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Abstract

Background Crohn’s disease is a severe chronic and relapsing inflammatory bowel disease. Although contrast-
enhanced computed tomography enterography is commonly used to evaluate crohn’s disease, its imaging find-

ings are often nonspecific and can overlap with other bowel diseases. Recent studies have explored the application
of radiomics-based machine learning algorithms to aid in the diagnosis of medical images. This study aims to develop
a non-invasive method for detecting bowel lesions associated with Crohn's disease using CT enterography radiomics
and machine learning algorithms.

Methods A total of 139 patients with pathologically confirmed Crohn's disease were retrospectively enrolled in this
study. Radiomics features were extracted from both arterial- and venous-phase CT enterography images, represent-
ing both bowel lesions with Crohn’s disease and segments of normal bowel. A machine learning classification system
was constructed by combining six selected radiomics features with eight classification algorithms. The models were
trained using leave-one-out cross-validation and evaluated for accuracy.

Results The classification model demonstrated robust performance and high accuracy, with an area under the curve
of 0.938 and 0.961 for the arterial- and venous-phase images, respectively. The model achieved an accuracy of 0.938
for arterial-phase images and 0.961 for venous-phase images.

Conclusions This study successfully identified a radiomics machine learning method that effectively differentiates
Crohn's disease bowel lesions from normal bowel segments. Further studies with larger sample sizes and external
cohorts are needed to validate these findings.
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Introduction
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diagnosis plays a critical role in optimizing treatment
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and preventing complications. However, current diag-
nostic methods, such as invasive ileocolonoscopy, have
limitations and associated risks. This study introduces
a novel approach by utilizing contrast-enhanced com-
puted tomography (CT) enterography (CTE), along
with radiomics-based machine learning algorithms and
predictive modeling, to evaluate CD bowel lesions.

CTE is frequently employed in clinical practice to
evaluate CD due to its superior spatial resolution [1,
3, 9-13]. CTE images can help to assess transmural
bowel lesions, extraluminal disease, and lesions in the
proximal and middle ileum, which are either inacces-
sible or undetectable by ileocolonoscopy [14]. Typical
CTE findings associated with CD include bowel lumi-
nal narrowing, mural thickening, pre-stenotic dilation
[13, 15], mucosal hyperenhancement, and mesenteric
fat stranding [16]. However, these imaging findings can
overlap with other bowel diseases such as tumors, bac-
terial enteritis and ulcerative colitis. Therefore, further
research is necessary to enhance the accuracy of clini-
cally acquired CTE in identifying CD bowel lesions.

Radiomics involves computerized extraction of data
from medical images obtained during clinical practice
to evaluate unique imaging features that are impercep-
tible to the human eye, enabling differentiation between
normal and abnormal tissue [17, 18]. Radiomics-based
machine learning algorithms have been utilized to dis-
tinguish patients with CD from those without CD using
genomic information [19]. These computational meth-
ods have also been employed to assess remission [20],
predict genetic factors associated with risk, and char-
acterize the extra-intestinal manifestations of CD [21].
In the field of oncology, machine learning techniques
have been applied for tumor classification, grading, and
survival analysis [22—24]. Nonetheless, there is a dearth
of information regarding the utilization of radiomics
features from CTE images and machine learning algo-
rithms to for distinguishing CD lesions from normal
tissues.

Thus, this research endeavor seeks to develop a diag-
nostic tool by integrating radiomics-based machine
learning algorithms and predictive modeling. By extract-
ing data from clinically acquired CTE images, we aim to
identify distinctive imaging features that can accurately
differentiate CD lesions from normal bowel tissues.
Such a tool would prove invaluable for physicians lack-
ing extensive expertise in interpreting CD-related imag-
ing findings. Consequently, this study holds significant
promise in facilitating timely and accurate lesion recog-
nition for patients and ultimately improving treatment
outcomes. Moreover, it has the potential to broaden
the application of radiomics and machine learning in
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gastroenterology, a field where limited information exists
on their utility for distinguishing CD lesions.

Material and methods
Patient cohort and CTE acquisition
The experimental protocol was approved by ethics com-
mittee/Institutional Review Board of both Shenzhen
Baoan Women’s and Children’s Hospital and Zhuhai Peo-
ple’s Hospital. The need for informed consent was waived
by the ethics committee/Institutional Review Board of
Shenzhen Baoan Women’s and Children’s Hospital and
Zhuhai People’s Hospital, because of the retrospective
nature of the study. The study was conducted in accord-
ance with the ethical principles described in the 1964
Declaration of Helsinki and its amendments.

The inclusion criteria were:

1) Cases with enhanced CT images;
2) Cases with histology confirmed diagnosis of CD;
3) No prior history of any treatment.

A total of 139 patients spanning from 2010 to 2020,
met the preliminary selection criteria. The exclusion
criteria included the absence of arterial or venous phase
CTE images and insufficient image quality. However, no
cases were excluded based on these criteria.

CTE scans were conducted using either a 64-multide-
tector CT (MDCT) scanner (Discovery CT750HD, GE
Healthcare, Milwaukee, WI, USA) or a 128-slice dual-
source CT scanner (SOMATOM Definition Flash, Sie-
mens, Germany). Intravenous administration of 1.1 mL/
kg lopamidol (Lopamidol 370; Bracco Sine, Shang-
hai, P. T. China) at a rate of 3-6 mL/second (injection
time=18 s) through an antecubital vein was employed
for contrast. The MDCT scanning protocol encompassed
pre-enhancement scan, late arterial-phase (hereafter
refer as arterial-phase) and venous-phase scans. Details
on CTE scanning parameters are available in Supplemen-
tal Table 1. Imaging data were reconstructed using adap-
tive statistical iterative reconstruction (ASIR) at ADW
4.5 workstations (GE Healthcare, Milwaukee, W1, USA).
adhering to standardized patient preparation and imag-
ing acquisition protocols in line with consensus state-
ments for small bowel imaging [25].

Prior to undergoing CTE, all patients were required
to fasted for 6 h and ingested a 1500 mL 2.5% manni-
tol solution (Kelun Pharmaceutical, Sichuan, China) as
a negative enteric contrast. This was ingested in three
doses of 500 mL every 15 min, starting 45 min before
the CTE scan, to ensure adequate bowel luminal dis-
tension. Additionally, a rectal enema of 200-500 mL
of water was administered on the scanning bed, with
the volume adjusted according to patient tolerance.
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To minimize bowel peristalsis, patients without con-
traindications received an intramuscular injections
of 10 mg raceanisodamine hydrochloride (Minsheng
pharmaceutical, Hangzhou, P. R. China) 30 min before
the scan. The CTE images were subsequently retrieved
from the Picture Archiving and Communication Sys-
tem (PACS) in Shenzhen Baoan Women’s and Chil-
dren’s Hospital as well as Zhuhai People’s Hospital.

CTE image pre-processing and segmentation

For each patient’s CTE images, lesion delineation was
performed on a selected slice featuring the Crohn’s
disease (CD) lesion, along with two additional slices
showcasing normal colon tissues, across both arterial-
and venous-phase scans. ITK-SNAP, an open-source
software for 3D image analysis, facilitated the manual
segmentation of the bowel lesions associated with
CD and normal bowel tissues [26]. Regions of inter-
est (ROIs) encompassing primary disease components
were meticulously outlined on each CTE image by two
radiologists, QS and GH, with over a decade of collec-
tive experience in abdominal CT imaging. These radi-
ologists were unaware of the patients’ clinical details.
The study comprised 139 patients, with each patient’s
CTE scans including three normal and three lesion
areas in both arterial phase and venous phase.

Inter-observer (between radiologist 1 and radiolo-
gist 2) and intra-observer (radiologist 1 performing the
segmentation twice) reproducibility were assessed for
both lesion and normal bowel segments by calculating
inter- and intra-class correlation coefficients (ICC).
This evaluation utilized all available CTE images.
The segmentation was independently conducted by
two trained researchers, who were blinded to each
other’s work. Additionally, one researcher repeated
the segmentation within a week to measure consist-
ency. Generally, an ICC greater than 0.80 was con-
sidered indicative of good agreement in segmentation
accuracy.

Inter-observer (between radiologist 1 and radiolo-
gist 2) and intra-observer (radiologist 1 performing the
segmentation twice) reproducibility were assessed for
both lesions and normal bowel segments by calculat-
ing the inter- and intra-class correlation coefficients
(ICC). This evaluation utilized all CTE images. The
segmentation was independently conducted by two
trained researchers who blinded to each other’s work.
Additionally, one researcher repeated the segmenta-
tion within a week to measure consistency. Generally,
an ICC greater than 0.80 was considered indicative of
good agreement in segmentation accuracy.
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Radiomics feature extraction

Radiomics features were extracted from each ROI
using the Pyradiomics package (http://www.radio
mics.io/pyradiomics.html) for Python 3.7. Prior to
feature extraction, various filters—Logarithm, Square,
Laplacian of Gaussian (LoG), Exponential, Gradi-
ent, SquareRoot, Local Binary Pattern 2D (LBP2D),
and Wavelet—were applied to enhance the images.
For the LoG filter, sigma values were set to 1, 2, or 3
to vary the filter’s sharpness. The histogram bin width
was standardized was set to 20 for the discretization
of image gray levels. A minimum ROI size of 5 voxels
was required to ensure meaningful feature extraction.
Additionally, the Distance parameter, defining the
spacing from the center voxel to its neighbor for angles
generation, was adjusted to 1, 2, or 3, optimizing the
analysis of spatial relationships.

Feature selection and classification

Feature selection was conducted using various dimension
reduction methods, including Ridge Regression(linear
least squares with L2 regularization), Least Absolute
Shrinkage and Selection Operator (LASSO), Linear Sup-
port Vector Classifier (LinearSVC), Logistic regression,
Stochastic Gradient Descent Classifier (SGDClassifier),
and Random Forest Classifier (RFC). For classification,
we employed Adaptive Boosting Classifier (AdaBoost),
Gradient Boosting Classifier (GradBoost), Extreme Gra-
dient Boosting Classifier (XGBClassifier), Ridge Classi-
fier, SGDClassifier, RFC, Logistic Regression, LinearSVC,
and Support Vector Classifier (SVC). This analysis was
executed using Python 3.7 with scikit-learn version 0.21.3
and xgboost version 1.2.0. Both selection and classifica-
tion algorithms are sourced from the scikit-learn and
xgboost packages, applying the default parameters for
consistency. The Pipeline class from scikit-learn facili-
tated the integration of selectors and classifiers, along-
side data scaling and variance reduction as preprocessing
steps. A grid search employing a leave-one-out strategy
was utilized to systematically evaluate combinations of
algorithms. In the leave-one-out approach, each instance
is singularly used as the test set while the remainder form
the training set.

Analysis of selected radiomics features

We applied hierarchical clustering to visualize radiomics
features identified by best-performed models, encom-
passing 288 features for arterial-phase images and 286 for
venous- phase images. Initially, each feature underwent
z-score normalization, with the resulting score limited
to a range between -1 and 1. Hierarchical clustering was
then executed based on Euclidian distance to organize
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both samples and features. To compare each feature
between the two groups (Crohn’s disease versus control
normal bowel), we conducted the Wilcoxon signed-rank
test within the R statistical programming environment
(version 3.6.1). P-values were adjusted using Holm—Bon-
ferroni method to account for multiple comparisons.

Statistical analysis

The performance of classification models was evaluated
using the area under the receiver operating characteristic
curve (AUC) and accuracy metrics. A P-value of less than
0.05 was deemed statistically significant. Statistical anal-
yses were conducted in the R statistical programming
environment (version 3.6.1), utilizing the ’verification’
package (version 1.42) for this purpose. Furthermore, all
figures presented in this study were generated using R
(version 3.6.1).

The performance of classification models was evaluated
using the area under the receiver operating characteris-
tic curve (AUC) and accuracy metrics. A P-values of less
than 0.05 was deemed statistically significant. Statistical
analysis was conducted in the R statistical programming

environment (version 3.6.1), utilizing the ‘verification’

package (version 1.42) for this purpose. Furthermore, all
figures presented in this study were generated using R
(version 3.6.1).

Results

Patient information

Table 1 summarizes the demographic and clinical charac-
teristics of the study cohort, comprising 139 consecutive
patients (median age =37 years, age range =15-77 years).
The gender distribution included 36 females and 103
males. The majority, 62%, reported a history of smoking.
Diarrhea was the most common symptom, affecting 86%
of patients, followed by fever in 69%, and weight loss in
64%. Diagnosis was typically confirmed through enteros-
copy histology after three months from symptom onset
for most patients. According to the Montreal classifica-
tion of inflammatory bowel disease [27], the ileal (L1)
and ileocolonic (L3) regions were predominantly affected
locations. Notably, 110 of the 139 patients, exhibited the
"comb sign"—characterized by multiple tubular and tor-
tuous opacities in contrast-enhanced CT images of the
ileum [28] —suggesting mesenteric hypervascularity.

Radiomics feature extraction and classification algorithms

Both arterial- and venous-phase CTE images were col-
lected from the 139 patients (Table 1). Figure 1 describes
the workflow. A total of 1037 radiomics features were
extracted (Fig. 1B) and were evaluated with 54 machine
learning approaches using the combination of six feature
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Table 1 Clinical characteristics of the patients with Crohn’s
disease

Characteristics (n=139)

Median age at diagnosis, years 37 (range: 15to 77)

Gender

Female 36 (26%)

Male 103 (74%)
Smoking history

Yes 86 (62%)

No 53 (38%)
Symptom onset to diagnosis

<1 month 16 (12%)

1-3 months 35 (25%)

>3 months 88 (63%)
Clinical presentations

Fever 96 (69%)

Weight loss (>5 kg) 89 (64%)

Diarrhea 120 (86%)
Histology diagnosis made by

Enteroscopy 135 (97%)

Surgery 4 (3%)
Location of lesion, number of patients®

L1 36

L2 7

L3 32

L4 7

L1,L2,and L3 7

L1and L3

L3and L4 4

Undetermined 39
Disease behavior, number of patients °

B1 96

B2 35

B3 4

Undetermined 4

Thickness of bowel wall in mm, mean + Std 9.56+4.07

Luminal stenosis, n (%) 39 (28%)

Mural stratification, n (%) 53 (38%)

Comb sign, n (%) © 110 (79%)

Fibrofatty proliferation, n (%) 89 (64%)

@ Location of lesion (The Montreal classification): L1, terminal ileum (TI) without
colonic involvement; L2, colonic involvement without Tl involvement; L3,
ileocolonic disease involving both the Tl and colon; L4, disease proximal to the Tl
without Tl or colonic involvement

b Disease behavior: B1, non-stricturing and non-penetrating; B2 stricturing; B3
penetrating

¢ Comb sign: multiple tubular, tortuous opacities on contrast enhanced
computed tomography scan of the ileum

reductions and nine classifiers (Fig. 1C). We compared
the AUC and accuracy values for each group and ana-
lyzed radiomic features (Fig. 1D).
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Fig. 1 Workflow of Bowel Lesion Segmentation and Predictive Modeling Using CTE Images. a Segmentation of both bowel lesions and normal
bowel tissues using CTE images, highlighting the initial step in distinguishing pathological from healthy tissue. b Extraction of radiomics features
from the segmented areas, focusing on quantifying lesion characteristics. ¢ Selection of relevant features and application of machine learning
algorithm to refine the diagnostic model. d Development of predictive models and evaluation of their performance, with metrics such as the AUC
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LASSO, Least Absolute Shrinkage and Selection Operator; ROC, Receiver Operating Characteristic; SGD, Stochastic Gradient Descent; SVC, Support

Vector Classifier; XGB, Extreme Gradient Boosting

Figure 2 demonstrates the validation accuracy of vari-
ous feature selection and classification method using
leave-one-out cross-validation. For arterial-phase images,
the highest accuracy (0.9375) was achieved by the combi-
nation of Logistic Regression+ Logistic Regression and
RFC+ Logistic Regression. In contrast, for venous-phase
images, the combination of Logistic Regression + Logis-
tic Regression, LinearSVC + Logistic Regression, Logistic
Regression+ LinearSVC, and Ridge+ Logistic Regres-
sion reached the peak performance with an accuracy
of 0.9615. The results of Logistic Regression+ Logistic

Regression for both arterial- and venous-phase images
are further illustrated in Fig. 3.

A total of 107 features without filters was
extracted including shape features (n=14), inten-
sity features(n=18), Gray Level Cooccurrence Matrix
(GLCM) features (n=24), Gray Level Dependence
Matrix (GLDM) features (n=14), Gray Level Run Length
Matrix (GLRLM) features (n=16), Gray Level Size Zone
Matrix (GLSZM) features(n=16) and Neighboring
Gray Tone Difference Matrix (NGTDM) features(n=>5).
Without these filters, our model achieved a good
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Fig. 2 Evaluation of Machine Learning Models Using Arterial- and Venous-Phase Images. This figure presents the accuracy assessment
and heatmaps for the machine learning models, utilizing leave-one-out cross-validation. It compares the performance on arterial-phase images
(left) and the venous-phase images (right), illustrating the predictive accuracy and pattern recognition capabilities of each model in different

imaging phases
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Fig. 3 Comparative Performance of Machine Learning Methods Using ROC Curves and AUC Values. This figure depicts the evaluation of machine
learning methods through ROC curves and AUC metrics for arterial-phase images (left) and venous-phase images (right). The comparison highlights

the diagnostic ability of each method across different imaging phases

performance, with accuracy of 0.91 and 0.86 for the arte-
rial- and venous-phase images, respectively. After imple-
menting the filters such as Logarithm, Wavelet, Square,
LoG, Exponential, Gradient, Square Root, and LBP2D,
the model performance was improved, and the accuracy
was increased to 0.94 and 0.96. The results suggested that
modifying the CTE images with filters could enhance the
extraction of radiomics information [29, 30].

Reproducibility of CTE image segmentation

The inter-observer ICCs for all image ROIs for reader
1 and reader 2 were 0.933+0.025 and 0.927 +0.032 for
arterial- and venous-phase scans, respectively (Supple-
mental Tables 2). The intra-observer ICCs for all nor-
mal tissues and CD lesions for reader 1’s first and second
evaluations were 0.987 +0.004 and 0.986+0.005 for the
arterial- and venous-phase scans, respectively (Supple-
mental Tables 3). We used the following additional con-
sistency tests for CD bowel lesions and normal bowel:
DICE (Dice Coefficient), VOLSMTY (Volumetric Simi-
larity Coefficient) and JACRD (Jaccard Coefficient), and
the results indicated good reproducibility (Supplemental
Tables 2-3).

Radiomics feature clustering

Clustering analysis of the radiomics features from the
CTE images for both arterial- and venous-phase images
showed that lesions and normal bowel have distinct dif-
ference in radiomics features(Fig. 4). The radiomics
features, including shape-based, gray level-based, and
intensity-based features, reflected the intrinsic differ-
ential imaging features between CD bowel lesions and

normal bowel on contrast-enhanced CTE images. Most
features selected were significantly different between
groups as determined by the Wilcoxon test. The top
10 significant radiomic features are shown in Table 2.
Among these features, the first feature represented the
shape feature, indicating that lesion size plays a crucial
role in CD. GLDM features (2 to 5 in the ranking), rep-
resenting the second-order statistics of images, showed
significant values for model classification. These features
emphasized the spatial relationships of lesion pixels and
their neighborhoods.

Discussion

In this study, we combined radiomics and machine learn-
ing methods to distinguish CD bowel lesions from nor-
mal bowel. Our machine learning models reached an
AUC of over 0.93 and an accuracy of over 0.93 for both
the arterial-phase and venous-phase images. Thus, our
pilot data showed that CTE radiomics may be a poten-
tially useful method to improve the non-invasive diagno-
sis and monitoring of CD.

Typical CT imaging features for CD include thickening
and unusual enhancement of the bowel wall, bowel stric-
ture, and extraluminal changes, which correlates with
active inflammation and response to therapy [9, 31-35].
However, it can be challenging to identify these features
on bowel segments with CD lesions, especially in the less
distended bowel or collapsed bowel, which may mimic
soft tissue masses. Our results indicate that CTE radi-
omics and machine learning algorithms could be help-
ful to distinguish the diseased bowel with CD from the
collapsed normal bowel. This should not be surprising as
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images (right). Significance is determined by an adjusted Wilcoxon p value, with a threshold of < 0.05 indicating significance and > 0.05 indicating

non-significance

Table 2 Top 10 significant radiomic features selected in the predictive models

Feature source Feature name P-value Wilcox statistics Adjusted-P Mean sD

Arterial phase  original shape Maximum2DdiameterRow 0.00026491 1172 6.50e-04 27.76700798 11.07093432
Arterial phase  Ibp-2D gldm DependenceEntropy 6.9297E-08 1332 9.19e-07 3.627823454 0.690042936
Arterial phase  Ibp-2D gldm LargeDependenceEmphasis 2422E-06 328 1.02e-05 1823.879162 196.5698259
Arterial phase  Ibp-2D gldm LargeDependenceHighGrayLevelEmphasis  2.9176E-07 1309 1.95e-06 1355.76384  944.8137645
Arterial phase  Ibp-2D gldm LargeDependencelowGraylLevelEmphasis ~ 8.8983E-05 402 2.50e-04 1145433246 226.7343427
Arterial phase  squareroot glszm ZoneEntropy 6.9297E-08 1332 9.19e-07 544181741  0.540545674
Arterial phase  logarithm gldm DependenceEntropy 6.495E-08 1333 9.19e-07 6.304725307 0.607748159
Arterial phase  wavelet-HL firstorder 90Percentile 2.1525E-07 1314 1.67e-06 10.6712064  9.586738546
Arterial phase  wavelet-HH glszm GrayLevelNonUniformity 1.8803E-07 1342 1.50e-06 18.38896654 11.10963088
Arterial phase  wavelet-LL firstorder RobustMeanAbsoluteDeviation 5.9451E-07 1297 3.35e-06 18.38628947 6411283722
Venous phase  original shape Maximum2DdiameterRow 0.00400135 1046 741e-03 2894012286 10.50962803
Venous phase  Ibp-2D gldm DependenceEntropy 2.9156E-07 1250 2.19e-06 3.599582042 0.688791176
Venous phase  |bp-2D gldm LargeDependenceEmphasis 5.7008E-06 322 2.42e-05 1835.016931 183.9222846
Venous phase  Ibp-2D gldm LargeDependenceHighGraylLevelEmphasis  0.00013022 386 3.64e-04 1194.078438 241.9314389
Venous phase  Ibp-2D gldm LargeDependencelLowGraylLevelEmphasis ~ 9.1941E-06 1190 3.59e-05 121599752  633.5716877
Venous phase  squareroot gldm LargeDependenceHighGrayLevelEm- 3.306E-07 1248 2.39%e-06 4625293852 53311.24276

phasis

Venous phase  squareroot glszm ZoneEntropy 2.7373E-07 270 2.17e-06 4572723736 6931.740139
Venous phase  logarithm gldm DependenceEntropy 8.2496E-09 1302 1.24e-07 6.088002214 0.773459549
Venous phase  wavelet-LL firstorder InterquartileRange 3.686E-06 1207 1.73e-05 4282224848 115787774
Venous phase  wavelet-HL firstorder 90Percentile 2.3946E-06 288 1.18e-05 1265935559 9.567709839
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radiomics could extract many features reflective of the
underlying CD pathology including intensity-related fea-
tures, shape-based features, and texture features, which
are not visible to human eyes through conventional radi-
ological assessment.

Our strategy for model building and performance test-
ing were generally in line with existing literature. Previ-
ous studies have explored the prognostic capabilities
of radiomic features for CD and other bowel pathology
such as cancer [17, 36, 37]. Feature selection and pre-
dictive modeling are critical for high throughput data-
driven radiomics [22]. For instance, Ryan et al. assessed
small bowel structure and morphology in CD using semi-
automated radiomic measures with an accuracy of 0.876
[38]. Feng et al. built a radiomic model for characterizing
intestinal fibrosis in CD and the model was robust across
different medical centers [39]. Yi et al. used support vec-
tor machine algorithm combined with LASSO or RFC
to regress radiomics and traditional radiological-clinico-
pathological data for predicting locally advanced rectal
tumor response to neoadjuvant chemoradiotherapy with
high performance [40]. In our study, we tested different
combinations of feature selection and classification algo-
rithms to achieve optimal performance for detection of
CD bowel lesion. In addition, our study was unique in
that we extracted radiomic features from CTE, which
provided more details about the bowel pathology than
routine conventional CT scan of the abdomen and pelvis.

In this study, we evaluated 6 feature selection methods
and 9 classification methods and we found all selection
methods with the classifier LogisticRegression achieved
relatively high performance for both the arterial- and the
venous-phase CTE images and all classifier with Logis-
ticRegression as feature selection methods also achieved
relatively high performance. However, the predictive per-
formance of RFC was not optimal compared with other
classifiers in our study although RFC has been frequently
used as a robust algorithm in machine learning research
[41, 42]. A similar finding has been reported by Sun et al.
[43], which showed that RFC had lower performance
than the XGBClassifier and gradient boosting decision
tree (GBDT) for glioma grading differentiation. We spec-
ulate the less powerful performance of RFC in our study
may be due to specific bowel pathology associated with
CD.

In Table 2, we listed the top 10 radiomics features
contributing to the model classification performance.
These features showed high values in lesion recognition,
however, the practical interpretations and correlations
with clinical and biological characteristics still needed
to be explored deeply. In this study, the selected fea-
tures included the shape and texture features. For
shape features, they provided the lesion compactness
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(2D-diameter in Table 2), which prompt clinicians to
carefully observe details such as the size and length of
suspicious lesions. This, in turn, underscores the impor-
tance for radiologists to meticulously identify ROI. As for
the texture features [44] they mainly describe the image
pixel information and their spatial and gray-level rela-
tionships. Due to the focus of these features mainly on
the images themselves, we still need to further explore
their potential clinical and biological significance [45] in
relation to patient course and CD-related pathological
biomarkers in our subsequent research under the guid-
ance of the criteria [46]. Nevertheless, our model’s high
validation performance underscores its significant clini-
cal utility in assisting doctors to identify potential lesions
in intestinal CT scans.

There were several limitations to this study. First, this
was a retrospective study with a modest sample size, lim-
iting the generalizability of the results. Our data will need
to be validated in a large multicenter study [47]. Further
prospective researches are warranted to broaden the clin-
ical applicability and enhance the generalizability of the
model. Secondly, our study aimed to distinguish severe
CD bowel lesions, specifically ulcerated lesions from nor-
mal bowel. Future work to test the performance of these
algorithms for less severe CD lesions that do not exhibit
ulcerations. This is particularly important as CD lesions
can vary in severity, especially in the early stage of the
disease. Thirdly, it is worth noting that our model did not
take into account for confounding clinical variables, such
as disease grading, progression, treatment regimen and
survival information. Future studies should explore how
these clinical variables and other multi-omics features
may affect the model performance. And we only imple-
mented the radiomics features for CD lesion recognition.
The interpretation between the features and clinical fac-
tors will be investigated. Lastly, deep learning algorithms
might generate additional useful data for identification of
CD, and these should be tested in the future studies [48,
49]. Lastly, the labeling of involved and uninvolved bowel
segments was manually performed by two independent
radiologists. This approach is not as accurate as diagnosis
based on biopsy. In order to improve the accuracy of the
segmentation, we evaluated the inter-observer reproduc-
ibility between the two radiologists and applied stringent
criteria to filter the segmentation results. Future stud-
ies using histology-confirmed lesion labels could further
increase the accuracy of the model.

Conclusions

In summary, we developed a classification model vali-
dated to distinguish between diseased and normal bowel
in CD patients using radiomics features extracted from
CTE images and grouping machine learning selection
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and classification algorithms. The model achieved high
validation performance with AUC for arterial-phase and
venous-phase images. In the future, we will expand the
robustness of the model by correlating the features to
clinical factors, and multi-center and prospective studies
will be conducted to facilitate our model application in
clinical practice.
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AUC Area under the curve

cD Crohn’s disease

cT Computed tomography

CTE Computed tomography enterography

ROI Region of interest

ICC Inter- and intra- class correlation coefficients
LoG Laplacian of Gaussian

LBP2D Local Binary Pattern 2D

LASSO Least absolute shrinkage and selection operator
SVC Support vector classifier

SGD Stochastic gradient descent

RFC Random forest classifier

GradBoost Gradient boosting classifier

AdaBoost Adaptive boosting classifier

XGBClassifier  Extreme gradient boosting classifier

GLCM Gray level cooccurrence matrix

GLDM Gray level dependence matrix

GLRLM Gray level run length matrix
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NGTDM Neighboring gray tone difference matrix
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