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Abstract 

Objectives This study aims to develop and validate nomograms that utilize morphological and radiomics features 
derived from computed tomography enterography (CTE) to evaluate inflammatory activity in patients with ileoco-
lonic Crohn’s disease (CD).

Methods A total of 54 CD patients (237 bowel segments) with clinically confirmed CD were retrospectively analyzed. 
The Simple Endoscopic Score for Crohn’s Disease (SES-CD) was used as a reference standard to quantify the degree 
of mucosal inflammation and assess disease severity. We extracted morphological and radiomics features in the train-
ing cohort to create a morphological model (M-score) and a radiomics model (Rad-score). A combined nomogram 
was generated by integrating the M-score and Rad-score. The predictive performance of each model was evaluated 
using receiver operating characteristic (ROC) curve analysis. Additionally, calibration curve and decision curve analysis 
(DCA) were employed to assess the accuracy and clinical applicability of the nomogram in the testing cohort.

Results The area under the ROC curve (AUC) for the nomogram, which included stenosis, comb sign, and Rad-
score, was 0.834 [95% confidence interval (CI): 0.728–0.940] for distinguishing between active and remissive disease. 
Furthermore, the nomogram created using comb sign and Rad-score achieved a satisfactory AUC of 0.781 (95% CI: 
0.611–0.951) in differentiating mild activity from moderate-to-severe activity. The calibration curve and DCA con-
firmed both nomograms’ accuracy and clinical utility.

Conclusions Nomograms that combined CTE-based radiomics and morphological features could serve as valuable 
tools for assessing inflammatory activity, thereby supporting clinical decision-making in managing CD. Keypoints. 1. 
Radiomics features from CTE could predict the inflammatory activity of CD.

Keypoints 

1. Radiomics features from CTE could predict the inflammatory activity of CD.

2. The nomograms were most effective in predicting inflammatory activity.

3. Radiomics enhanced radiologists’ ability to evaluate inflammatory activity.
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Introduction
Crohn’s disease (CD) is a chronic, relapsing inflamma-
tory disease affecting the entire gastrointestinal tract. 
If not properly managed, it can significantly impact 
patients’ quality of life and lead to various complica-
tions [1]. Therefore, accurately and efficiently assessing 
disease activity is essential for the monitoring and man-
agement of CD [2].

Several well-established scoring criteria existed for 
evaluating disease activity in CD, including Crohn’s 
disease activity index (CDAI) and Harvey-Bradshaw 
index (HBI) based on symptoms and physical signs, 
Crohn’s disease endoscopic index of severity and Sim-
ple Endoscopic Score for Crohn’s Disease (SES-CD) 
which are based on endoscopic findings, magnetic 
resonance index of activity (MaRIA), Clermont score 
and magnetic resonance enterography global score 
(MEGS) using magnetic resonance enterography [3–6]. 
Among these, endoscopic scoring is commonly used 
and is considered as the reference standard in many 
studies. However, endoscopic procedures have limita-
tions, e.g., invasive, costly, and accompanied by risks 
of complications [7, 8]. Computed tomography enter-
ography (CTE) and magnetic resonance enterography 
(MRE) are frequently used to diagnose and evaluate CD 
in clinical works [9]. Compared with MRE, CTE dem-
onstrates similar specificity and sensitivity in diagnos-
ing CD [10], while also offering greater feasibility due 
to shorter imaging time, higher spatial and temporal 
resolution, fewer artifacts, and lower cost [11]. Radi-
omics, a well-recognized method for extracting quanti-
tative parameters from medical images at a large scale, 
can illustrate hidden tissue heterogeneity and has been 
recently proposed as a promising tool to facilitate the 
transition to personalized medicine in clinical prac-
tice [12]. A few studies have indicated that radiomics 
model based on MRI data predicted CD diagnosis with 
better performance than MaRIA evaluated by senior 
radiologists [13, 14]. Moreover, other researches have 
focused on using radiomics signatures from mesenteric 
and intestinal CTE to predict the therapeutic response, 
postoperative anastomotic recurrence, fibrosis, and dis-
ease progression [11, 13, 15–19]. These results showed 
that radiomics were more accurate than relying solely 
on clinical factors or evaluations by senior radiologists. 
However, there are no validated CD activity scores 
derived from CTE data currently. Therefore, it is crucial 
to develop a reliable, objective method to identify CTE 
lesions in CD patients and assess disease activity.

In this study, we aimed to establish and validate nomo-
grams to predict CD activity by integrating CTE-based 
radiomics with morphological features.

Materials and methods
Patient selection
This retrospective study was approved by the institu-
tional review board of our hospital (approval number: 
2013KY034), and written informed consent from each 
participant was waived.

We searched the radiology reports for the term Crohn’s 
disease on CTE scans obtained between January 2017 
and June 2023. The inclusion criteria for participants 
were as follows: (1) a confirmed diagnosis of CD based 
on conventional clinical, endoscopic, and histological 
criteria, (2) undergoing ileocolonoscopy within two days 
following the CTE, and (3) not having received any new 
medication between the 2 examinations. The exclusion 
criteria included: (1) inadequate imaging quality which 
was unable to segment, such as breathing artifact, (2) 
unclear intestinal contour on CTE due to severe perien-
teric effusion, intestinal adhesion, or peristalsis. Enrolled 
segments were randomly divided into a training cohort 
and a testing cohort at a ratio of 7:3. The study flow dia-
gram is shown in Fig. 1. The following baseline data were 
collected: age, sex, disease duration, Montreal location, 
C-reactive protein level (CRP), erythrocyte sedimenta-
tion rate (ESR), HBI, SES-CD total score of each patient, 
and the features of each bowel segment.

Reference standard for intestinal inflammatory activity
The ileocolonoscopic procedure and evaluation were 
conducted by two gastroenterologists (with 15- and 
20-years work experience, respectively) without knowl-
edge of CTE results. The ileocolon was divided into 5 
segments on ileocolonoscopy and CTE including the 
terminal ileum (the last 20  cm of small bowel proxi-
mal to the ileocecal valve), right colon (ileocecal valve, 
cecum, and ascending colon), transverse colon, left colon 
(descending and sigmoid colon), and rectum [15]. The 
gastroenterologists assessed and scored the ileocolono-
scopic findings for each segment according to SES-CD 
during endoscopy. Inflammatory activity was classified 
by SES-CD as: inactive (0–2), mild (3–6), or moderate-
severe (≥ 7) [15]. Discrepancies between reviewers were 
resolved by consensus reading. The final results were 
used for further statistical analyses.
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Computed tomography enterography examination and CT 
morphological features by radiologist
CTE imaging technique
CTE examinations were performed using a dual-source 
dual-energy CT scanner (Somatom Definition, Siemens 

Healthineers, Forchheim GER) with tube current mod-
ulation (Care-Dose 4D), tube voltages of 100 kVp (A 
tube) and Sn-filtered 140 kVp (B tube). All subjects were 
scanned in a supine position. Fasting for solid food with 
a time interval of 8 h before the CTE scan was requested 

Fig. 1 Flow diagram of the study population and radiomics workflow Note: CD = Crohn’s disease, LASSO = least absolute shrinkage and selection, 
DCA = decision curve analysis
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for each subject. Additionally, all subjects needed to 
drink 300 mL of mannitol (2.5%) every 15  min until a 
total of 1.5 L had been consumed within 60 min. Intrave-
nous contrast (Ultravist, Bayer, GA) was administered at 
a rate of 3 mL/s. Images at the axial direction with a slice 
thickness of 1 mm from the diaphragm to the pubic sym-
physis were acquired and sent to the picture archiving 
and communication system (PACS) (Carestream Health, 
Inc., Rochester, US). The CTE acquisition included the 
venous phase at 60 s after contrast administration.

CTE morphological analysis and model 
construction
There were five qualitative morphological features 
obtained by evaluating CTE:

(1) Bowel Wall Thickness: This feature is graded based 
on the thickness of the bowel wall as follows:

– Score 0: less than 3 mm.
– Score 1: mild thickness (3–5 mm).
– Score 2: moderate thickness (5–10 mm).
– Score 3: severe thickness (more than 10 mm).

(2) Lumen Stenosis: It is characterized by a reduc-
tion of 50% or more in luminal diameter compared 
with an adjacent loop, together with unequivo-
cal upstream dilation of the same loop (> 3  cm in 
caliber) [15]. It is graded as:

– Score 0: None.
– Score 1: Present.

(3) Mural Enhancement [15]:

– Score 0: Homogenous.
– Score 1: Asymmetric.
– Score 2: Stratified.

(4) Comb Sign is defined as segmental dilatation of the 
vasa recta involving a bowel loop [15]:

– Score 0: None.
– Score 1: Present.

(5) Fat Infiltration is defined as local and increased 
inhomogeneous attenuation in the perienteric fat, 
compared with the perienteric fat adjacent to non-
inflamed bowel loops [15]:

– Score 0: None.
– Score 1: Present.

A radiologist with 20 years of experience in abdominal 
CT, blinded to the endoscopic results, evaluated these 
five features and scored. These five morphological fea-
tures served as inputs for the multiple logistic regression 
analysis, and then a morphological model (M-score) was 
built.

Bowel segmentation and radiomics features extraction
Figure  1 illustrated the flow chart of our study. CTE 
venous phase images were used for lesion extraction. 
Volumes of interest (VOIs) were outlined along the 
contour of each lesion on each transverse section until 
the full lesion was captured excluding the intestinal 
lumen. A radiologist (reader 1, with 5 years of diagnos-
tic experience in abdominal imaging) manually deline-
ated three-dimensional (3D) VOIs using an open-source 
medical imaging software (3D-Slicer, version 5.5.0, 
https:// www. slicer. org) and was blinded to the results of 
ileocolonoscopy.

To standardize the voxel spacing across the cohort, all 
CT voxels were resampled to a dimension of 1 × 1 ×  1mm3 
before feature extraction. A fixed bin width of 25 Houns-
field units (HU) was used during the calculation of tex-
ture features. A total of 851 radiomics features were 
extracted, including shape, first-order, second-order, and 
wavelet-filter features.

To evaluate the inter- and intra-observer reproduc-
ibility of the extracted features, 30 segments randomly 
selected from the training cohort were segmented twice 
over a 4-week interval by another radiologist (reader 2, 
with 5 years of working experience in abdominal imag-
ing) with the same procedures. The intraclass correlation 
coefficients (ICCs) were calculated using a two-way ran-
dom effects model to determine inter- and intra-observer 
reliability. Only the features with an ICC of more than 
0.75 were included in further analysis.

Radiomics model and morphological radiomics nomogram 
construction
Firstly, a pair-wise correlation analysis was performed to 
remove redundant radiomics features using the “findCor-
relation” function from the R package “caret”, with the 
absolute correlation cutoff set at 0.9. Then, least abso-
lute shrinkage and selection (LASSO) logistic regression 
was adopted to select the most predictive radiomics fea-
tures from the training cohort [20]. The penalty param-
eter lambda determining feature selection was chosen 
by 10-fold cross-validation. Next, a radiomics signature 
score (Rad-score) was constructed with a linear com-
bination of selected features weighted by their respec-
tive coefficients. Finally, a nomogram by combining the 
M-score and the Rad-score with logistic regression was 
constructed.

https://www.slicer.org
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Statistical analysis
Continuous variables were presented as the mean ± stand-
ard deviation when it followed a normal distribution; 
otherwise, they were presented as the median (P25, P75). 
All categorical variables were summarized as numbers 
(percent) and compared using Fisher’s exact test. The 
diagnostic performance of the morphological model, the 
radiomics model, and the nomogram was evaluated using 
the area under the receiver operating characteristic (ROC) 
curve in both the training and testing cohorts. Delong 
method was employed to test the difference of the area 
under the ROC curves (AUC) among three models. Cali-
bration curves were applied to evaluate the performance 
of the nomogram. Decision curve analysis (DCA) was 
conducted to evaluate the clinical efficacy of the nomo-
gram by quantifying the net benefit at different threshold 
probabilities across the training and testing cohorts. Sta-
tistical analysis was performed using R software (version 
4.3.1, www.r- proje ct. org) with packages caret, glmnet, 
pROC, reportROC, rms, rmda, and survival. A two-sided 
P < 0.05 was considered significant.

Results
Patient characteristics
A total of 54 patients with 237 bowel segments were 
included in the study. According to the SES-CD, 237 
ileocolonic segments with CD lesions were classified as: 
inactive (n = 158), mild (n = 47), and moderate to severe 
(n = 32). The clinical features of patients were showed 
in Table 1. The stratified distributions of SES-CD scores 
were compared between the training and testing cohorts 
(Table  2). 166 segments in the training cohort and 71 

segments in the testing cohort were applied to differenti-
ate active from remissive disease, while 55 in the training 
cohort and 24 in the testing cohort were used to distin-
guish mild from moderate-to-severe active disease.

Development and validation of models and nomogram 
for discriminating inactive from active bowel segments
Morphological features selection and M‑score1 development
Bowel stenosis and comb sign were significantly associ-
ated with the activity of segments (P < 0.05). These two 
morphological features were included to build M-score1: 
−2.197 + 3.960×stenosis + 3.407×comb sign. The AUC 
was 0.870 (95% CI: 0.810–0.930) in the training cohort 
and 0.747 (95% CI: 0.638–0.855) in the testing cohort 
(Table 3).

Radiomics features selection and Rad‑score1 development
A total of 830 features with inter- and intra-observer 
ICCs of ≥ 0.75 were retained as factors for developing 
the radiomics model. Further reduction of pair-wise cor-
relations led to 494 independent features. After LASSO 
logistic regression from the training cohort (Fig.  2), 
three radiomics features with non-zero coefficients were 
selected to distinguish inactive from active segments. 
The Rad-score1 (inactive vs. active) was calculated by 
the following formula: −0.8875 + 0.9790×wavelet-LLL-
firstorder-Energy + 0.6177×wavelet-HLL-glszm-SizeZo-
neNonUniformity + 0.6542×original-firstorder-Median. 
The AUC for this model was 0.857 (95% CI: 0.797–0.918) 
in the training cohort and 0.828 (95% CI: 0.720–0.917) in 
the testing cohort (Table 3).

Although M-score1 outperformed Rad-score1 in differ-
entiating activities in the training cohort, the Delong test 
revealed no significant difference between the two mod-
els (P > 0.05).

Development and validation of combine‑model1 
and nomogram
We combined the M-score1 and Rad-score1 to construct the 
combine-model1: 0.4841 + 0.7422×M-score1 + 0.8732×Rad-
score1. The prediction performance of combine-model1 
achieved the optimal efficacy in bowel segments with an 
AUC, accuracy, sensibility, and specificity of 0.834 (95% 
CI: 0.728–0.940), 0.803, 0.692, 0.867 in the testing cohort 
respectively (Table 3). In both training and testing cohorts, 
the AUC of combine-model1 performed better than 
M-score1 (P < 0.05) (Table  5). A nomogram based on the 
combine-model1 was built to visualize the results (Fig.  2). 
The calibration curve of the nomogram indicated good pre-
dictive accuracy between the actual and predicted probabil-
ity. The DCA demonstrated a highly positive net benefit of 
the nomogram within a certain range (Fig. 3).

Table 1 Clinical factors of patients

CRP C-reactive protein level, ESR erythrocyte sedimentation rate, HBI Harvey-
Bradshaw, SES-CD simple endoscopic score for Crohn’s disease, IQR interquartile 
range, SD standard deviation

Clinical factors Statistics analysis

Age at CD diagnosis (year) (mean ± SD) 40 ± 12.1

Gender, n (%)

 Female 19 (35.1)

 Male 35(64.8)

Disease duration (years), median (IQR) 9 (5, 10)

Montreal location, n (%)

 Ileal (L1) 5 (9.2)

 Colonic (L2) 31 (57.4)

 Ileocolonic (L3) 18 (33.3)

CRP (mg/dL), median (IQR) 3.3 (0.5, 14.8)

ESR (mm/h), median (IQR) 16 (5, 32)

HBI, median (IQR) 5 (2, 9)

Total SES-CD, median (IQR) 6 (3, 12)

http://www.r-project.org
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Development and validation of models and nomogram 
for discriminating mild active from moderate‑to‑severe 
active bowel segments
Construction of three models
We used the same modeling process previously described 
to distinguish mild active from moderate-to-severe active 

bowel segments. The M-score2 (mild vs. moderate-to-
severe) was calculated as follows: −1.1787 + 1.0916×comb 
sign. One radiomics feature was included in Rad-score 2: 
−1.2670 + 1.3048×wavelet-HLL-glszm-SizeZoneNonUni-
formity. Subsequently, the combine-model2 was constructed 
with the combination of the M-score2 and the Rad-model2 

Table 2 Comparison of clinical data between training and testing cohort

SES-CD simple endoscopic score for Crohn’s disease

Active vs. inactive Mild vs. moderate‑to‑severe

Training cohort
n = 166

Testing cohort
n = 71

Training cohort
n = 55

Testing cohort
n = 24

Segments with SES‑CD score avail‑
able, n (%)

P = 0.988 P = 0.689

 Terminal ileum 25 (15.1) 12 (16.9) 11 (20.0) 6 (25.0)

 Right colon 33 (19.9) 14 (19.7) 17 (30.9) 8 (33.3)

 Transverse colon 32 (19.3) 15 (21.1) 7 (12.7) 2 (8.3)

 Left colon 38 (22.9) 15 (21.1) 13 (23.6) 3 (12.5)

 Rectum 38 (22.9) 15 (21.1) 7 (12.7) 5 (20.8)

Morphology features
 Bowel wall thickness, n (%) P = 0.462 P = 0.566

  0 62 (37.3) 25 (35.2) 1 (1.8) 1 (4.2)

  1 48 (28.9) 21 (29.6) 7 (12.7) 4 (16.7)

  2 30 (18.1) 18 (25.4) 22 (40.0) 12 (50.0)

  3 26 (15.7) 7 (9.9) 25 (45.5) 7 (29.2)

 Lumen stenosis P = 0.289 P = 0.941

  0 133 (80.1) 61 (85.9) 28 (50.9) 12 (50.0)

  1 33 (19.9) 10 (14.1) 27 (49.1) 12 (50.0)

 Mural enhancement P = 0.738 P = 0.632

  0 114 (68.7) 50 (70.4) 16 (29.1) 9 (37.5)

  1 51 (30.7) 20 (28.2) 38 (69.1) 15 (62.5)

  2 1 (0.06) 1 (1.4) 1 (1.8) 0 (0)

 Comb sign P = 0.030 P = 0.975

  0 124 (74.7) 53 (74.6) 25 (45.5) 11 (45.8)

  1 42 (25.3) 18 (25.4) 30 (54.5) 13 (54.2)

 Fat infiltration P = 0.267 P = 0.128

  0 102 (61.4) 49 (69.0) 8 (14.5) 7 (29.2)

  1 64 (38.6) 22 (31.0) 47 (85.5) 17 (70.8)

SES‑CD, n (%) P = 0.160 P = 0.719

 Inactive (0–2) 106 (63.9) 52 (73.2)

 Mild (3–6) 60 (36.1) 19 (26.8) 32 (58.2) 15 (62.5)

 Moderate-to-severe (≥ 7) 23 (41.8) 9 (37.5)

Table 3 Performance of models for differentiating active from inactive disease

models Training cohort Testing cohort

AUC (95%CI) Accuracy Sensitivity Specificity AUC (95%CI) Accuracy Sensitivity Specificity

M-score1 0.870(0.810–0.930) 0.892 0.774 0.947 0.747(0.638–0.855) 0.775 0.577 0.889

Rad-score1 0.857(0.797–0.918) 0.771 0.830 0.743 0.828(0.720–0.937) 0.789 0.769 0.800

Combine-model1 0.944(0.905–0.982) 0.916 0.868 0.938 0.834(0.728–0.940) 0.803 0.692 0.867
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as follows: −1.9143 + 1.0340×M-score2 + 1.3627×Rad-score2. 
The nomogram for differentiating mild activity from mod-
erate to severe activity was plotted based on the combine-
model2 (Fig. 4).

Performance comparison
Table 4  summarized the AUC, accuracy, sensibility, and 
specificity. The combine-model2 showed a favorable per-
formance with an AUC of 0.817 (95% CI: 0.676–0.958) 
in the training cohort and 0.781 (95% CI: 0.611–0.951) 
in the testing cohort. Moreover, the Delong test revealed 
that the difference was statistically significant between 
combine-model2 and both M-model2 and Rad-score2 
(both, P < 0.05, Table 5).

Calibration and clinical utility of models
Calibration plots and DCA of three models in the testing 
cohort for distinguishing mild activity from moderate-to-
severe activity were shown in Fig. 4.

Discussion
We used CTE images to develop and validate a radiom-
ics-based nomogram for identifying the activity of CD 
lesions. Our study demonstrated that in both the train-
ing and testing cohorts, the nomogram which combined 
imaging morphological features and radiomics features 
could accurately distinguish the severity of disease activ-
ity. It performed better than either a single radiomics 
model or evaluations made by a senior radiologist.

The CD has a variable clinical course, characterized by 
alternating periods of activity and remission [15]. Hence, 
it is essential to accurately and promptly assess the activ-
ity of CD, which can help clinicians in selecting appro-
priate treatments. The SES-CD score is the most reliable 
scoring tool for CD [21]. However, failure to intubate the 
ileum is a major challenge when using the SES-CD as a 
primary outcome in clinical trials [22]. CTE is an imaging 
method that can evaluate not only the whole gastrointes-
tinal tract involvement but also the extra-intestinal com-
plications noninvasively.

Our study focused on investigating the morphologi-
cal features associated with CD. Multi-logistic analysis 

Fig. 2 Screening of variables based on Lasso regression (a) and (b) are Lasso regression for predicting active and inactive disease, (c) and (d) are 
for mild and moderate-to-moderate activity. a and c are the variation characteristics of the coefficients of variables; (b) and (d) are the selection 
process of the optimum value of the parameter λ in the Lasso regression model by the 10-fold cross-validation method
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Fig. 3 The output of three models in distinguishing active from inactive disease (a-b) ROC of combine-model, radiomics-model, and morphology 
model in the training and testing cohort. c Calibration of three models in the testing cohort. d Decision curve analysis (DCA) of three models 
in the testing cohort. e Nomogram constructed by morphology radiomics combined model
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Fig. 4 The output of three models in distinguishing mild from moderate-to-severe activity (a-b) ROC of combine-model, radiomics-model, 
and morphology model in the training and testing cohort. c Calibration of three models in the testing cohort. d Decision curve analysis (DCA) 
of three models in the testing cohort. e Nomogram constructed by morphology radiomics combined model
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indicated that stenosis and comb sign were significantly 
correlated. Stenosis is the most often seen in patients 
with active inflammation, although fibrosis and inflam-
mation are often both present [15]. Comb sign results 
from increased blood supply and drainage of a small 
bowel segment [23]. Wu et  al. [24] reported that quan-
titative comb sign was effective in predicting CD activ-
ity, achieving an accuracy of 80% at the venous phase. A 
simplified CT enterography index of activity combined 
with mural thickness, mural stratification, and comb sign 
demonstrated a high and significant correlation with CD 
activity [25], with an AUC of 0.901. Our combined model 
surpassed this with an AUC of 0.944. In addition, Lopes 
et al. [26] found that endoscopic remission at 1-year fol-
low-up was significantly correlated with improvements in 
mural hyperenhancement, mesenteric fat densification, 
comb sign, and strictures observed in CTE. These results 
further validated the robustness of our morphological 
models.

Our radiomics model included these features: original-
firstorder-Median, wavelet-LLL-firstorder-Energy, wavelet-
HLL-glszm-SizeZoneNonUniformity. “Median” represents 
the median gray level intensity within the ROI. Previous 
studies confirmed that the mean normalized iodine den-
sity was highly sensitive and specific for endoscopic active 
inflammation in CD patients [27, 28]. It suggested that 
the gray level intensity was related to the activity of the 
disease, which was consistent with our results. The two 
other features were Wavelet-filter features. Prior research 
concluded that Wavelet-filter features revealed the het-
erogeneity of ROI and suggested a poor prognosis [29]. 
Ding et al. [13] also reported that an MR radiomics model, 
which included five Wavelet-filter features, could evaluate 

the inflammatory severity and was comparable to MaRIA 
evaluated by a senior radiologist. Similar to other radi-
omics studies [30–32], we constructed the nomogram by 
combining both morphological and radiomics features, 
achieving the best predictive ability in both training and 
testing cohorts.

To the best of our knowledge, few studies have 
developed a radiomics model based on CTE imag-
ing for assessing the disease activity. This preliminary 
study demonstrated that radiomics based on CTE 
could predict the inflammatory activity for ileocolonic 
CD, together with the morphological features could 
increase the accuracy of evaluation by radiologists. Fur-
thermore, the segment-to-segment research method 
offered a more precise evaluation and could provide 
detailed information about each bowel segment to 
clinicians, allowing for more tailored treatment for 
patients.

It should be recognized that our study had several 
limitations. Firstly, this study was a retrospective study 
with a small sample size, which highlights the need 
for prospective research involving more patients from 
multiple centers to validate these findings. Secondly, 
we must acknowledge that CTE causes more radia-
tion exposure to CD patients compared with MRE and 
ultrasonography, and more severely may lead to radi-
ation-induced cancer. However, due to its high spatial 
and temporal resolution, few artifacts, and objective 
images, CTE remains wildly used in clinical practice. 
It is crucial to optimize imaging methods to minimize 
radiation exposure while maximizing the effective-
ness of each CTE examination. Finally, we employed 
manual segmentation, which was time-consuming and 

Table 4 Performance of models for distinguishing mild from moderate-to-severe activity

models Training cohort Testing cohort

AUC (95%CI) Accuracy Sensitivity Specificity AUC (95%CI) Accuracy Sensitivity Specificity

M-score2 0.701(0.554–0.847) 0.692 0.765 0.636 0.627(0.474–0.780) 0.600 0.733 0.520

Rad-score2 0.755(0.590–0.921) 0.795 0.588 0.955 0.757(0.585–0.930) 0.825 0.533 1.000

Combine-model2 0.817(0.676–0.958) 0.795 0.706 0.864 0.781(0.611–0.951) 0.825 0.600 0.960

Table 5 The comparison among the three different models

a Delong test

Active vs. inactive Mild vs. moderate‑to‑severe

Training cohort Testing cohort Training cohort Testing cohort

M-score versus combine 0.002a 0.028a 0.040a 0.033a

Rad versus combine 0.001a 0.841 0.042a 0.055

Rad versus M-score 0.755 0.171 0.631 0.647
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labor-intensive. Therefore, it is essential to develop a 
high-throughput method for automatic segmentation 
of medical images in the future.

In conclusion, we developed a combined model based 
on CTE radiomics and morphological features to dif-
ferentiate the disease activity. The nomograms dem-
onstrated satisfactory clinical utility in distinguishing 
disease activity in patients with CD.
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