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Abstract
Esophageal cancer is a prevalent and lethal malignancy, particularly in Asian 
countries. Esophagotracheal fistula (ETF) is a severe complication that significantly 
impacts patient survival and quality of life. This study aims to develop a radiomics 
model based on habitat and peritumoral analysis to predict ETF occurrence in 
esophageal cancer patients following radiotherapy. We conducted a retrospective 
study involving 120 esophageal cancer patients treated between January 2018 
and December 2022. We utilized computed tomography imaging data to perform 
habitat and peritumoral radiomics analyses. The study cohort was divided into a 
training set (n = 84) and a validation set (n = 36). Models were constructed using 
machine learning algorithms, and their performance was evaluated using the 
area under the receiver operating characteristic curve area under the curve (AUC), 
calibration curves, and decision curve analysis. The habitat-based radiomics model 
achieved superior predictive performance with an AUC of 0.831 in the test cohort, 
outperforming conventional radiomics and clinical models. The integration of habitat 
features, peritumoral radiomics, and clinical risk factors resulted in a comprehensive 
model with excellent discriminatory ability and calibration. Habitat analysis revealed 
distinct subregions within tumors, with specific habitats correlating strongly with 
ETF development. Our study demonstrates the potential of habitat and peritumoral 
radiomics in predicting ETF in esophageal cancer patients undergoing radiotherapy. 
The developed Combined model, integrating advanced radiomics features and 
clinical factors, provides a promising tool for individualized risk stratification and 
treatment planning. Future research should focus on prospective validation and the 
incorporation of multimodal imaging to enhance predictive accuracy.
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1. Introduction
Esophageal cancer ranks among the most prevalent and 
lethal malignancies worldwide, with epidemiological 
data revealing significant regional variations in incidence 
rates. Asian countries, particularly China, exhibit a higher 
prevalence of the disease, especially esophageal squamous 
cell carcinoma.1,2 Clinically, patients with esophageal 
cancer often present with dysphagia, weight loss, chest 
pain, and food reflux. These symptoms are particularly 
pronounced in advanced stages, severely impacting quality 
of life.3 Computed tomography (CT) plays a crucial role 
in diagnosing esophageal cancer, providing essential 
information about tumor size, location, and lymph node 
metastasis, especially during preoperative staging.4

Radiomics, an emerging technology in oncology, aims to 
extract tumor characteristics through quantitative analysis 
of medical imaging data, thereby aiding in the assessment 
of tumor biological behavior and prognosis.5 Its strength 
lies in the ability to extract high-dimensional data from 
routine imaging, which can then be analyzed using machine 
learning methods to reveal relationships between tumor 
biological properties and clinical outcomes.6 Radiomics 
not only enhances diagnostic accuracy for tumors but also 
provides a basis for personalized treatment, supporting 
clinical decision-making.7 In recent years, radiomics has 
shown promising prospects in esophageal cancer research, 
assisting physicians in making more precise judgments in 
complex clinical settings.

Esophagotracheal fistula (ETF), a complication of 
esophageal cancer, typically results from tumor erosion 
through the esophageal wall into the trachea.8 The 
invasive growth of the tumor can disrupt the normal 
structure between the esophagus and trachea, forming 
a fistulous tract. The pathophysiological mechanism 
primarily involves local tumor infiltration and tissue 
ischemic necrosis, leading to the formation of an abnormal 
channel between the trachea and esophagus, subsequently 
causing severe complications such as recurrent aspiration 
pneumonia and malnutrition.3 Additionally, chronic 
inflammation and post-radiotherapy tissue changes may 
contribute to fistula formation.9 The occurrence of ETF not 
only exacerbates patient morbidity but also significantly 
reduces survival rates,9 underscoring the importance of 
early detection and intervention.

Imaging examinations are crucial in evaluating ETF, 
with commonly used techniques including X-ray, CT, 
and magnetic resonance imaging.10 Identification of 
characteristic imaging features helps clinicians determine 
the specific location and morphology of the fistula and 
its relationship with surrounding structures, thus guiding 
surgical intervention or other treatment modalities. 

According to existing literature, typical imaging 
manifestations of ETF include contrast agent leakage into 
the trachea, gas accumulation, and abnormal esophageal 
dilation. A  close correlation exists between imaging 
features and clinical presentations.11,12

This study aims to investigate the relevant imaging 
features of esophageal cancer and its complication, ETF, 
and to analyze their underlying pathophysiological 
mechanisms using radiomics approaches. This article 
will begin with an overview of the epidemiology and 
clinical manifestations of esophageal cancer, followed by 
an exploration of the pathophysiological mechanisms of 
ETF, and finally, discusses the application and importance 
of radiomics in oncology. This research seeks to provide 
insights and references for researchers in related fields.

2. Materials and methods
2.1. Study population

This retrospective study included 120  patients treated at 
Chongqing University Three Gorges Hospital between 
January 2018 and December 2022. Inclusion criteria were: 
(1) pathologically confirmed esophageal malignancy; (2) no 
prior surgery and received radiotherapy at our institution; 
(3) enhanced CT examination before radiotherapy at 
our hospital. Exclusion criteria were: (1) poor CT image 
quality; (2) incomplete clinical or imaging data; (3) lesions 
with a maximum diameter of <1  cm; (4) pre-existing 
ETF before radiotherapy. The staging was performed 
according to the Tumor-Node-Metastasis (TNM) staging 
system described in the 8th edition of the American Joint 
Committee on Cancer manual.13 Patients suspected of 
ETF were definitively diagnosed using esophageal barium 
contrast radiography.

The final cohort of 120 patients was randomly divided 
into a training set (n = 84) and an internal validation set 
(n = 36) in a 7:3 ratio. This study was approved by the 
institutional ethics committee, with a waiver of informed 
consent. Collected clinical data included sex, age, presence 
of esophageal ulcer, number of radiation fractions, gross 
tumor volume (GTV) dose, TNM stage, involvement of the 
mesothoracic or upper thoracic esophagus, chemotherapy, 
chemoimmunotherapy, Karnofsky performance status 
(KPS), height, and weight. Patient characteristics are 
presented in Table 1.

2.2. Image acquisition and preprocessing

All patients underwent contrast-enhanced CT scanning 
prior to radiotherapy for treatment planning and target 
volume delineation. The enhanced CT images were used for 
GTV contouring and subsequent radiotherapy planning. 
Pre-radiotherapy images were acquired using United 
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Table 1. Baseline demographic and clinical characteristics of the patients

Feature Train set Test set

All Non‑ETF ETF p All Non‑ETF ETF p

Age (years) 63.50±7.92 62.35±7.59 65.38±8.21 0.089 66.06±7.08 65.88±7.14 66.45±7.27 0.810

Number of radiation (n) 28.55±2.68 28.19±3.04 29.12±1.88 0.039 28.47±3.12 28.40±3.44 28.64±2.38 0.896

GTV dose (Gy) 59.80±6.22 58.74±7.00 61.52±4.27 0.007 59.69±7.36 60.14±7.44 58.66±7.42 0.410

KPS (score) 82.02±9.79 83.56±11.65 79.53±4.81 0.041 83.33±9.02 86.40±8.23 76.36±6.74 0.002

Height (cm) 159.30±7.67 158.75±8.58 160.19±5.92 0.062 156.39±7.97 155.80±7.07 157.73±9.98 0.512

Weight (kg) 56.15±43.47 59.00±55.00 51.52±6.92 0.974 60.73±65.92 65.42±79.02 50.09±6.66 0.986

Sex (n)

Female 25 (29.76) 21 (40.38) 4 (12.50) 0.014 13 (36.11) 11 (44.00) 2 (18.18) 0.267

Male 59 (70.24) 31 (59.62) 28 (87.50) 23 (63.89) 14 (56.00) 9 (81.82)

Esophageal ulcer

No 41 (48.81) 32 (61.54) 9 (28.12) 0.006 18 (50.00) 14 (56.00) 4 (36.36) 0.469

Yes 43 (51.19) 20 (38.46) 23 (71.88) 18 (50.00) 11 (44.00) 7 (63.64)

T stage

T2 29 (34.52) 17 (32.69) 12 (37.50) 0.568 17 (47.22) 12 (48.00) 5 (45.45) 0.860

T3 40 (47.62) 27 (51.92) 13 (40.62) 11 (30.56) 7 (28.00) 4 (36.36)

T4 15 (17.86) 8 (15.38) 7 (21.88) 8 (22.22) 6 (24.00) 2 (18.18)

N stage

N0 14 (16.67) 13 (25.00) 1 (3.12) 0.042 12 (33.33) 11 (44.00) 1 (9.09) 0.013

N1 58 (69.05) 33 (63.46) 25 (78.12) 15 (41.67) 11 (44.00) 4 (36.36)

N2 11 (13.10) 6 (11.54) 5 (15.62) 8 (22.22) 2 (8.00) 6 (54.55)

N3 1 (1.19) 0 1 (3.12) 1 (2.78) 1 (4.00) 0

M stage

M0 66 (78.57) 41 (78.85) 25 (78.12) 0.923 33 (91.67) 23 (92.00) 10 (90.91) 0.935

M1 18 (21.43) 11 (21.15) 7 (21.88) 3 (8.33) 2 (8.00) 1 (9.09)

Mesothoracic esophagus

No 42 (50.00) 28 (53.85) 14 (43.75) 0.500 19 (52.78) 14 (56.00) 5 (45.45) 0.825

Yes 42 (50.00) 24 (46.15) 18 (56.25) 17 (47.22) 11 (44.00) 6 (54.55)

Upper thoracic esophagus

No 66 (78.57) 40 (76.92) 26 (81.25) 0.845 25 (69.44) 19 (76.00) 6 (54.55) 0.371

Yes 18 (21.43) 12 (23.08) 6 (18.75) 11 (30.56) 6 (24.00) 5 (45.45)

Chemotherapy

No 22 (26.19) 10 (19.23) 12 (37.50) 0.111 12 (33.33) 6 (24.00) 6 (54.55) 0.159

Yes 62 (73.81) 42 (80.77) 20 (62.50) 24 (66.67) 19 (76.00) 5 (45.45)

Chemotherapy and immunotherapy

No 73 (86.90) 47 (90.38) 26 (81.25) 0.383 32 (88.89) 24 (96.00) 8 (72.73) 0.141

Yes 11 (13.10) 5 (9.62) 6 (18.75) 4 (11.11) 1 (4.00) 3 (27.27)

Notes: Data are presented as number of subjects (percentage). Numbers in brackets represent the percentage of subjects within each group.
Abbreviations: ETF: Esophagotracheal fistula; GTV: Gross tumor volume; KPS: Karnofsky Performance Status.

Imaging uCT 760 (United Imaging Medical Technology, 
China) and Philips Brilliance 64 slice CT scanner (Philips 
Medical Systems, Netherlands). Scanning parameters 
included a tube voltage of 120 kVp, automatic tube current 

modulation (200 – 400  mA), and a slice thickness of 
1.0 – 1.5  mm. Images were reconstructed using iterative 
reconstruction techniques and stored in DICOM format. 
To enhance consistency and robustness in radiomic feature 
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extraction stability, the following preprocessing steps were 
applied: (1) N4 bias field correction; (2) voxel resampling 
to an isotropic resolution of 1 × 1 × 1 mm3; (3) gray-level 
normalization, with Hounsfield Unit values limited to 
−1200 – 600 range.

2.3. Workflow of radiomics analysis

Radiomics analysis was conducted through a series of steps, 
including image segmentation, feature extraction, feature 
selection, model construction, and performance evaluation 
(Figure  1). Two primary model construction approaches 
were employed: habitat analysis and peritumoral region 
dilation. These were ultimately compared and integrated 
with clinical and intratumoral models.

2.4. Region of interest (ROI) segmentation

The ROIs were delineated from pre-radiotherapy GTV, 
independently segmented by two experienced radiation 
oncologists. The delineations were imported into ITK-
SNAP software (version  3.8.0, www.itksnap.org) for 
confirmation and minor adjustments by both physicians. 
All ROIs were subsequently reviewed by a senior 
radiation oncologist with over 20 years of experience. Any 
discrepancies identified were discussed and resolved prior 
to final acceptance, ensuring the accuracy and clinical 

reliability of the segmentation. To assess inter-observer 
reproducibility, a random sample of 30 cases was selected, 
and the intraclass correlation coefficient (ICC) was 
calculated for all extracted radiomic features to evaluate 
the feature-level agreement. An ICC ≥0.85 was considered 
indicative of excellent reproducibility. This sample size 
and methodology align with recent standards in habitat 
radiomics studies.14-17

2.5. Peritumoral region dilation

The Mask Padding Toolkit provided by the Onekey AI 
platform (Version 3.3.17, China) was used to extend the 
ROIs. A radial interval of 1 mm was configured to explore 
the impact of different extension distances on model 
prediction accuracy. Any ROI extensions beyond the 
esophageal tumor lesion or overlapping with organs—such 
as lungs, trachea, blood vessels, heart, or diaphragm—were 
manually adjusted.

2.6. Habitat analysis

Local image features, including entropy and energy values, 
were extracted from each voxel within the volume of 
interest (VOI) to characterize the tumor microenvironment 
based on CT imaging. Prior to habitat characterization, 
all intensity features were registered. We employed the 

Figure 1. Workflow of radiomics analysis
Abbreviation: CT: Computed tomography.

https://dx.doi.org/10.36922/TD025180030


Tumor Discovery Habitat radiomics in esophageal fistula risk

Volume 4 Issue 4 (2025)	 127� doi: 10.36922/TD025180030

K-means module from scikit-learn python (https://scikit-
learn.org/stable/index.html) to cluster habitat subregions. 
Individual voxels in each cluster were grouped based on 
local similarity using a queue-based K-means algorithm, 
with squared Euclidean distance as the similarity metric. 
All voxels were assigned to one of the clusters and 
visualized as spatial habitats in the original image space. 
The optimal number of clusters was determined using the 
Calinski-Harabasz (CH) index,18 with cluster numbers 
ranging from 2 to 7.

2.7. Feature extraction and selection

Radiomics features were extracted using PyRadiomics 
(version 3.0.1, USA), including shape-based features, first-
order features, texture features, and wavelet-transformed 
features. Features were extracted from the whole tumor, 
habitat subregions, and peritumoral regions. Feature 
selection steps included: (1) Z-score normalization; (2) 
t-test to screen significant features (p<0.05); (3) Spearman 
correlation analysis to remove highly correlated features 
(|r| >0.9); (4) minimum redundancy maximum relevance 
algorithm for feature ranking; (5) Least Absolute Shrinkage 
and Selection Operator (LASSO) regression to select 
features with non-zero coefficients corresponding to the 
optimal λ value.

2.8. Model construction and evaluation

Five models were constructed: (1) an intratumoral 
radiomics model (INTRA); (2) a peritumoral radiomics 
model; (3) a habitat radiomics model; (4) a clinical feature-
based model; (5) a fusion model integrating radiomics and 
clinical features. Machine learning algorithms employed 
included logistic regression, support vector machine 
(SVM), k-nearest neighbors, random forest, extremely 
randomized trees (ET), extreme gradient boosting 
(XGBoost), light gradient boosting machine (LightGBM), 
and multi-layer perceptron. Model performance was 
evaluated using receiver operating characteristic curves, 
calibration curves, and decision curve analysis (DCA). The 
DeLong test was used to compare the area under the curve 
(AUC) values across models. Specific hyperparameter 
configurations for each model are detailed in Table S1. All 
models adhered to a consistent data preprocessing pipeline.

2.9. Statistical analysis

Statistical analyses were performed using Python 
(version 3.7.6, Python Software Foundation, United States) 
and R (version  4.0.3, The R Foundation for Statistical 
Computing, Austria). The Shapiro-Wilk test was used 
to verify the normality of clinical features. Continuous 
variables were compared using the Mann-Whitney U test 
depending on their distribution characteristics, while 

categorical variables were compared using Chi-squared 
(χ2) tests or Fisher’s exact tests. A p<0.05 was considered 
statistically significant.

3. Results

3.1. Patient characteristics

This study included 120 esophageal cancer patients from 
our hospital, who were randomly divided into a training 
group (n = 84) and a validation group (n = 36). Among 
these patients, 43 developed ETF following radiotherapy. 
Patients were censored at the date of last follow-up 
or at death from other causes. The median follow-up 
duration was 11.8  months (range: 1.6 – 72.6  months). 
Detailed clinical characteristics are presented in Table  1. 
Univariate analysis (Table S2 and Figure S1) identified 
several factors associated with post-radiotherapy ETF, 
including chemotherapy (odds ratio [OR] = 0.476, 95% 
confidence interval [CI]: 0.305 – 0.745, p=0.006), T_stage 
(OR = 0.852, 95% CI: 0.751 – 0.968, p=0.038), number_
of_radiation fractions (OR = 0.984, 95% CI: 0.971 – 0.997, 
p=0.044), height (OR = 0.997, 95% CI: 0.995 – 0.999, 
p=0.034), and KPS (OR = 0.994, 95% CI: 0.989 – 0.998, 
p=0.019). Other factors such as GTV_dose (p=0.051) and 
age (p=0.052) approached statistical significance. In the 
multivariate analysis (Table S3 and Figure S2), KPS (OR = 
0.924, 95% CI: 0.876 – 0.975, p=0.004) remained strongly 
associated with ETF occurrence. Additionally, although 
GTV dose (OR = 1.054, 95% CI: 0.998 – 1.113, p=0.061) 
and chemotherapy (OR = 0.436, 95% CI: 0.174 – 1.091, 
p=0.076) were not significant, both demonstrated strong 
trends, suggesting potential clinical relevance. Specifically, 
increased GTV dose appeared to be associated with higher 
ETF risk, while patients receiving chemotherapy showed a 
trend toward reduced ETF occurrence risk.

These findings suggest that patients with higher KPS 
scores had a lower risk of developing ETF. To assess 
potential multicollinearity in the multivariable model, 
we calculated the variance inflation factor (VIF) and the 
correlation coefficient matrix (Figure S3 and Table S4). All 
included variables had VIF values <2 (range: 1.02 – 1.58), 
which is well below the commonly used threshold of 5, 
indicating no significant multicollinearity in the model. 
Correlation analysis showed that, except for a moderate 
negative correlation between upper thoracic esophagus and 
mesothoracic esophagus (r = −0.55), all other correlations 
had absolute values below 0.3, further confirming the 
relative independence of the variables in the model.

3.2. Sub-region cluster and feature selection

We characterized the GTV region using 19 imaging 
features, with the delineation effectiveness of each feature 
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shown in Figure  2. The optimal number of clusters was 
determined to be six based on the CH score. Six distinct 
habitats (H1-H6) were identified within each tumor, 
with the following average (from highest to lowest): 
H3  (32.03%), H5  (18.78%), H1  (16.93%), H4  (15.11%), 
H2 (14.33%), and H6 (2.81%). Following Yuan’s method,14 
we established intra-tumor heterogeneity (ITH) scores 
to quantify heterogeneity across tumor regions. Logistic 
regression analysis of these habitat features in relation 
to ETF showed positive correlations for H1, H3, and 
H5, while H6 exhibited an overall negative correlation 

(Figure S4). Analysis across axial, sagittal, and coronal 
planes revealed that H1, corresponding to the outermost 
tumor region, had the strongest association with ETF 
occurrence, followed by H3 and H5, which corresponded 
to the middle and innermost tumor regions, respectively 
(Figure 3). In contrast, H2 and H4 did not demonstrate 
significant associations with ETF occurrence in the 
multivariate analysis. Therefore, to enhance model 
parsimony and predictive performance, we included only 
the statistically significant habitats (H1, H3, H5, and H6) 
and their associated radiomics features in the final habitat 

Figure 2. Visualization of the delineation effectiveness of 19 imaging features for defining gross tumor volume

Figure 3. Visualization of different habitat regions within the gross tumor volume
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model. This selection process ensured that each variable 
included in the model made an independent contribution 
to ETF risk prediction, thereby improving the overall 
performance and clinical utility of the model.

A total of 1,789 handcrafted radiomics features were 
extracted from each CT image set. For habitat analysis, an 
average of 24,579 local features per tumor were derived 
from voxel-wise characterization within the GTV. The 
most stable and predictive features were selected using 
the LASSO regression method with 10-fold cross-
validation.

3.3. Performance and comparison of signatures

3.3.1. Habitat radiomics models

The habitat-based radiomics model demonstrated excellent 
predictive performance for ETF across both cohorts. In the 
training set, it achieved an AUC of 0.846 (95% CI: 0.761 
– 0.930). The model maintained robust performance in 
the test set, with an AUC of 0.822 (95% CI: 0.679 – 0.983). 
Performance varied across individual habitat regions, 
with H1 and H3 showing similar results in both the 
training and test sets. H1 achieved an AUC of 0.725 (95% 
CI: 0.558 – 0.893) in the test set, while H3 achieved an 
AUC of 0.795 (95% CI: 0.649 – 0.940). These values were 
lower than the integrated habitat model (Habitat), which 
combined features from H1, H3, H5, and H6. AUC 
values for individual habitat subregions in the test set are 
presented in Figure S5.

3.3.2. Peritumoral models

Eight peritumoral models were developed based on 
different expansion intervals (1  mm, 2  mm, 3  mm, 
4 mm, 5 mm, 6 mm, and 7 mm) and their combinations 
(Figure  4). Among the individual models, the 2-mm 
peritumoral expansion model (PERI2 mm) exhibited the 
highest predictive performance, achieving AUCs of 0.954 
in the training set and 0.709 in the test set. The combined 
peritumoral model (PERICombined), integrating 
features from all expansion intervals, achieved an AUC of 
0.745 (95% CI: 0.582 – 0.909) in the test set.

3.3.3. Clinical model and intratumoral models

The clinical model, constructed using an SVM classifier 
and incorporating all available clinical information, 
showed moderate predictive performance. In the test 
set, it achieved an AUC of 0.697 (95% CI: 0.564 – 0.830). 
Similarly, the INTRA, also constructed using an SVM 
classifier, performed well in the training set with an AUC 
of 0.976 (95% CI: 0.952 – 1.000). This model maintained 
its performance in the test set (AUC 0.660, 95% CI: 
0.478 – 0.842).

3.3.4. Combined model

To optimize predictive performance, we developed 
a comprehensive model (Combined), incorporating 
habitat radiomics, peritumoral radiomics, intratumoral 
radiomics, and clinical characteristics. After comparing 
different machine learning algorithms, we found that 
SVM demonstrated the best overall performance. This 
combined model demonstrated excellent performance, 
achieving the highest AUC values of 0.925  (95% CI: 
0.867 – 0.983) and 0.831  (95% CI: 0.679 – 0.983) in the 
training and validation sets, respectively. We compared 16 
models constructed using SVM classifiers, with results for 
training and test sets shown in Figure  5. The Combined 
model was compared separately with the Habitat model, 
INTRA model, and PERICombined model (Table S5 and 
Figure S6), consistently demonstrating superior predictive 
performance. Using the Combined model, patients were 
stratified into high-risk and low-risk groups for ETF 
following radiotherapy. Follow-up analysis showed a 
significant difference in overall survival (OS) between the 
two groups (p=0.0077), as shown in Figure S7. A detailed 
comparison of the predictive performance of the five 
models in both the training and testing sets is provided in 
Table S5.

To further elucidate the relationship between risk 
stratification and OS, we performed a landmark analysis 
using a 5-month time point after radiotherapy—
corresponding to the average time to ETF occurrence in 
our cohort and consistent with previous reports. Patients 

Figure 4. Visualization of different expansion intervals on gross tumor volume
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Figure 5. Receiver operating characteristic curves comparing the performance of 16 predictive models in the training and test sets. Model performance is 
quantified by area under the curve with 95% confidence intervals shown in the legend.

were grouped into high-risk and low-risk categories 
according to the combined model prior to treatment. 
Before the 5-month landmark, there was no statistically 
significant difference in OS between the high-risk and 
low-risk groups (log-rank p=0.91), indicating comparable 
early survival outcomes. In contrast, after the 5-month 
landmark, the OS difference became statistically significant 
(log-rank p=0.002), with the high-risk group showing 
markedly worse survival (Figure S8). This suggests that 
the prognostic value of the combined model is primarily 
reflected in long-term outcomes, particularly following the 
typical window of ETF development.

3.3.5. Calibration, DeLong test, and DCA

Calibration curves were constructed using the Hosmer-
Lemeshow test to assess model goodness-of-fit. The 
Combined model displayed better calibration than other 
models across all cohorts, indicating consistency between 
predicted and observed probabilities (Figure S9). The 
DeLong test was utilized to compare the AUC of different 
models (Figure S10). We also conducted DCA to evaluate 
the clinical utility of the predictive models (Figure S11). 
Details on the calibration curves, DeLong test, and DCA are 
provided in (Figures S9-S11). Compared to other models, 
the combined model exhibited superior net benefit across 
a wide range of threshold probabilities in both training 
and test sets. This suggests that the combined model has 
the highest clinical value in predicting ETF occurrence in 
esophageal cancer patients undergoing radiotherapy.

Overall, our comprehensive analysis of CT-based 
predictive models for ETF in esophageal cancer patients 

receiving radiotherapy demonstrates that the habitat 
radiomics model outperforms other single-feature models. 
The Combined model integrating multiple radiomics 
features and clinical factors exhibits the best overall 
performance and clinical utility. These results suggest 
that our non-invasive, CT-based nomogram model 
holds significant promise as a decision-support tool for 
identifying high-risk patients and guiding personalized 
treatment strategies in the context of radiotherapy for 
esophageal cancer.

4. Discussion
This study developed and validated a radiomics-based 
model integrating habitat and peritumoral analyses to 
predict the occurrence of ETF in esophageal cancer patients 
following radiotherapy. The habitat-based radiomics model 
outperformed conventional radiomics and clinical models, 
achieving an AUC of 0.831 in the test cohort. Among 
the standalone radiomics models, the Habitat model 
significantly surpassed other single radiomics models. 
By integrating habitat features, peritumoral radiomics, 
and clinical risk factors, we constructed a comprehensive 
model that achieved excellent discriminatory power 
(AUC = 0.831) and calibration, making it suitable for 
individualized ETF risk prediction.

In the multivariate analysis, the KPS score was 
significantly and negatively correlated with the occurrence 
of ETF after radiotherapy, indicating that patients with 
poorer performance status are more likely to develop 
ETF. This finding is consistent with previous literature, 
as a lower KPS score usually reflects reduced overall 
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resistance and repair capacity, making these patients more 
susceptible to serious treatment-related complications 
such as ETF. Therefore, for such high-risk patients, 
enhanced monitoring and supportive care are warranted, 
especially during chemoradiotherapy. Although GTV dose 
and chemotherapy did not reach conventional statistical 
significance, both showed strong trends. An increased 
GTV dose was associated with a higher risk of ETF, which 
may be related to more severe local tissue damage caused 
by high-dose radiotherapy to the tumor and surrounding 
normal tissues. The literature widely acknowledges that 
local tissue damage from radiotherapy is a key mechanism 
in the development of ETF.19,20 Radiotherapy can cause 
necrosis of the tumor and adjacent tracheal and esophageal 
tissues, and if timely repair does not occur, a fistula will 
likely develop. Choi et al.20 reported that about 28.8% of 
ETF cases were related to cancer treatment rather than 
tumor progression. Balazs et al.21 also found that the peak 
incidence of ETF occurred approximately 4.4 months after 
radiotherapy, suggesting a delayed effect of treatment-
related tissue injury. Therefore, patients receiving 
high-dose radiotherapy should be closely monitored, 
especially within a 3 – 6 month window after treatment, 
for early detection and intervention of ETF. In this study, 
chemotherapy showed a trend toward reducing the risk of 
ETF, which may be related to tumor shrinkage, reduced 
local pressure, and the synergistic effect of radiotherapy. 
However, some studies have indicated that neoadjuvant 
chemoradiotherapy or immunotherapy can also induce 
ETF due to treatment-induced tumor necrosis and 
impaired tissue repair.22,23 Currently, there is no consensus 
on whether radiotherapy or chemotherapy is more likely to 
cause ETF, but most viewpoints suggest that local damage 
from radiotherapy plays a more prominent role.

Habitat analysis is an emerging technique in biomedical 
research aimed at revealing tumor pathophysiology 
through a comprehensive analysis of multidimensional 
features of the tumor microenvironment.24 Habitat imaging 
divides tumors into distinct subregions based on imaging 
features, providing a more comprehensive assessment of 
intratumoral heterogeneity than whole-tumor radiomics.25 
In our study, we identified four habitat subregions—H1, 
H3, H5, and H6—within esophageal tumors, potentially 
corresponding to areas at different distances from the 
tumor surface. H1—representing the outermost tumor 
region adjacent to the trachea—demonstrated the strongest 
association with ETF occurrence. This finding aligns 
with the anatomical proximity of the esophageal tumor 
surface to the trachea, a critical factor in fistula formation. 
H3 and H5, which occupy larger volumes within the 
tumor and extend toward the tumor periphery, also 
showed significant associations with ETF risk, potentially 

reflecting their involvement in structural compromise 
of the surrounding tissue. In contrast, H6, located in the 
tumor core and representing a smaller volume, exhibited 
minimal correlation with ETF development.

The superiority of the habitat-based model over 
conventional radiomics suggests that the spatial 
heterogeneity captured by habitat analysis provides 
more relevant information for ETF prediction. This 
aligns with findings by Bi et al.,15 who demonstrated that 
habitat radiomics outperformed whole-tumor analysis in 
predicting platinum resistance in ovarian cancer. Similarly, 
Caii et al.26 showed improved predictive accuracy for 
immunotherapy response in non-small cell lung cancer 
(NSCLC) by combining habitat radiomics with deep 
learning, reinforcing its potential for personalized 
immunotherapy management.

Peritumoral analysis holds significant clinical 
importance in tumor prognosis assessment. Extracting 
imaging features from the tumor and its surrounding tissues 
provides more accurate predictions of tumor biological 
behavior.27 This approach offers clinicians a more reliable 
prognostic tool to optimize treatment strategies, improving 
patient survival rates and quality of life.28 The peritumoral 
region plays a crucial role in tumor-host interactions, 
potentially influencing radiation-induced toxicity.17 As 
post-radiotherapy tissue changes are a contributing factor 
to ETF formation, studying the peritumoral region can, to 
some extent, predict ETF occurrence.

Our choice of a 1 – 7 mm peritumoral expansion was 
based on anatomical and pathological considerations. In 
adults, the tracheal wall thickness ranges from 1 to 3 mm,29 
while the esophageal wall thickness is typically 2 – 5 mm, 
with an average of approximately 2.9 mm.30,31 The maximal 
esophageal wall thickness during contraction is 4.70 mm 
(95% CI: 4.44 – 4.95  mm), while during expansion, it 
is 2.11  mm (95% CI: 2.00 – 2.23 mm). Therefore, the 
combined maximal thickness of the esophageal and tracheal 
walls is approximately 7 mm. As ETF arises from tumor 
invasion that breaches both walls, analyzing peritumoral 
zones within this range is biologically and clinically 
justified. Among the various peritumoral expansion 
intervals evaluated, the 2  mm expansion represents the 
critical zone where tumor infiltration may reach or breach 
the esophageal wall. This zone yielded the best predictive 
performance, suggesting that radiomic features in this 
region are most strongly associated with the development 
of ETF. Our peritumoral radiomics model, particularly 
features extracted from the 2 mm extension zone, showed 
incremental value when combined with intratumoral 
features. This aligns with the findings of Huang et al.,25 
where integrating peritumoral radiomics improved the 
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prediction of treatment response in colorectal cancer lung 
metastases. The peritumoral region may capture early 
tissue changes indicative of fistula formation, which might 
not be apparent within the tumor itself.

Our Combined model—integrating habitat radiomics, 
peritumoral radiomics, and clinical factors—achieved 
optimal predictive performance. This multifaceted 
approach provides a more comprehensive characterization 
of the tumor and its microenvironment. The Combined 
model potentially enables personalized radiotherapy 
planning and enhanced monitoring for high-risk patients. 
Our findings align with Wu et al.,16 who developed 
a nomogram combining habitat radiomics and deep 
learning to predict epidermal growth factor receptor 
(EGFR) mutation in lung cancer, demonstrating the value 
of integrating multi-parametric radiomics in clinical 
decision-making.

Predicting ETF occurrence through our combined 
model not only stratifies high-risk groups but also allows 
for the optimization of radiation dose distribution through 
the analysis of imaging features. This approach can 
enhance treatment efficacy while reducing the incidence 
of severe adverse events like ETF.32 Furthermore, our 
landmark analysis provided valuable insights into the 
temporal dynamics of risk stratification and survival 
among esophageal cancer patients following radiotherapy. 
By selecting a 5-month landmark—which corresponds to 
the average time for ETF onset—we minimized immortal 
time bias and temporally valid stratification. While the 
Combined model did not distinguish survival outcomes 
in the early phase posttreatment, it effectively stratified 
patients over the long term. This temporal pattern 
suggests that ETF may act as an intermediate event linking 
baseline risk to eventual survival outcomes. In summary, 
these findings highlight the value of our model for early 
identification of high-risk patients, enabling proactive 
intervention and potentially improving long-term survival. 
Furthermore, our study underscores the importance of 
accounting for temporal factors and potential mediators, 
such as ETF, in survival analyses.

This study has several limitations. Firstly, its 
retrospective nature and relatively small sample size 
may limit generalizability. Multi-center prospective 
validation is needed to further evaluate the robustness 
and applicability of our model across diverse populations 
and clinical settings. Secondly, we analyzed only pre-
treatment CT images; incorporating longitudinal imaging 
during radiotherapy might provide additional predictive 
information. Thirdly, while we used habitat analysis to assess 
intratumoral heterogeneity, other advanced techniques 
like radiogenomics might offer further insights into the 

biological basis of ETF development. Additionally, we did 
not perform explicit batch-effect correction (e.g., ComBat 
harmonization) for radiomic features extracted from 
images acquired on two different CT scanners. Although 
standard preprocessing steps such as voxel resampling, 
gray-level normalization, and N4 bias field correction were 
performed—consistent with the majority of recent habitat 
radiomics studies14-17—subtle inter-scanner variability may 
exist. While our analyses did not detect significant scanner-
related effects on radiomic features or model performance, 
we acknowledge that subtle inter-scanner variability may 
exist. Future studies, particularly multi-center efforts, may 
benefit from implementing more advanced harmonization 
techniques to enhance feature consistency. We also did 
not conduct additional uncertainty analyses, such as 
random contour erosion or dilation, to further assess 
the robustness of radiomic features to segmentation 
variability. This approach is consistent with the majority 
of recent habitat radiomics studies,14-17 which typically 
focus on inter-observer ICC to assess reproducibility. 
Furthermore, the tumor ROIs in our study corresponded 
to GTVs defined for radiotherapy planning, which are 
routinely reviewed by senior clinicians to ensure treatment 
accuracy and safety. As such, the likelihood of significant 
inter-observer variability is extremely low within a single 
institution. Nevertheless, future studies could benefit from 
incorporating uncertainty analyses to further validate 
robustness, especially in multicenter or less standardized 
settings. Moreover, automated exclusion of adjacent 
organs, such as atlas-based or Boolean masks, was not 
performed in this study. Although the small expansion 
range (1 – 7  mm) and the manual trimming process 
minimized the risk of significant overlap with neighboring 
organs, automated methods may further reduce operator 
bias and improve reproducibility, especially for larger 
expansion margins or in multicenter studies. The lack of 
external validation from different institutions is another 
limitation of this study. Future multi-center collaborative 
efforts are needed to further validate our findings across 
diverse patient populations and treatment protocols.

5. Conclusion
In conclusion, this study demonstrates the potential of 
habitat-based and peritumoral radiomics in predicting 
post-radiotherapy ETF in esophageal cancer. The 
developed nomogram, integrating these advanced 
radiomics features with clinical factors, offers a promising 
tool for individualized risk stratification. Future work 
should focus on prospective validation, incorporation of 
multimodal and longitudinal imaging, and investigation 
of the biological mechanisms underlying the identified 
radiomics features.
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