtv
(SHAP value=0.0762) remain the most important fea-
tures, the newly added curative_dose feature becomes
another significant variable, while simultaneously alter-
ing the synergistic effect among the other features.

Performance of predictive models

The predictive performance of models was assessed
using various metrics, including AUC, Accuracy, Pre-
cision, Specificity, Sensitivity, and F1 Score on both the
training and validation datasets (Table 1). For Model-G,
the AUC on the training set and external validation set
were 0.887 (95% CI, 0.844 to 0.927) and 0.806 (95% ClI,
0.689 to 0.902), respectively (Table 1). The assessing met-
ric also suggests that Model-G is more willing to predict
the samples to the FRG. Meanwhile, Model-P presents
AUCs of 0.874 (95% CI, 0.830 to 0.915) and 0.708 (95%
CI, 0.589 to 0.817) for the training set and external vali-
dation set, respectively (Table 1). Model-GP outperforms
both Model-G and Model-P (p<0.05), with AUCs of
0.892 (95% CI, 0.842 to 0.938) and 0.851 (95% CI, 0.754
to 0.936) on the training and external validation sets,

respectively, demonstrating stronger generalization abil-
ity (Fig. 5; Table 1). Results indicate that Model-GP has a
very strong ability to detect positive class samples (FRG),
with almost no missed detections (sensitivity close to
0.96), but its specificity still lags behind its sensitivity.
Among all the models, Model-GPC significantly out-
performs other models (all p<0.05), with AUCs of
0.945 (95% CI, 0.913 to 0.970) and 0.902 (95% CI, 0.836
to 0.959) on the training and external validation sets,
respectively (Fig. 5 and Table D.1). In the external vali-
dation set, Model-GPC achieved a specificity of 0.747,
an accuracy of 0.858, and an F1 score of 0.886. These
results suggest that Model-GPC offers a strong balance
between sensitivity and specificity, making it a promising
tool for predicting post-SBRT local control in pulmonary
metastases. To further contextualize these results, we
compared our model’s performance metrics with repre-
sentative published radiomics-based predictive models.
As summarized in Table 2, our model achieved higher
AUC, sensitivity, and F1 score than previous models.

Discussion

To achieve precise radiotherapy for lung cancer, clini-
cians have continuously pursued improved local control.
However, as SBRT has been increasingly used in patients
with oligometastatic disease, the statistically observed
pCR rate is only 60%, far below previous expectations
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Table 2 Summary of published radiomics-based predictive models
Algorithm Method AUC Accuracy Specificity  Sensitivity F1
(95% CI) (95%CI) (95%Cl) (95%Cl) score
This Study Multilayer Perceptron  CT Radiomics 0.902 0.858 0.747 0.942 0.886
(GTV+pGTV) (0.836-0.959) (0.793-0.931) (0.590-0.920) (0.849-1.00)
Cheung, B.M. F, et Support Vector CT Radiomics 0.857 N/A N/A N/A N/A
al (2021). Machine (GTV) (0.789-0.915)
Avanzo, M., et al. Convolutional Neural ~ Radiomics 0.843 0.819 0.605 0.900 N/A
(2021). Network (CT+BED) (0.785-0.902) (0.763-0.863) (0.455-0.727) (0.845-0.948)
Cilla, S.,et al. (2023).  Classification and CT Radiomics 0.753 0.792 N/A 0.754 0.694
Regression Tree (GTV) (0.675-0.836) (0.756-0.827) (0.692-0.815)
Cilla,S.,etal (2023).  Logistic CT Radiomics 0.707 0.644 N/A 0.635 0.638
Regression (GTV) (0.633-0.817) (0.610-0.679) (0.606-0.665)

[31]. In Hamamoto’s study, the local control rate was
poorer for metastatic and more advanced tumors [32].
Therefore, predicting the efficacy of SBRT for lung can-
cer has become crucial, positively impacting medical
decision-making and patient management [33]. In an
era where clinical features and radiomics are extensively
used to predict treatment outcomes, the performance
of predictive models has become increasingly crucial
[34]. However, relying solely on clinical features and
traditional radiomics may not fully capture the impact
of tumor heterogeneity on treatment response. Conse-
quently, incorporating additional effective information
beyond the core tumor region has become a focal point
of research efforts.

The aim of this study was to develop a robust radiomics
model for predicting post-SBRT local control in pulmo-
nary metastases, integrating both tumor intrinsic and
peritumoral radiomic features along with clinical data.
Therefore, in addition to addressing feature-level vari-
ability associated with different scanners, we further
assessed the consistency of radiomic feature variance
across scanner types. The overall variance distributions
under different scanners were then compared using KDE.
The resulting KDE curves showed substantial overlap,
indicating no major variance shift attributable to scan-
ner differences. These findings support the stability of the

selected features and suggest that inter-scanner variabil-
ity at the variance level had minimal influence on model
performance. To further verify that scanner type did not
confound the classification outcomes, we examined the
association between scanner types and the ground-truth
labels using multiple statistical tests. The Spearman cor-
relation coefficient between scanner type and label was
low (p=0.037), and the corresponding p-value was not
significant (p=0.578), indicating no meaningful mono-
tonic relationship. Similar results were observed using
the point-biserial correlation (r=0.037, p=0.578). In
addition, the chi-square test based on the contingency
table of labels and scanner types also yielded a non-sig-
nificant result (p =0.678). These findings suggest that the
label distribution was not biased by scanner type, fur-
ther supporting the reliability and generalizability of our
model across different imaging sources.

In this study, we evaluated the performance of four
different MLP models in predicting radiotherapy local
control, with a particular focus on the novel radiomics
model that incorporates intratumoral and peritumoral
radiomic features as well as clinical factors. The results
demonstrate that incorporating features from the peri-
tumoral region significantly improves the model’s pre-
dictive performance, highlighting the pivotal role of the
TME in local control prediction. The TME is a complex
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and dynamic region of stromal cells surrounding cancer
cells. The interactions between various cells within the
TME and with cancer cells play a critical role in tumori-
genesis and progression [24, 35]. These interactions can
regulate cancer cell invasiveness, promote tumor growth,
and drive metastasis [24]. The peripheric GTV radiomic
features, observed from the surrounding tumor region,
also highlight the morphological, textural, and metabolic
information of this area. Our results suggest that these
quantified radiomic features are possibly related to the
TME and contribute positively to the predictive perfor-
mance of the models.

The multilayer perceptron developed in this study
achieved a higher AUC, accuracy, sensitivity, specific-
ity, and F1 score among the listed approaches. Reported
AUC values for prior models, including support vector
machines, convolutional neural networks, and logistic
regression, ranged from 0.707 to 0.857 [36—38]. While
differences in study design, feature selection strategies,
and patient populations should be considered, the higher
performance metrics observed in our study suggest a
potential advantage of the proposed model in radiomics-
based outcome prediction.

While complex algorithmic tools, such as support vec-
tor machines, random forest, and neural networks, have
been widely used to predict local control and assess
patients with promising performance [37-40], the combi-
nation of numerous high-dimensional features has exac-
erbated the model’s complexity, resulting in a ‘black-box’
nature [41]. This ‘black-box’ nature makes it difficult to
intuitively understand the contributions of different fea-
tures and their combinations to the final prediction [41].
To mitigate this ‘black-box’ issue, an increasing number
of radiomics studies have employed the SHAP method to
provide interpretability to models, enabling the observa-
tion of the specific impact of features on model outputs
[42-44].

In this study, SHAP analysis revealed the varying
impacts of multiple features on model predictions. These
features not only reflect the texture characteristics of the
tumor itself and peripheral regions but also highlight
the significant role of treatment dose in lesion response.
According to the SHAP analysis results, we found that
in the hybrid models, GT V-related features remain the
most significant contributors to the model’s predictions.

GTV-related features reflect the tissue density and tex-
ture characteristics of the tumor core. For example, the
feature “wavelet-LHL_gldm_LargeDependenceHigh-
GrayLevelEmphasis_gtv” represents the dependence
and uniformity of high gray levels, with higher values
potentially indicating a higher or more compact cellular
density in the tumor core [45, 46]. In pulmonary oligo-
metastatic lesions, such features often suggest a higher
degree of malignancy or greater radiosensitivity [47]. On
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the other hand, “wavelet-HHH_glcm_JointAverage_gtv”
further describes the texture consistency of the tumor
core region through the joint average gray level, with
higher values potentially corresponding to denser tumor
tissue [48-50]. Our SHAP results indicate that higher
“JointAverage” values were potentially associated with
greater challenges in achieving effective local control.

Secondly, the texture features of the tumor peripheral
region provide potential information for understanding
the tumor microenvironment. “Wavelet-HHH_glrlm_
ShortRunHighGrayLevelEmphasis_peripheric” provides
the information about continuous pixels on the direction
of the same grayscale run the spatial distribution [51].
This index can reflect the signal intensity and texture
changes of the tumor margin. “log-sigma-5-0-mm-3D_
glszm_ZoneVariance_peripheric” was used to quantify
the variation of the consistency area in the periphery of
the tumor [51]. Meanwhile, “log-sigma-5-0-mm-3D_
ngtdm_Busyness_peripheric” reflects the rapid gray-
level changes between the central pixel or voxel and its
neighbors [51]. All these features reflect the texture het-
erogeneity or invasiveness of the peritumoral region and
complementary to each other. Research indicates that
heterogeneity of tumor boundary could be related to the
biological behavior, infiltration degree, or immune infil-
tration status of metastatic tumors [52, 53]. We hold the
opinion that GTV-related features, covering the imag-
ing information of the entire lesion, provide an average
characterization of the tumor. This “averaging” effect
may obscure the specificality of texture or gray-level
properties to the peritumoral region, thereby weakening
the distinctive heterogeneity of the peritumoral region.
Therefore, by incorporating pGTV-related features into
the model, Model-GP and Model-GPC enable to retain
the overall information of the tumor while conduct-
ing separate analysis of the peritumoral region, thereby
enhancing the classification ability of the Model.

It's worth noting that the contribution of curative
dose to the model highlights its critical role in achiev-
ing effective local control after SBRT. Patients receiv-
ing BED,,>100 Gy typically have a higher likelihood of
achieving the treatment goals. In contrast, treatment
with BED,,<100 Gy, influenced by other clinical factors
(such as lesion complexity and patient’s physical toler-
ance), may limit the effectiveness of the treatment. This
result suggests that, during treatment planning, more
attention should be given to the rational planning of the
dose. In particular, when the patient’s condition allows,
prioritizing the use of curative doses should be consid-
ered to maximize the treatment success rate and improve
patient prognosis.

Despite the promising results, several limitations
remain. Although our study involves a larger cohort
compared to previous studies, the sample size is still
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moderate, which may limit the generalizability of the
model to more diverse patient populations. Additionally,
our study primarily relied on radiomic features derived
from CT images, which may not fully capture all tumor
characteristics. Future studies could incorporate other
imaging modalities, such as MRI or PET, to provide a
more comprehensive analysis of the tumor and its micro-
environment. While the current methods proved effec-
tive in mitigating scanner-related biases, the integration
of deep learning-based domain adaptation techniques,
such as CycleGAN, holds promise for achieving even
greater robustness in multi-institutional applications.
In addition, the lack of test-retest imaging is acknowl-
edged as a limitation and will be addressed in future work
through repeated scanning or additional harmonization
strategies. Finally, while SHAP analysis provides valuable
insights into the interpretability of our model, the “black-
box” nature of the MLP still poses challenges. Future
research could focus on developing more transparent
models or incorporating additional interpretability tech-
niques to improve clinical applicability and decision-
making support of predictive models.

Conclusions

In conclusion, our study demonstrates the value of inte-
grating radiomics, clinical data, and tumor microenvi-
ronment features to predict post-SBRT local control in
pulmonary metastases. The inclusion of the peritumoral
region significantly improved model performance, offer-
ing a more personalized approach to treatment planning.
As SBRT continues to gain popularity for treating pul-
monary metastases, predictive models like Model-GPC
could play a critical role in improving patient selection
and treatment optimization.
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