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Abstract

BACKGROUND

The study on predicting the differentiation grade of colorectal cancer (CRC) based
on magnetic resonance imaging (MRI) has not been reported yet. Developing a
non-invasive model to predict the differentiation grade of CRC is of great value.

AIM
To develop and validate machine learning-based models for predicting the differ-
entiation grade of CRC based on T2-weighted images (T2WI).

METHODS

We retrospectively collected the preoperative imaging and clinical data of 315
patients with CRC who underwent surgery from March 2018 to July 2023. Patients
were randomly assigned to a training cohort (n = 220) or a validation cohort (n =
95) at a 7:3 ratio. Lesions were delineated layer by layer on high-resolution T2WI.
Least absolute shrinkage and selection operator regression was applied to screen
for radiomic features. Radiomics and clinical models were constructed using the
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multilayer perceptron (MLP) algorithm. These radiomic features and clinically relevant variables (selected based
on a significance level of P < 0.05 in the training set) were used to construct radiomics-clinical models. The
performance of the three models (clinical, radiomic, and radiomic-clinical model) were evaluated using the area
under the curve (AUC), calibration curve and decision curve analysis (DCA).

RESULTS

After feature selection, eight radiomic features were retained from the initial 1781 features to construct the
radiomic model. Eight different classifiers, including logistic regression, support vector machine, k-nearest
neighbours, random forest, extreme trees, extreme gradient boosting, light gradient boosting machine, and MLP,
were used to construct the model, with MLP demonstrating the best diagnostic performance. The AUC of the
radiomic-clinical model was 0.862 (95%CI: 0.796-0.927) in the training cohort and 0.761 (95%ClI: 0.635-0.887) in the
validation cohort. The AUC for the radiomic model was 0.796 (95%CI: 0.723-0.869) in the training cohort and 0.735
(95%ClI: 0.604-0.866) in the validation cohort. The clinical model achieved an AUC of 0.751 (95%ClI: 0.661-0.842) in
the training cohort and 0.676 (95%CI: 0.525-0.827) in the validation cohort. All three models demonstrated good
accuracy. In the training cohort, the AUC of the radiomic-clinical model was significantly greater than that of the
clinical model (P = 0.005) and the radiomic model (P = 0.016). DCA confirmed the clinical practicality of
incorporating radiomic features into the diagnostic process.

CONCLUSION

In this study, we successfully developed and validated a T2WI-based machine learning model as an auxiliary tool
for the preoperative differentiation between well/moderately and poorly differentiated CRC. This novel approach
may assist clinicians in personalizing treatment strategies for patients and improving treatment efficacy.

Key Words: Radiomics; Colorectal cancer; Differentiation grade; Machine learning; T2-weighted imaging
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Core Tip: In this study, a T2-weighted imaging-based radiomic-clinical machine learning model was developed to preoper-
atively predict the histological grade of colorectal cancer (CRC). The model showed good performance in both the training
and validation cohorts. It provides an effective tool for accurately assessing the differentiation grade of CRC tissue before
surgery, which is highly important for selecting the best treatment plan and predicting patient prognosis.
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INTRODUCTION

Colorectal cancer (CRC) is the third most common malignant tumour in the world and the second leading cause of
cancer-related deaths[1]. The global burden of CRC continues to surge due to its escalating incidence rate[2]. It is now
understood that colorectal adenocarcinoma originating from epithelial cells accounts for more than 90% of CRC cases[3],
and its histological grade is closely related to the prognosis in this patient population[4]. There is an increasing consensus
suggesting that differentiation grade is an important prognostic factor[5-7]. According to the World Health Organization
criteria, adenocarcinoma can be classified as well differentiated, moderately differentiated, or poorly differentiated based
on the differentiation grade/formation of glands in tissue sections[8]. Accordingly, tumours with a glandular formation
ratio less than 50% can be classified as high-grade (poorly differentiated), while tumours with a glandular formation ratio
greater than 50% are classified as low-grade (well-differentiated or moderately differentiated)[4]. Although poorly differ-
entiated adenocarcinoma accounts for only 4.8% to 23.2% of colorectal adenocarcinomas, it is associated with a high risk
of metastasis and poor prognosis[9,10]. Currently, surgery remains the mainstay of curative treatment for CRC[11].
Related studies have shown differences in the biological behaviour and chemotherapeutic sensitivity of digestive tract
tumours with different differentiation grade[12]. Huang et al[13] suggested that in locally advanced nonmucinous rectal
cancer patients, poorly differentiated cancer patients who received neoadjuvant radiotherapy and chemotherapy
experienced poorer responses to neoadjuvant chemotherapy and poorer prognoses than patients with moderately differ-
entiated or well-differentiated cancer. Accurately assessing the differentiation grade of colorectal adenocarcinoma tissue
before surgery is important for selecting the optimal treatment plan and predicting patient prognosis. In clinical practice,
most patients are diagnosed with CRC according to their histological grade through preoperative endoscopic biopsy.
However, due to intratumoral heterogeneity and limited tissue sample sizes, some patients may not receive an accurate
histological grade or may even have a grade inconsistent with postoperative pathology, presenting substantial challenges
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for personalized medicine and biomarker development[14].

Compared with invasive procedures, noninvasive preoperative imaging data can accurately predict lymph node
metastasis, histological grade, and neoadjuvant therapy efficacy[15-17]. In recent years, there has been an increasing
consensus on the advantages of magnetic resonance imaging (MRI) for diagnosing and treating CRC patients; MRI has
been established as the most important imaging technology for rectal cancer, and T2-weighted imaging (T2WI) is the core
sequence of MRI scanning protocols[18]. Nevertheless, during clinical practice, accurate prediction of the histological
grade of CRC through visual MRI assessment has not been performed. In the past few years, there has been burgeoning
interest in radiomics, which involves extracting high-throughput quantitative features from medical images and
analyzing and further decoding tumour heterogeneity, making it possible to predict tumour histological grade
noninvasively before surgery[19].

This study was designed to explore whether T2WI tumour radiomic analysis could be used to accurately develop and
validate machine learning models to predict the differentiation grade of CRC, thereby providing practical tools for
developing personalized treatment strategies.

MATERIALS AND METHODS

Patients

This study retrospectively included 315 CRC patients who underwent enhanced MRI and surgical treatment between
March 2018 and July 2023. All patients underwent enhanced MRI scans within two weeks before surgery. The inclusion
criteria were as follows: (1) Patients diagnosed with either high-grade (poorly differentiated) or low-grade (well-differen-
tiated and moderately differentiated) colorectal adenocarcinoma based on postoperative pathology; (2) patients with a
tumour lesion that is observable on MRI; and (3) patients who underwent surgical treatment for CRC. The exclusion
criteria were as follows: (1) Received preoperative radiotherapy and chemotherapy; and (2) poor MRI image quality.
Ethical approval for this study was obtained from the Ethics Committee of The Second Affiliated Hospital of Fujian
Medical University.

The included study subjects were assigned to two groups at a 7:3 ratio: the training group (n = 220) and the validation
group (n = 95). Moreover, the clinical features collected in this study included age, sex, carcinoembryonic antigen (CEA),
carbohydrate antigen 199, differentiation grade, tumour occupying the circumference of the bowel, tumour location
(right: ascending and transverse colon, left: descending colon, sigmoid colon, and rectum), CRC T stage, CRC N stage,
neural invasion, and vascular invasion. The differentiation grade was selected as the primary outcome of our study.

Imaging protocol

All patients were examined with a Philips 3.0T MRI system (Achieva, Philips Healthcare, Best, the Netherlands) using a
body coil. Patients fasted for 4-6 h before examination. The patients were placed in the supine position. The cross-
sectional T2WI parameters were as follows: TR/TE = 4000/80 MS, FOV =180 mm x 180 mm, number of excitations = 2-4,
layer spacing = 2 mm, and layer thickness = 3.0 mm.

Data cohorts
For clinical features, we utilized independent sample ¢ tests for normally distributed data, Mann-Whitney U tests for
nonnormally distributed data, and Chi-square tests for counting data to compare the clinical features among patients.

Lesion segmentation and radiomic feature extraction

The workflow of T2WI-based radiomic analysis included lesion segmentation, feature extraction, feature selection, and
model construction (as illustrated in Figure 1). MRI images of patients were downloaded in DICOM format and imported
into the Darwin research platform (https:/ /arxiv.org/abs/2009.00908). Tumour contours were manually delineated slice
by slice on T2WI to define the regions of interest (ROI). A radiologist with five years of experience meticulously marked
the ROI boundaries, which were subsequently reviewed and refined by abdominal radiology experts with 20 years of
experience. Figure 2A shows an example of a primary CRC lesion on a specific level of a T2WI oblique axis image, while
Figure 2B shows the manual delineation of CRC lesions on this level using image processing software. The participating
doctors were blinded to the pathological findings. In cases of disagreement regarding the outlined results, they engaged
in discussions to reach a consensus.

Upon completion of lesion segmentation, a comprehensive set of 1781 features were extracted from each ROI using an
in-house feature analysis program implemented in PyRadiomics (http://PyRadiomics.readthedocs.io). Figure 3A shows
the proportion of each feature category, while Figure 3B shows all the features and their corresponding P values. These
features were classified into three groups: (1) Shape features; (2) first-order features; and (3) texture features. Geometric
features were used to describe the three-dimensional shape characteristics of the tumours. Intensity features characterize
the first-order statistical distribution of voxel intensity within tumours. Texture features were used to describe patterns or
second-order and higher-order spatial distributions of intensity. The texture features included methods such as a
grayscale co-occurrence matrix (GLCM), a grayscale run length matrix (GLRLM), a grayscale size region matrix (GLSZM),
a neighbourhood grayscale difference matrix (NGTDM), and a grayscale dependency matrix (GLDM).

Feature selection
First, the dataset was Z score normalized. We subsequently conducted Mann-Whitney U test-based statistical testing and
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Figure 1 Workflow of the study. The workflow for constructing a machine learning model based on T2-weighted images to predict the differentiation degree of colorectal cancer patients included segmentation, feature extraction, feature selection,
model construction and validation. ROI: Region of intrest; CV: Cross validation; MSE: Mean square error; ROC: Receiver operating characteristic; DCA: Decision curve analysis; GLCM: Grayscale co-occurrence matrix; GLRLM: Grayscale run length
matrix; GLSZM: Grayscale size region matrix, NGTDM: Neighbourhood grayscale difference matrix; GLDM: Grayscale dependency matrix.
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Figure 2 Examples of labelled lesions. A: Primary lesions of colorectal cancer (CRC) on oblique axial T2-weighted images; B: The primary tumour of CRC was
drawn at this level, and the range of the red curve indicates the range of the primary tumour at this level.
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Figure 3 Distribution of radiomic features. A: The number and proportion of extracted radiomic features; B: Violin plots showing all features and
corresponding P values, which help us observe the centralized trend and dispersion of the data. GLCM: Grayscale co-occurrence matrix; GLRLM: Grayscale run
length matrix; GLSZM: Grayscale size region matrix, NGTDM: Neighbourhood grayscale difference matrix; GLDM: Grayscale dependency matrix.

feature screening on all the radiological features. Only features with P < 0.05 were retained. For radiological features with
high repeatability, the Spearman rank correlation coefficient was used to calculate the correlation between features, and
features with a correlation coefficient greater than 0.9 between any two features were retained. The greedy recursive
deletion strategy for feature filtering was used to maximize the retention of descriptive features, with 32 features
ultimately being retaining. We applied the least absolute shrinkage and selection operator (LASSO) algorithm to identify
the most informative radiomic features closely related to the differentiation grade. Using a minimum standard of 10-fold
cross-validation, we retained nonzero coefficient features for regression model fitting and the formation of radiomic
features. Subsequently, each patient's radiomics score (Rad-score) was obtained by using machine learning algorithm.
Python scikit-learn was used for LASSO regression modelling.

Radiomics signature construction

After the final features were obtained by LASSO regression, they were incorporated to build the model using machine
learning with the following methods: Logistic regression (LR), support vector machine (SVM), k-nearest neighbour
(KNN), random forest (RF), extra trees (ET), extreme gradient boosting (XGBoost), light gradient boosting machine
(LightGBM), multilayer perceptron (MLP). Fivefold cross-validation was employed to obtain the final Radiomics
signature.

Clinical signature construction

The approach used to establish the clinical signatures was similar to that used to establish the radiomic signatures. We
initially selected features with P < 0.05 through baseline statistics. The same machine learning model was used during the
clinical model construction process. Fivefold cross-validation was also applied, and a validation cohort was established.
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Statistical analyses

The enumeration data were analyzed using the Chi-square test, independent sample ¢ tests were used for normally
distributed continuous variables, and Mann-Whitney U tests were employed for nonnormally distributed data. A clinical-
radiomics nomogram was established by combining radiomics and clinical features. Model performance was assessed by
quantifying the area under the curve (AUC) of the receiver operating characteristic (ROC) curve. Calibration curves were
generated to evaluate the calibration effect of the models, and the Hosmer-Lemeshow test was employed for fitting
analysis to assess the calibration of the models. Additionally, decision curve analysis (DCA) was applied to evaluate the
clinical practicality of the model.

RESULTS

Clinical features

A total of 315 study subjects were included, comprising 266 patients with well/moderately differentiated CRC and 49
patients with poorly differentiated CRC. The training cohort comprised 220 CRC patients, including 32 with poorly
differentiated disease and 188 with well/moderately differentiated disease. The validation cohort included 95 CRC
patients, including 17 with poorly differentiated disease and 78 with moderately/well differentiated disease. The clinical
characteristics of the patients in the training and validation cohorts are summarized in Table 1. As shown in Table 1,
significant differences between the poorly differentiated group and the well/moderately differentiated group were
observed in the training cohort in terms of neural invasion, vascular invasion, extent of tumour involvement in bowel
circumference, and N staging. No significant differences were found in the other variables. There were no significant
differences in clinical features except for N stage in the validation cohort.

Feature extraction process

In this study, the extracted features included 14 shape features, 342 first-order features, and 1425 texture features. There
are five types of texture features, including 266 GLDM features, 304 GLSZM features, 95 NGTDM features, 304 GLRLM
features and 456 GLCM features. A total of 1781 radiomic features were extracted from the ROlIs.

Establishment and performance of the radiomics model

Nonzero coefficient features were selected to establish Rad-scores for logistic regression models utilizing the LASSO
algorithm. The coefficients and mean standard error for 10-fold cross-validation are depicted in Figure 4. After LASSO
regression, eight features with nonzero coefficient values remained (details are shown in Figure 5). All the selected
features were used to construct the radiomics model. The optimal model was determined by comparing radiomic features
with various classifiers, including LR, SVM, KNN, RF, ET, XGBoost, LightGBM, and MLP (Figure 6). A comparison of the
models revealed that the MLP model performed better in the training cohort (AUC = 0.796; 95%CI: 0.723-0.869) and the
validation cohort (AUC = 0.735; 95%CI: 0.604-0.866) because the AUC of the machine learning algorithms, including
SVM, KNN, RF, ET, XGBoost and LightGBM, were overfitted, and the AUC of the MLP was greater than that of the LR;
thus, the MLP showed the best discrimination and the best prediction stability (as shown in Figure 6 and Table 2).

Establishment and presentation of clinical models and radiomic-clinical models
Our clinical model was constructed based on the characteristics with P < 0.05 in the training cohort (Table 1), including
tumor occupying intestinal circumference, N stage, neural invasion, and vascular invasion.

We integrated the clinical prediction model with the radiomic model and utilized the logistic regression algorithm to
create a nomogram, which demonstrated the optimal AUC as shown in Figure 7. As shown in Figure 8 and Table 3, the
clinical-radiomics model exhibited an AUC of 0.862 (95%CI: 0.796-0.927) in the training cohort and 0.761 (95%CI: 0.635-
0.887) in the validation cohort. The Delong test was used to compare clinical characteristics, radiomic features, and the
nomogram. Clinical, radiomic, and clinical-radiomic model ROC analyses revealed that the nomogram in the training
cohort outperformed the clinical model and radiomic model. The P value of the Delong test was < 0.05, indicating
statistical significance. In the validation cohort, the AUC of the nomogram was greater than that of the clinical model and
radiomic model, but the P value of the Delong test exceeded 0.05, indicating that although there were variations in the
AUG, the differences were not significant.

We assessed the calibration of the clinical models, radiomic models, and nomograms using the Hosmer-Lemeshow test.
The calibration curves for the radiomic and clinical models displayed good agreement between the predicted and
observed values in both the training and validation cohorts (Figure 9). However, the radiomic-clinical model exhibited
comparatively weaker consistency. In this study, the clinical utility of the model was evaluated using DCA as shown in
Figure 10. DCA indicated that in most cases, these models had a net clinical benefit.

DISCUSSION

Tumour differentiation grade is an independent prognostic factor for CRC, and the possible subjectivity and interob-
server variability that may attend its determination is of concern[5]. Colonoscopy biopsy may provide some insight into
tumour histological grade, but its overall accuracy is limited (less than 0.447), in contrast to the higher accuracy observed
in our radiomic model[15]. Preoperative evaluation of the CRC differentiation grade has guiding importance for clinical
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Table 1 Clinical features and baseline characteristics of patients in the cohorts

Training cohort Validation cohort

Variable P value P value
Poor Well/moderate Poor Well/moderate
Age (yr) 59.41 +11.26 63.38 +11.07 0.072 58.12 +9.63 61.95 +11.79 0.148
CEA (ng/mL) 16.65 + 30.56 20.94 + 61.37 0.319 2413 +51.84 20.94 +75.57 0.446
CA199 (U/mL) 55.95 +101.64 41.13 £115.48 0.174 28.74 + 36.85 26.32 + 58.41 0.349
Size (cm) 4.26 +1.90 4.65+1.59 0.252 4.24+223 4.88 +1.85 0.067
Gender 0.963 0.777
Male 18 (56.25) 110 (58.51) 9 (52.94) 47 (60.26)
Female 14 (43.75) 78 (41.49) 8 (47.06) 31 (39.74)
Location 0.24 0.947
Left 11 (34.38) 43 (22.87) 4(23.53) 15 (19.23)
Right 21 (65.62) 145 (77.13) 13 (76.47) 63 (80.77)
T stage 0.496 0.343
T1 Null 4(213) Null 2 (2.56)
T2 4 (12.50) 22 (11.70) 1(5.88) 8 (10.26)
T3 22 (68.75) 142 (75.53) 11 (64.71) 58 (74.36)
T4 6 (18.75) 20 (10.64) 5 (29.41) 10 (12.82)
N stage <0.001 0.047
NO 9 (28.12) 96 (51.06) 6 (35.29) 43 (55.13)
N1 6 (18.75) 56 (29.79) 5 (29.41) 26 (33.33)
N2 17 (53.12) 36 (19.15) 6 (35.29) 9 (11.54)
Circumference 0.021 0.702
<1/2 6 (18.75) 79 (42.02) 8 (47.06) 30 (38.46)
>1/2 26 (81.25) 109 (57.98) 9 (52.94) 48 (61.54)
Neural invasion 0.033 0.81
Absent 12 (37.50) 112 (59.57) 8 (47.06) 42 (53.85)
Present 20 (62.50) 76 (40.43) 9 (52.94) 36 (46.15)
Vascular invasion 0.014 0.177
Absent 11 (34.38) 112 (59.57) 8 (47.06) 53 (67.95)
Present 21 (65.62) 76 (40.43) 9 (52.94) 25 (32.05)

CA199: Carbohydrate antigen 199; CEA: Carcinoembryonic antigen; Right: Ascending and transverse colon; Left: Descending colon, sigmoid colon, and

rectum.

treatment. In our study, a new nomogram based on T2WI was established and validated; this nomogram combined the
selected radiomic characteristics and four clinical variables, namely, N stage, vascular invasion, nerve invasion, and the
number of weeks spent occupying the intestinal tract, to help clinicians accurately predict the differentiation grade of
CRC preoperatively. The AUC of the nomogram established by the machine learning algorithm based on T2WI in the
training cohort and the external validation cohort were 0.862 and 0.761, respectively, which proved its good accuracy in
predicting the differentiation grade of CRC.

We took the lead in establishing a machine learning radiomic model based on MRI data to accurately predict the
preoperative differentiation grade of CRC patients, which has not been previously reported. Li et al[20] conducted a
prospective study exploring the potential of quantitative spectral computed tomography (CT) parameters to detect gastric
cancer and its histological types. These findings underscore the considerable potential of radiomics for noninvasive
preoperative diagnosis of gastric cancer and its histological subtypes. In contrast to this study, which was based on
spectral CT, the referenced study involved gastric cancer. Xu et al[21]'s study focused on using 256-slice CT whole-tumour
perfusion images to predict differentiation grade. A total of 56 patients were included. The results showed that blood
flow according to CT whole-tumour perfusion parameters could predict the grade of CRC, with an AUC of 0.828, which
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Table 2 Comparative analysis of machine learning modeling of radiomics

AUC 95%Cl Sensitivity Specificity Accuracy PPV PPV
Training cohort
LR 0.737 0.656-0.818 0.527 0.875 0.577 0.961 0.239
SVM 0.986 0.973-0.999 0.947 1.000 0.955 1.000 0.762
KNN 0.880 0.835-0.924 0.649 1.000 0.700 1.000 0.327
RF 1.000 0.999-1.000 0.989 1.000 0.991 1.000 0.941
ET 1.000 1.000-1.000 1.000 1.000 1.000 1.000 1.000
XGBoost 1.000 1.000-1.000 1.000 1.000 1.000 1.000 1.000
LightGBM 0.972 0.953-0.992 0.910 0.969 0.918 0.994 0.646
MLP 0.796 0.723-0.869 0.660 0.812 0.682 0.954 0.289
Validation cohort
LR 0.728 0.586-0.870 0.692 0.765 0.577 0.931 0.351
SVM 0.684 0.527-0.841 0.756 0.588 0.955 0.894 0.345
KNN 0.629 0.485-0.772 0.628 1.000 0.700 0.875 0.256
RF 0.597 0.442-0.752 0.872 0417 0.991 0.850 0.333
ET 0.620 0.497-0.743 0.423 1.000 1.000 0.943 0.250
XGBoost 0.594 0.430-0.758 0.808 0.471 1.000 0.875 0.348
LightGBM 0.601 0.464-0.739 0.372 0.882 0.918 0.935 0.234
MLP 0.735 0.604-0.866 0.641 0.824 0.682 0.943 0.333

AUC: Area under the curve; ET: Extra trees; LightGBM: Light gradient boosting machine; KNN: K-nearest neighbor; LR: Logistic regression; MLP:
Multilayer perceptron; NPV: Negative predictive value; PPV: Positive predictive value; RF: Random forest; SVM: Support vector machine; XGBoost:
Extreme gradient boosting.
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Figure 4 The selection process of the least absolute shrinkage and selection operator method. A: 10-fold cross-validation and minimization of
standard selection parameters (lamdba) in the least absolute shrinkage and selection operator model; B: Eight radiomic features with nonzero coefficients were
selected for the optimal parameter lamdba (lambda = 0.0146). MSE: Mean square error.

is different from that of our machine learning-based model. T2W1I is also different from CT perfusion imaging, and our
study showed a greater AUC. Therefore, there is a lack of MRI-based radiomic research on how to predict the differen-
tiation grade of CRC. MRI is widely used to identify poor prognostic factors, evaluate tumour T stage, evaluate liver
metastasis and other aspects via CT, and evaluate rectal cancer according to the guidelines of the European Society of
Oncologists and the National Comprehensive Cancer Network. Therefore, MRI has become a necessary auxiliary
technology in the diagnosis and treatment of CRC[22,23,24]. Especially in the partial stage of primary and recurrent rectal

3%’@) WJGO | https://www.wjgnet.com 826 March 15,2024 | Volume16 | Issue3 |



Zheng HD et al. Differentiation prediction model for CRC

Table 3 The prediction performance of the three models in the training group and the test group

Training cohort Validation cohort

Model AUC  95%ClI Sensitivity Specificity AUC  95%CI Sensitivity Specificity
clinical 0751  0.661-0.842  0.660 0.719 0676  0525-0.827  0.731 0.647
Radiomics 079  0.723-0.869  0.660 0.812 0735  0.604-0.866  0.641 0.824
Radiomics-clinical model 0862  0.796-0.927 0777 0.812 0761  0.635-0.887  0.705 0.765

AUC: Area under the curve.
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Figure 5 Histogram of the Rad-score based on the selected features. GLCM: Grayscale co-occurrence matrix; GLRLM: Grayscale run length matrix;
NGTDM: Neighbourhood grayscale difference matrix.
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Figure 6 Receiver operating characteristic curves of logistic regression, support vector machine, K-nearest neighbour, random forest,
extra trees, extreme gradient boosting, light gradient boosting machine, and multilayer perceptron. A: In the training cohort; the area under the
curve (AUC) values were 0.737, 0.986, 0.880, 1.000, 1.000, 1.000, 0.972, and 0.796, respectively; B: Receiver operating characteristic curves of logistic regression
(LR), support vector machine (SVM), K-nearest neighbour (KNN), random forest (RF), extra trees (ET), extreme gradient boosting (XGBoost), light gradient boosting
machine (LightGBM), and multilayer perceptron (MLP) in the validation cohort, the AUC values were 0.728, 0.684, 0.629, 0.597, 0.620, 0.594, 0.601 and 0.735,
respectively. Except for LR and MLP, the other machine learning algorithms exhibited overfitting, and the AUC of MLP was greater than that of LR. LR: Logistic
regression; SVM: Support vector machine; KNN: K-nearest neighbour; RF: Random forest; ET: Extra trees; XGBoost: Extreme gradient boosting; LightGBM: Light
gradient boosting machine; MLP: Multilayer perceptron; ROC: Receiver operating characteristic; AUC: Area under the curve.
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Figure 8 Receiver operating characteristic curves of the radiomic model, clinical model and radiomic-clinical model. A: The area under the
curve (AUC) of the three models (clinical, radiomic, and radiomic-clinical model) in the training cohort were 0.751 (95%Cl: 0.661-0.842), 0.796 (95%Cl: 0.723-0.869),
and 0.862 (95%Cl: 0.796-0.927), respectively. B: The AUC of the three models (clinical, radiological, and radiomic-clinical model) in the validation cohort were 0.676
(95%Cl: 0.525-0.827), 0.735 (95%Cl: 0.604-0.866), and 0.761 (95%Cl: 0.635-0.887), respectively. ROC: Receiver operating characteristic; AUC: Area under the
curve.

cancer, compared with techniques such as CT and rectal ultrasound, tumor, node, metastasis (TNM) staging can not only
accurately predict several other high-risk features, including circumferential resection margins, the extramural vascular
infiltration status, and tumour deposits, etc., to aid in tumour stratification[25-28]. Lin et al[29]'s study combined
radiomics features with CEA levels, and the established model showed good discrimination, with an AUC as high as
0.882, indicating that the model could accurately predict the preoperative T stage of rectal cancer in patients. A
multicentre retrospective study conducted by Li et al[30] showed that the imaging omics model (AUC = 0.78) could
suggest the microsatellite instable status of rectal cancer patients. However, it cannot replace genetic testing as the gold
standard.

In the constructed radiomic clinical model, in addition to the radiomic characteristics, four clinical risk factors were
included: tumour involvement in the intestinal periphery, N stage, nerve invasion and vascular invasion. These factors
are closely associated with the heightened proliferative, metastatic, and invasive capabilities often observed in poorly
differentiated tumours[31]. Huang et al[15]'s study suggested that tumour location in the right colon was a predictor of
the histological grade of colorectal adenocarcinoma, which was different from our results. Tumour location was not
significantly different between the two groups. Derwinger et al[5] suggested that the differentiation grade of tumour was
associated with the TNM stage of CRC and the risk of lymph node metastasis, similar to the results obtained by that
study, revealing the close relationship between the differentiation grade of tumour and lymph node metastasis.

Poorly differentiated adenocarcinoma, constituting approximately 20% of CRC cases, is notorious for its rapid tumour
progression, metastatic tendencies, and increased likelihood of recurrence[32]. The molecular underpinnings of the strong
correlation between poorly differentiated colorectal adenocarcinoma and poor patient prognosis are still not fully
understood[33]. Emerging research suggests that the host gut microbiota may influence CRC differentiation and
malignancy during carcinogenesis. An imbalance characterized by an increase in specific microorganisms and a reduction
in beneficial bacteria could elevate the risk of poorly differentiated CRC and enhance tumour invasiveness[34]. This study
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Figure 9 Three models (clinical, radiomic, and combined models) were used to predict the calibration curve of colorectal cancer
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Figure 10 Decision curve analysis of the prediction model. A: The training cohort; B: The validation cohort. The three models (clinical, radiomic, and
radiomic-clinical model) showed good clinical applicability in a certain range. DCA: Decision curve analysis.

also established a prediction model for poorly differentiated CRC based on intestinal bacteria that included 6 machine
learning algorithms, with the highest AUC value of 0.700. However, obtaining information on the intestinal flora is not
easy, economical, simple and accurate, giving our study its advantage.

In our study, we developed a radiomic clinical model that can accurately predict the histological type of CRC, and MRI
has been widely accepted as a valuable tool for pretreatment evaluation of CRC, suggesting that our research is pro-
mising. Why do we use only T2WI? First, because there are important differences in MRI characteristics among different
hospitals and diffusion-weighted imaging (DWI) changes other than the usual, routine use of T1-weighted and dynamic
contrast-enhanced sequences is not recommended[31]. Second, there may be differences between observers when
manually drawing ROI for quantitative or qualitative evaluation of tumours. In addition, DWI is more prone to image
distortion, which may interfere with the delineation of lesions[36].

This study has several limitations. First, this was a retrospective analysis, and sample selection bias was inevitable
because we only recruited patients who underwent MRI and were pathologically confirmed to have CRC after surgery.
Second, because this was a single-centre study, the sample size was relatively small, and a prospective multicentre study
is expected to mitigate this problem. Finally, we used only a machine learning algorithm to build the model, and deep
learning may further improve model performance.
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CONCLUSION

Our study underscores the potential of radiomic and clinical-radiomic machine learning-based models involving high-
resolution T2WI for predicting the histological grade of CRC. Radiomics offers a promising avenue for evaluating the
differentiation grade of CRC tissues, ultimately serving as a practical tool for developing personalized treatment
strategies for CRC patients.

ARTICLE HIGHLIGHTS

Research background

Magnetic resonance imaging (MRI) is an important technology for the preoperative evaluation of colorectal cancer (CRC).
At present, studies on predicting the differentiation grade of CRC based on MRI are lacking. The development of a
noninvasive and accurate preoperative prediction method for evaluating the differentiation grade of disease in CRC
patients is highly important for individualized treatment.

Research motivation

Due to tumour heterogeneity, colonoscopy biopsy has limitations in evaluating the differentiation grade of CRC. The
prospect of creating an accurate radiomics-based system for differentiating the grade of CRC and facilitating prognosis
prediction warrants investigation.

Research objectives
In this study, we sought to construct a prediction model based on radiomic and clinical factors for accurately predicting
the differentiation grade of CRC patients.

Research methods

The enhanced MRI data and clinical information of 315 patients with CRC were collected and analyzed, and a machine
learning algorithm was developed based on the extracted radiomic features and important clinical features. Each model
was evaluated, and the best model was selected. The performance of the model was evaluated by receiver operating
characteristic curve, calibration curve and decision curve analyses.

Research results

In this study, eight radiomic features were selected from enhanced MRI, and eight models were constructed based on a
machine learning algorithm. The multilayer perceptron (MLP) algorithm showed the best performance, with an area
under the curve (AUC) of 0.796 (95%Cl: 0.723-0.869) in the training cohort and 0.735 (95%CI: 0.604-0.866) in the validation
cohort. Radiomics features were combined with N stage, tumour occupying intestinal circumference, nerve invasion, and
vascular invasion to develop a radiomic-clinical model. The AUC of the radiomic-clinical model was 0.862 (95%CI: 0.796-
0.927) in the training cohort and 0.761 (95%CI: 0.635-0.887) in the validation cohort.

Research conclusions
The model based on the MLP algorithm is helpful for providing individualized differentiation grade assessment for CRC
patients.

Research perspectives
The radiomic-clinical prediction model constructed in this study is helpful for evaluating the differentiation grade and
prognosis of CRC patients, and a prospective multicentre trial will help to improve the performance of the model.
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