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Background: Endoscopic evaluation remains the gold standard for assessing Crohn’s disease (CD) activity and mucosal healing 
(MH), but it is invasive, expensive and time consuming. Therefore, there is an urgent need for a non-invasive quantitative alternative 
method.
Aim: To develop a topological radiomics-based multi-task deep learning model for simultaneous prediction of MH status and 
endoscopic activity scores in CD.
Methods: A total of 81 CD patients were stratified into training (n=60) and validation (n=21) groups at a 7:3 ratio. Topological 
radiomic features were extracted from multiphase CT enterography. A multi-task model was trained to predict MH (classification) and 
SES-CD (regression), integrating feature selection and SHAP-based interpretability.
Results: Three discriminative topological features were identified across arterial and portal phases. For MH prediction, the multi-task 
model achieved an AUC of 0.938 for training set and 0.875 for validation set. For SES-CD prediction, it showed lower MSE and 
MAE, with higher R2 and C-index than the single-phase models.
Conclusion: The multi-task topological radiomics framework enables accurate, non-invasive assessment of mucosal healing and 
endoscopic activity in CD, offering a clinically interpretable approach with strong translational potential. Future studies with larger 
cohorts are warranted to further validate its robustness.
Keywords: topological data analysis, Crohn’s disease, deep learning, mucosal healing

Introduction
Crohn’s disease (CD) is a chronic inflammatory disorder characterized by segmental and transmural intestinal inflamma
tion, leading to progressive structural damage and disability. The global incidence of CD continues to increase, with the 
highest prevalence reported in North America and Europe. Meanwhile, the incidence in Asian populations has risen 
rapidly, driven by lifestyle transitions, reaching a level that can no longer be overlooked.1,2 Achieving mucosal healing 
(MH) has emerged as a key therapeutic goal, correlating with sustained remission and reduced surgical risk3 Currently, 
the mucosal status is commonly evaluated using the Simplified Endoscopic Score for Crohn’s Disease (SES-CD), which 
is one of the most validated and quantitative scoring systems for assessing CD activity. The SES-CD evaluates four 
parameters—ulcer size, ulcerated surface, affected surface, and the presence of narrowing—across five bowel segments, 
providing an objective measure of endoscopic disease activity. Although endoscopy remains the diagnostic gold standard 
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for assessing MH and disease activity,4 its invasiveness, cost, and patient discomfort limit its longitudinal use.5,6 

Therefore, there is a growing need for accurate, non-invasive imaging biomarkers to assess CD activity.
With the advancement of radiological imaging technologies, non-invasive evaluation of CD has become increasingly 

feasible. CT enterography (CTE), in particular, provides high resolution visualization of the bowel wall and extramural 
complications. Among its recent developments, dual-energy CTE (DECTE), which acquires datasets at two different 
energy levels, has shown great potential for tissue characterization and quantitative analysis. DECTE has been widely 
applied in vascular imaging, tumor differentiation, and prognostic evaluation, and is now gradually being adopted in the 
assessment of inflammatory bowel disease (IBD).7–9

Radiomics has recently been explored for quantitative evaluation of CD by extracting imaging-derived features from 
CT or MRI. However, most existing approaches rely on single-task learning (predicting one outcome at a time) and 
single-phase imaging, which inadequately capture the complex, multi-dimensional nature of CD inflammation.10 These 
limitations constrain generalization and predictive stability. Clinical observations have revealed that morphological 
alterations of the intestinal wall—such as irregularity, abnormal motility, and wall thickening—are strongly associated 
with Crohn’s disease activity. These findings suggest that topological features, which capture complex morphological and 
geometric variations, may hold promise for non-invasive assessment of disease activity in Crohn’s disease.11,12

Topological radiomics, an emerging branch of radiomics, applies topological data analysis (TDA) to characterize 
high-order geometric structures and spatial relationships in tissues.10,13 Unlike conventional radiomics that primarily 
quantify texture and intensity, topological descriptors capture deformation-invariant and connectivity-based information, 
which has shown enhanced discriminative power in lesion classification and morphological quantification. In parallel, 
Multi-Task Deep Learning (MTDL) has emerged as a powerful deep learning paradigm that enables shared representa
tion learning across multiple related tasks, such as lesion segmentation and disease activity prediction. By leveraging 
inter-task correlations, MTDL improves model generalization, robustness, and computational efficiency.14,15 Integrating 
topological radiomics with MTDL may therefore provide a synergistic framework for accurate and non-invasive 
assessment of Crohn’s disease activity.

In this study, we propose a topological radiomics–based multi-task deep learning model for simultaneous prediction 
of mucosal healing status and endoscopic activity scores in Crohn’s disease. This approach aims to overcome the 
limitations of conventional radiomics and single-task models by jointly leveraging multi-phase imaging data and 
topological information, offering a more comprehensive, interpretable, and clinically applicable assessment tool.

Materials and Methods
Study Design and Patients
The study was conducted in accordance with the Declaration of Helsinki (as revised in 2013) and was approved by the 
ethics committee of Chongqing General Hospital (Ethical code: KY S2024-076-01). Given its retrospective design and 
the use of fully anonymized imaging and clinical data, the requirement for informed consent was waived by the ethics 
committee.

Patients with CD between July 2021 and October 2024 were enrolled, and all subjects underwent CTE scanning. The 
inclusion and exclusion criteria were defined to ensure clinical and therapeutic homogeneity among patients and to 
establish a stable correlation between imaging features and endoscopic activity. The inclusion criteria for candidate 
patients were as follows: (1) patients diagnosed with CD; (2) patients with ulcerative lesions in the colon, rectum or 
terminal ileum 6 to 12 months before CTE examination, was applied to minimize variability in disease activity over time; 
(3) patients who have received standardized biologic therapy for at least 6 months, as biologics represent the current 
therapeutic mainstay for moderate-to-severe Crohn’s disease and directly influence mucosal healing outcomes. The 
exclusion criteria are as follows: (1) patients who have not undergone endoscopy after treatment; (2) patients with 
a history of surgery on the terminal ileum and colon; (3) patients with poor image quality or inability to generate an 
iodograph. A total of 373 patients were initially screened according to the predefined inclusion and exclusion criteria. 
Among them, 281 patients were excluded due to missing DECT data or absence of colonoscopy examinations following 
biochemical treatment. An additional 10 patients were excluded because they underwent intestinal surgery during the 
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treatment period, and 1 patient was excluded due to poor CT image quality that did not meet the requirements for 
radiomic feature extraction. The final cohort comprised 81 CD patients. Endoscopy-defined mucosal healing status 
(binary variable: MH/non-MH groups) and SES-CD scores (continuous variable) were recorded. The cohort comprised 
25 MH group cases (30.9%) and 56 non-MH group cases (69.1%), with SES-CD scores ranging from 0 to 34. All 
patients were randomly divided into a training group (n = 60) and a test group (n = 21) in a 7:3 ratio. Figure 1 shows our 
study flow chart.

DECT Imaging Technology and Post-Processing
All patients should fast for 12 hours and refrain from drinking before the DECT scan. 2000 mL of 2.5% isotonic mannitol 
should be administered 1 hour before the scan to fill the bowel (500 mL / 15 minutes). We used a dual-energy CT scanner 
(IQon Spectral CT, Philips Healthcare, Netherlands) for scanning. The tube voltage is fixed at 120 kVp, the tube current 
at 145 mAs, the pitch at 1.2, the rotation speed at 0.5 s and the reconstruction layer thickness at 1.00 mm. Contrast 
medium (Iopamidol, 350 mg (I)/mL, Jiangsu Hengrui medicine CO., LTD., China) was injected intravenously via 
a peripheral vein using a high-pressure syringe. The injection speed was 1.5 mL/kg and 3.0 mL/s. The scan time was 
monitored using a monitoring method. The abdominal aorta was monitored 10s after injection of the contrast medium, 

Figure 1 Workflow for the basic steps of setting up a radiomics model.
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and the threshold was automatically triggered when 150 HU was reached. The arterial and venous phases of the CTE 
were collected approximately 30s and 80s after injection of the contrast medium, respectively.

Data on the Colonoscopy
Mucosal inflammation was assessed by blinded gastroenterologists (≥5 years’ endoscopic experience) using unified 
criteria.16 MH is defined as the disappearance of active ulcers after treatment in patients with CD who have a history of 
active ulcers or a SES-CD score of less than 3.16–19 The endoscopic activity score is based on the systematic examination 
of the inflamed areas of the intestine during the assessment process, and the score is given according to the number, size, 
depth and distribution of ulcers. A segment was considered to have achieved mucosal healing when it demonstrated the 
following imaging characteristics: (1) Normal bowel wall thickness (<3 mm); (2) Absence of mural hyperenhancement or 
stratified enhancement patterns; (3) Disappearance of ulcers or mucosal irregularity; (4) No perienteric fat stranding, 
vascular engorgement (comb sign), or mesenteric edema. For DECTE datasets, both virtual monochromatic images (at 70 
keV) and iodine maps were additionally reviewed to confirm the absence of increased iodine uptake, which further 
supports the absence of active inflammation. All scoring results are recorded and analyzed in correlation with imaging 
data to ensure the accuracy and reliability of subsequent radiomics models.

Segmentation and Topological Radiomics Feature Extraction
Two radiologists with more than 5 years of experience in abdominal imaging independently performed semi-automatic 
segmentation using the Philips IntelliSpace Discovery 3.0 (ISD) platform. Both readers were blinded to the patients’ 
clinical and colonoscopic information. Segmentation was conducted on iodine density images obtained from both the 
arterial and portal venous phases. The segmentation process began with a region-growing algorithm automatically 
identifying the bowel wall based on attenuation thresholds, followed by manual refinement to exclude luminal contents, 
adjacent fat, and artifacts. The volume of interest (VOI) for each patient was selected according to the following criteria: 
(1) exclude intestinal contents; (2) for MH patients, select the segment that has completely healed; (3) for non-MH 
patients, select the segment with the thickest intestinal wall. (4) when multiple segments were involved, the most 
severely affected intestinal segment was delineated according to the overall endoscopic activity score. Finally, topolo
gical image features are extracted using Python (version 3.8.9), including six categories: Principal Curvature, Gaussian 
Curvature, Mean Curvature, Sharpness, Shape Index and Total Curvature. Figure 2 shows the workflow of the basic steps 
for building a radiomics model.

Smote Oversampling
Patients with CD were stratified into MH and non-MH groups. Significant inter-group size imbalance was mitigated 
using Synthetic Minority Over-sampling Technique (SMOTE), exclusively applied to the training set to preserve 
biological plausibility. The validation set remained untouched and retained its original distribution to ensure that 
model performance evaluation reflects true generalization. Specifically, all topological radiomics features are first 
normalized to ensure that the feature values are in the same scale range, and then SMOTE is used to increase the 
number of minority class samples by generating synthetic samples in the feature space to achieve balanced group 
distribution prior to model training.

Feature Selection
Feature selection was performed in a multi-stage, nested manner within 10-fold cross-validation to prevent data leakage. 
In each training fold, univariate filtering using t-test and chi-square test (P<0.05) was first applied to remove statistically 
irrelevant features. Subsequently, the least absolute shrinkage and selection operator (LASSO) with internal 10-fold 
cross-validation was used to identify features with the strongest predictive contribution while enforcing sparsity. Finally, 
the Boruta algorithm, based on random forest–derived importance scores, was applied to verify feature stability and 
capture potential nonlinear associations. All feature selection steps were confined to the training subsets, ensuring 
complete independence from the validation data. Following feature selection using a combined LASSO and Boruta 
algorithm, four topological imaging features were identified as suitable for multitask deep learning modeling. This 
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dimensionality reduction step ensured that only the most informative features were retained, thereby reducing overfitting 
risk in the limited-sample setting. Figure 3 provides a visual representation of these features: Figure 3A illustrates the 
distribution of Gaussian curvature; Figure 3B displays the sharpness distribution of the structured surface; Figure 3C 
presents the total curvature; and Figure 3D depicts the distribution of maximum principal curvature.

Multi-Task Deep Learning Model Building
This study constructs a multi-task deep learning architecture that includes a shared network and two task-specific networks. 
First, the dataset contains input features X, a binary classification task label Y1 (MH status) and a regression task label Y2 
(SES-CD). During data loading, all features are converted to floating-point tensors to meet the input requirements of the deep 
learning model. The binary classification task uses BCEWithLogitsLoss and the regression task uses MSELoss. During 
forward propagation, the model outputs the predictions for both tasks simultaneously, calculates the respective losses, and 
finally takes the average of all task losses as the total loss for backpropagation. The shared network consists of a fully 
connected layer, a ReLU activation function and a dropout layer, which is used to extract a low-level representation of the 
input features. Task 1 network is responsible for the binary classification task and outputs the predicted result of mucosal 
healing; task 2 network is responsible for the regression task and outputs the predicted value of endoscopic activity score. To 
further control overfitting risk under limited sample conditions, the model was trained with a limited number of features (n 
= 4) selected through multi-step feature reduction procedures. The compact input dimension, combined with dropout and 
shared representations in the multitask setting, effectively reduced model complexity and enhanced generalization.

Deep Learning Architecture and Model Training Details
The multi-task learning model was implemented using Python 3.8.9 and PyTorch 1.12.1. The network architecture 
comprised a shared fully connected layer (input dimension = 4, hidden dimension = 256) followed by a ReLU activation 

Figure 2 Schematic Diagram of a Multi-Task Deep Learning Model. This illustration delineates the comprehensive workflow of the model from image input to predictive 
output. Initially, topological radiomics features are extracted from arterial phase and portal venous phase CT images, which are subsequently fed into a multi-task neural 
network model. The model concurrently generates two outputs: mucosal healing (classification task) and intestinal activity score (regression task). To enhance the model’s 
generalization capability and evaluation stability, a 10-fold cross-validation approach is implemented, with result integration performed after each training and prediction cycle 
to ensure the robustness and reliability of model evaluation.
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and dropout layer (dropout probability = 0.3) to prevent overfitting. Two task-specific fully connected layers were 
constructed for MH classification and SES-CD regression, respectively. The classification head output logits optimized 
using binary cross-entropy loss (BCEWithLogitsLoss), and the regression head was optimized using mean squared error 
(MSELoss). The Adam optimizer was applied (learning rate = 0.001, epsilon = 1×10−7, weight decay = 1×10−5) with 
ReduceLROnPlateau scheduling (factor = 0.5, patience = 10 epochs). The model was trained for 1000 epochs with 
a batch size of 20. All experiments were performed on CPU hardware (Intel i7-11700, 16 GB RAM), and random seeds 
were fixed to ensure reproducibility. Model evaluation followed a 10-fold cross-validation procedure. Within each fold, 

Figure 3 Visualisation of topological imaging features. (A) showed Gaussian curvature distribution. Gaussian curvature is a measure of the local surface curvature. The 
colour scale ranges from blue (negative curvature, saddle-shaped surface) to red (positive curvature, spherical convex surface), with green in the middle representing flat 
areas with near-zero curvature. (B) showed sharpness distribution of the structured surface. Sharpness is an indicator of the local sharpness of the surface. The higher the 
value, the more drastic the surface change in that area. The colour scale goes from blue to red, representing a change from smooth to sharp. (C) showed total curvature. 
This indicator reflects the overall curvature of the local surface. The larger the value, the more significant the surface curvature. The colour scale goes from blue to red, 
representing an increase in total curvature. (D) showed principal curvature max. This indicator shows the distribution of the maximum principal curvature. Principal 
curvature is the curvature of a surface at a point in two orthogonal directions. A larger value reflects the greatest curvature of the surface in a particular direction. The 
colour scale goes from blue to red, indicating a change in principal curvature from small to large.
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feature selection, training, and testing were performed independently to avoid data leakage. Confidence intervals (95% 
CIs) for AUC and C-index metrics were computed using the compute_auc_ci function implemented in Python.

Multi-Task Deep Learning Model Evaluation
ROC curves and AUC values are used to evaluate binary classification tasks, while performance evaluation results are 
visually displayed using confusion matrices and performance histograms such as sensitivity and specificity. For regres
sion tasks, the performance of the model in predicting continuous variables is assessed using feature importance analysis 
and performance histograms. Specific regression evaluation indicators include mean square error (MSE), mean absolute 
error (MAE), coefficient of determination (R2) and consistency index (C-index). During model training, a 10-fold cross- 
validation method is used to adjust the parameters to ensure the stability and generalisation ability of the model. Through 
a multi-task learning framework, the model can optimise two related tasks simultaneously, using the synergistic 
information between tasks to improve overall prediction performance.

SHAP Model Interpretation
This study introduces the SHAP (SHapley Additive exPlanations) method to interpret the prediction results of multi-task 
deep learning models. The SHAP method is based on game theory and provides a comprehensive feature importance 
analysis by calculating the contribution value of each feature to the prediction result. For MH) prediction (binary 
classification tasks), SHAP summary plots visualize per-patient feature contribution profiles. Concurrently, global feature 
importance was quantified by aggregating SHAP values across all samples. For SES-CD prediction (the regression task), 
a SHAP Summary plot is also generated to show the impact of each feature on the prediction of the continuous variable. 
Furthermore, the average SHAP value of each feature was calculated to further quantify the importance and assist 
clinicians identifying key radiomics features in disease assessment. By applying the SHAP method, the study not only 
provides a high-performance predictive model, but also ensures the transparency and interpretability of the model 
decision-making process.

Statistical Analyses
Statistical analysis was performed using R software 4.3.1 (https://www.rproject.org) and Python 3.8.3 (https://www. 
python.org). When the data follow a normal distribution, the independent samples t-test is used to compare continuous 
variables, otherwise the Mann–Whitney U-test is used. Test categorical variables using the chi-square or Fisher’s exact 
test. P < 0.05 is considered significant.

Results
Patient Characteristics
A total of 81 CD patients were included in this study, 46 males (56.7%) and 35 females (43.2%), with an average age of 
29.345±10.022 years. MH was achieved in 25 patients (30.9%), while MH was not achieved in 56 patients (69.1%). The 
mean SES-CD score was 8.432±8.418, indicating some variation in the patients’ endoscopic activity. Furthermore, the 
mean duration was 52.358±37.082 months, and sixteen patients (19.8%) received adalimumab, 41 (50.6%) infliximab, 23 
(28.4%) ustekinumab and 1 (1.2%) vedolizumab (Table 1).

Feature Selection and Radiomics Model Construction
During the arterial phase, a t-test was first performed, and a total of 12 significant features (p < 0.05) were selected. 
Subsequently, LASSO regression was used for further screening (Figure 4A and B), and in combination with the Boruta 
algorithm (Figure 4C), three key features were finally determined: Arterial Phase Total Curvature, Arterial Phase 
Sharpness Max and Arterial Phase Gaussian Curvature Max (Coefficient = 0.0656, −0.0708, −0.1079), as shown in 
Figure 4. Furthermore, A total of 8 significant features (p < 0.05) were selected by t-test in the portal vein phase. 
Subsequently, three key features were finally determined by combining LASSO regression (Figure 4D and E) and the 
Boruta algorithm (Figure 4F): Portal Venous Phase Total Curvature, Portal Venous Phase Gaussian Curvature Max and 
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Portal Venous Phase Principal Curvature Max Min (Coefficient = −0.0483, −0.1699 and 0.0928), as shown in Figure 4. 
The features shared by both the arterial and portal venous phases are Total Curvature and Gaussian Curvature Max. After 
removing duplicates, a total of four features remain: Total Curvature, Gaussian Curvature Max, Sharpness Max, and 
Principal Curvature Max Min. To provide an intuitive understanding of these topological features, we visualized them in 
Figure 3. By performing a pre-fusion of the arterial and portal phases, we also continued to construct a topological 
radiomics model combining the arterial and portal phases.

Multi-Task Deep Learning Model Building
Model Loss
As shown in Figure 5, training and validation losses converged rapidly across all models without evidence of overfitting. 
Figure 5A showed loss curve in arterial phase model. Figure 5B showed loss curve in venous phase model. Figure 5C 
showed loss curve in joint model. On the validation set, the integrated arterial-portal model achieved significantly lower 
loss (about 15) versus arterial-phase (about 20) and joint models (both about 20). This demonstrates that feature fusion 
enhances predictive accuracy through synergistic phase integration. The integrated model has the lowest loss on the 
validation set and the best generalization performance.

Prediction of Mucosal Healing
Comprehensive model evaluation revealed superior performance of the joint model versus single-phase models. On the 
training set, it achieved: sensitivity 0.85 (vs arterial 0.75, portal 0.825), specificity 0.875 (vs 0.925, 0.9), accuracy 0.8625 
(vs 0.8375, 0.8625), and precision 0.8718 (vs 0.9091, 0.8919), demonstrating significant enhancement through phase 
integration. Furthermore, the joint model achieved the highest AUC (0.938) versus arterial-phase (0.892) and portal- 
phase (0.930) models as shown in Table 2, while the arterial + portal vein phase combination has the best predictive 
performance on the training set, as shown in Figure 6. On the validation set, the joint model achieved a sensitivity of 1. 
Although the specificity was still the same as the single model, the overall performance was more stable, demonstrating 
the significant advantages of the strategy of combining the arterial phase and venous phase in prediction. Furthermore, 
the AUCs of the arterial and arterial + portal phases were 0.854 and 0.875, respectively, both higher than the 0.833 of the 
portal phase models, as shown in Table 2. Consequently, the phase-fusion strategy demonstrated optimal overall 
performance, showing the smallest training-validation AUC differential. At the same time, the AUC differences of all 
models were within 0.1, indicating that the performance of the models on the training set and the validation set was not 

Table 1 Patient Characteristic

Characteristic Amount (%) of Patients, n = 81

Mucosal Status (n)

Healed 25

Not Healed 56
Sex (Male/ Female) 46/35

Age (mean ± SD, years) 29.345±10.022
SES-CD (mean ± SD) 8.432±8.418

Disease duration (mean ± SD, months) 52.358±37.082

Biological agent (n)

Adalimumab 16
Infliximab 41

Ustekinumab 23

Vedolizumab 1
ESR (mean ± SD) 16.889±14.247

CRP (mean ± SD) 11.470±20.764

Note: Values denote mean ± standard deviation or numbers of subjects. 
Abbreviations: ESR, Erythrocyte Sedimentation Rate; CRP, C-Reactive Protein.
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significantly different, and no significant overfitting was observed. These results do not allow a definitive conclusion 
about the absence of overfitting, and further validation in larger and more balanced cohorts is needed. (Figure 6).

Prediction of Intestinal Activity Score
The differences between training and validation MSE/MAE values were relatively small, suggesting no obvious over
fitting; however, the limited sample size may reduce the reliability of these indicators. The minimal differentials between 
training and validation set MSE/MAE values indicate no substantial model overfitting. The joint model performed best in 

Figure 4 Lasso regression and Boruta algorithm for feature selection on CT topological image data from different periods. (A–C) show the arterial phase, (D–F) show the 
portal vein phase. Lasso path plots: (A and D) show the feature coefficient paths of Lasso regression with different regularization parameters λ for different phases of the 
data. As λ increases (constraints become stricter), more features are sparsified (the coefficients tend to zero). (B and E) show the Lasso regression error curves for 
different phases of the data, showing the mean square error (MSE) for different regularization strengths (α values). The red line shows the mean error, and the black and blue 
dotted lines show λmin and λ1SE, respectively, which are used to determine the optimal α value. (C and F) show that after combining Lasso and Boruta screening, three 
significant features (Gaussian Curvature Max, Sharpness Max, and Total Curvature) were selected in the arterial phase, and three significant features (Gaussian Curvature 
Max, Principal Curvature Max Min, and Total Curvature) were selected in the venous phase.
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terms of MSE and MAE, with the MSE lower than the single model on both the training set (51.499 vs 59.204, 55.846) 
and the validation set (42.151 vs 47.685, 40.929). The MAE shows that the combined model has the lowest error on the 
training set (5.23 vs 5.634, 5.47), but is slightly higher on the validation set (5.436 vs 5.421, 5.31), reflecting a smaller 
prediction error. R2 shows that the combined model has the highest coefficient of determination on the training set (0.75 
vs 0.68, 0.725) and the validation set (0.702 vs 0.584, 0.549), indicating better goodness of fit. Cindex shows that the 
combined model performs best compared to the separate arterial and venous phases on both the training set (0.746 vs 
0.716, 0.639) and the validation set (0.679 vs 0.653, 0.646), as shown in Table 3. Overall, although the joint model shows 
consistent but modest performance gains, these findings do not constitute strong statistical evidence of superiority and 
warrant validation in larger datasets.

SHAP Model Interpreter
SHAP values (SHapley Additive exPlanations) quantify the marginal contribution of each feature to the model’s 
predictive output, with higher values signifying a greater impact on the prediction outcome. The most important features 
in the mucosal healing prediction task are “Arterial Phase_Gaussian Curvature Max” and “Arterial Phase_Total 
Curvature”, both of which have a significant impact on the model output. The feature values (from blue to red) follow 
a certain pattern with the SHAP values. The most important feature for predicting the activity score becomes “Arterial 
Phase_Total Curvature”, followed by “Portal Venous Phase_Total Curvature”, which indicates that the activity score 
prediction is more dependent on these two features. Although the main features of the two tasks are consistent in Arterial 
Phase_Total Curvature, overall, the model’s prediction of Y1 is more dependent on the features related to “Arterial 
Phase”, while the prediction of Y2 places more emphasis on the features related to “Portal Venous Phase”. (Figure 7).

Figure 5 Loss curves in three models during training. (A) showed loss curve in arterial phase model. (B) showed loss curve in venous phase model. (C) showed loss curve 
in joint model.

Table 2 Task 1: Model Performance for Predicting Mucosal Healing Tasks

CT Arterial Phase CT Portal Venous Phase Combined Model

Train Validation Train Validation Train Validation

Sensitivity 0.75 1.000 0.825 0.938 0.85 1.000

Specificity 0.925 0.444 0.9 0.222 0.875 0.444

Accuracy 0.837 0.8 0.863 0.68 0.863 0.8
Precision 0.909 0.762 0.892 0.682 0.872 0.762

Recall 0.75 1.000 0.825 0.9375 0.85 1.000

F1 0.822 0.865 0.857 0.789 0.861 0.865
NPV 0.787 1.000 0.837 0.667 0.854 1.000

PPV 0.909 0.762 0.892 0.682 0.872 0.762

AUC 0.892 0.854 0.930 0.833 0.938 0.875
95% CI (0.810, 0.955) (0.660, 0.976) (0.867, 0.975) (0.632, 0.980) (0.885, 0.98) (0.676, 1)

Abbreviations: F1, F1 score; NPV, negative predictive value; PPV, positive predictive value.
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Discussion
This study uses a method of fusing topological imaging omics through deep learning (Multi-Task Deep Learning, 
MTDL) to construct a model capable of simultaneous prediction of MH status and endoscopic activity scores in CD 
patients. Through multi-task learning strategies, the overall model performance is enhanced. Compared to models 
utilizing single-phase imaging features exclusively, the integrated model combining arterial-phase and portal-phase 

Figure 6 ROC curves and confusion matrix for each model of mucosal prediction. (A–C) ROC curve and confusion matrix for modelling of CT topological image data in 
the arterial phase; (D–F) ROC curve and confusion matrix for modelling of CT topological image data in the portal vein phase; (G–I) ROC curve and confusion matrix for 
modelling of CT topological image data in the arterial phase combined with the portal vein phase. The values presented in the confusion matrix indicate the number of cases 
assigned to each predicted class.

Table 3 Task 2: Model Performance for Predicting Gut Activity Scores

CT Arterial Phase CT Portal Venous Phase Combined Model

Train Validation Train Validation Train Validation

MSE 59.204 47.685 55.846 40.929 51.499 42.151
MAE 5.634 5.421 5.47 5.31 5.23 5.436

R2 0.725 0.549 0.68 0.584 0.75 0.702

C-index 0.639 0.646 0.716 0.653 0.746 0.679

Abbreviations: MSE, mean square error; MAE, mean absolute error; R2, coefficient of determination; 
C-index, consistency index.
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topological radiomics demonstrates superior AUC values and C-indexes across both training and validation sets. This 
result reflects the complementary nature of multi-sequence imaging data in capturing the morphological characteristics of 
complex intestinal lesions, which is of great significance for clinical precision diagnosis and treatment decisions.

Compared with previous studies,20 our research is the first to propose a multi-task deep learning model that integrates 
arterial phase and portal venous phase CT data combined with high-dimensional topological features, enabling simulta
neous prediction of mucosal healing (binary classification) and SES-CD score (regression). Unlike previous studies that 
only utilized single-phase iodine density images and traditional radiomics features, and adopted single-task logistic 
regression for assessing mucosal healing, our model employs multi-task joint optimization, successfully overcomes class 
imbalance, integrates multiple feature selection methods, and introduces SHAP for feature-level interpretability.

The International Inflammatory Bowel Disease Group (STRIDE-II) guidelines prioritize MH in Crohn’s disease 
management, reflecting endoscopic resolution of inflammation that enables sustained disease control and improved 
prognosis.21 However, endoscopy is not recommended for monitoring mucosal status in moderate-to-severe active 
Crohn’s disease due to elevated risks of intestinal perforation, hemorrhage, and other complications.22 Non-invasive 
alternatives—CT, MR, and intestinal ultrasound—provide pan-enteric visualization.23,24 This study demonstrates CT 
enterography’s arterial-phase superiority in predicting MH, suggesting early perfusion differentials (arterially dominated) 
as key determinants.25,26 As inflammation progresses, portal-phase imaging provides enhanced visualization of structural 
and functional intestinal alterations induced by chronic or extensive lesions.24,25 Although the joint model integrating 

Figure 7 Difference in contribution of model characteristics in two different tasks. Y1 task: Mucosal prediction; Y2 task: Bowel activity score. Each row represents a feature, 
and each point denotes the SHAP value and original value of a sample for that feature. The color gradient from red to blue indicates the feature value from high to low. SHAP 
values (SHapley Additive exPlanations) quantify the marginal contribution of each feature to the model’s predictive output, with higher values signifying a greater impact on 
the prediction outcome. The horizontal axis represents the SHAP values, where a position further to the right indicates that the feature tends to drive the model toward 
a higher predicted value.
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multi-task features showed only modest improvements in AUC and MAE compared with the single-task models, these 
incremental gains may stem from the complementary information provided by the arterial and portal venous phases. This 
complementary relationship between early (arterial-phase) and late (portal-phase) perfusion differentials enable more 
comprehensive disease characterization through joint modeling of dual-phase data, thereby facilitating more precise 
assessment of intestinal inflammatory states and structural remodeling. Nevertheless, given the limited evaluation cohort, 
these findings should be interpreted cautiously. Further validation with larger, multicenter datasets is required to more 
definitively determine the added value of the joint model.

Current diagnosis of Crohn’s disease activity primarily relies on endoscopic activity scores and complementary 
clinical parameters, including CT-based characteristics such as bowel wall thickness and segmental intestinal wall 
thickening.27–29 A study of anti-TNF drug therapy showed that while patients had a significant decrease in endoscopic 
activity scores after treatment, there was also a significant increase in the rate of mucosal healing.30 This indicates that 
mucosal healing is closely related to endoscopic activity scores. Compared with traditional single-task learning, multi- 
task deep learning captures the potential correlations between tasks by sharing underlying features, thereby achieving 
collaborative enhancement of information.31,32 In this study, a certain correlation was predicted between the two tasks of 
MH and endoscopic activity score: for the prediction of mucosal healing, arterial-phase topological features demonstrated 
dominant importance, potentially reflecting early-stage inflammatory activity predominantly driven by arterial blood 
supply at active foci; while in the prediction task of endoscopic activity score, the topological characteristics of the portal 
vein phase have a better ability to represent the overall activity of extensive lesions. This multi-task collaboration 
strategy has been reported as effective in other medical image analysis studies and, in our results, suggests potential 
advantages in model performance and clinical interpretability.33,34 Although the models showed similar AUC perfor
mance between the training and validation sets, the small validation cohort and the lower specificity observed in the 
validation set indicate that the current results should be interpreted with caution. These findings suggest that the model’s 
ability to generalize, particularly in identifying negative cases, may be limited under small-sample conditions. Future 
studies with larger and more diverse validation cohorts will be essential to more robustly assess and refine model 
performance.

The results of model interpretation based on SHAP (SHapley Additive exPlanations) further show that in the task of 
predicting mucosal healing, arterial phase features such as Gaussian Curvature Max and Total Curvature have the most 
significant impact on model decisions; while in predicting endoscopic activity scores, Total Curvature and Principal 
Curvature Max Min in the portal phase images play a more critical role. The topological imaging features employed in 
this study, including Gaussian curvature maximum and total curvature, provide quantitative descriptors for geometric 
abnormalities in the intestinal wall surface of Crohn’s disease patients. For instance, CTE can detect pathological 
alterations such as intestinal wall thickening, enhancement, and stratification, which reflect inflammatory activity and 
tissue remodeling in the affected intestinal segments.35 The impact of these pathological changes on the geometric 
structure of the intestinal wall can be quantitatively characterized through topological feature. Total Curvature compre
hensively reflects the complexity of the overall morphology in the lesion area, while Gaussian Curvature Max distinctly 
highlights the extreme geometric distortions of local pathological foci. Together, they elucidate the geometric character
istics of morphological changes in the mucosa and submucosa during the pathological reconstruction process. Geometric 
quantifiers such as Gaussian curvature and total curvature sensitively capture alterations in complex morphological 
characteristics, including intestinal surface undulations, inflammatory exudates, and wall thickening. This confirms the 
value of topological data analysis in revealing intestinal wall structural and functional alterations in Crohn’s disease.17,18

There are still some limitations in this study. First, the relatively limited sample size may compromise the model’s 
generalizability and stability. Second, although the inclusion and exclusion criteria were designed to ensure clinical 
homogeneity and stable correlations between radiological and endoscopic activity, they may introduce potential selection 
bias. Specifically, restricting the time window of ulcerative lesions and requiring at least six months of biologic therapy 
may limit the external validity of the model, as these criteria exclude patients with early-stage disease, those receiving 
alternative therapies, or those with more heterogeneous clinical courses. Future studies should include a broader spectrum 
of patients from multiple centers to enhance representativeness and applicability. Third, to address the class imbalance 
between the mucosal healing and non-healing groups, the SMOTE oversampling technique was applied during model 
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training. However, SMOTE-generated synthetic samples may not fully represent real biological variability, and this could 
potentially affect the model’s representation of true data distributions. In future work, we plan to expand the dataset 
through multi-center collaboration and explore more advanced class imbalance–handling methods, such as ensemble 
learning or cost-sensitive algorithms, to further improve model robustness. In addition, this study mainly relies on CT 
image data and does not combine other imaging modalities (such as magnetic resonance imaging) or clinical biomarkers. 
Future studies could integrate multimodal data fusion to enhance performance. Finally, although the interpretability of the 
model was partially revealed through SHAP analysis, its interpretability and visualization in practical clinical applica
tions still need to be further optimized to enhance the trust and acceptance of medical staff.

This study constructed an effective and precise Crohn’s disease assessment model by integrating multi-task deep 
learning with topological radiomics analysis, enabling simultaneous prediction of mucosal healing status and endo
scopic activity scores. The results indicated that combining arterial and portal venous phase topological features could 
improve model performance, and the multi-task learning strategy showed potential benefits for reducing overfitting. 
This work provides a methodological framework and exploratory tool for non-invasive CD assessment, suggesting 
possible clinical utility. However, further multi-center validation and optimization are required to facilitate broader 
clinical application.

Conclusion
By integrating arterial and venous phases topological radiomic features within a multi-task learning framework, this 
study improved model discrimination in evaluating CD. The findings highlight the potential of topology-based radiomics 
as a non-invasive imaging approach. However, its clinical applicability requires confirmation through larger, multicenter 
prospective studies.
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