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Intratumoral and peritumoral radiomics of MRI predict
pathological differentiation in patients with rectal cancer
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Abstract. The histopathological differentiation of rectal
cancer (RC) is a key determinant of treatment strategy and
prognosis, as tumors with varying differentiation demon-
strate notable differences in therapeutic approach selection
and survival outcomes. Consequently, accurate preoperative
prediction of tumor differentiation is clinically essential for
formulating initial surgical plans and adjuvant therapy strate-
gies. The aim of the present study was to develop a magnetic
resonance imaging (MRI)-based radiomics strategy that
integrates features from both intratumoral and peritumoral
(margin, 5 mm) regions to construct a non-invasive predic-
tive model capable of distinguishing well differentiated RC
(glandular structures =95%) from non-well differentiated
RC. A retrospective analysis was performed using data from
224 patients with RC who underwent preoperative MRI.
Radiomic features were extracted from T1-weighted images
(T1IWI), T2-weighted images (T2WI) and diffusion-weighted
imaging (DWI) of the tumor and peritumoral 5 mm. The
adaptive synthetic technique was used to address class imbal-
ance, and ReliefF was applied to select 20 features. A total
of three machine learning algorithms, logistic regression,
Light Gradient-Boosting Machine (LightGBM) classifier
and Gaussian Naive Bayes, were used to build MRI radiomic
models combining the tumor and the peritumoral areas to
predict pathological differentiation of RC. The models were
evaluated by comparing the area under the curve (AUC)
and binary classification metrics, with the best performing
T1-LightGBM model selected. Subsequently, intratumoral and
peritumoral and intratumoral (T1-LightGBM) models were
established. Discriminative ability, calibration and clinical
applicability were assessed using receiver operating charac-
teristic curves, calibration curves and decision curves, with
Shapley Additive explanations (SHAP) analysis employed
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for interpretation. Among the nine models constructed using
TIWI, T2WI and DWI from the tumor and 5-mm surrounding
region, the AUC range was 0.510-0.756 across all validation
sets. The T1-LightGBM model incorporating both tumor
and peritumoral areas demonstrated the best performance
for predicting pathological differentiation in RC, with an
AUC of 0.756, accuracy of 0.700 and sensitivity of 0.707.
SHAP analysis identified wavelet_ HHH_glszm_Size_Zone_
Non_Uniformity_Normalized as the most significant feature
for predicting pathological differentiation and evaluating
non-well differentiated patients. In conclusion, the integrated
model employing the LightGBM algorithm on TIWI, which
combined both intratumoral and 5-mm peritumoral features,
demonstrated promising predictive potential for individualized
RC differentiation.

Introduction

Colorectal cancer is the third most common cancer globally
and the second leading cause of cancer-related deaths (1).
According to the World Health Organization (WHO) clas-
sification of tumors of the digestive system (2), rectal cancer
(RC) can be histologically graded as well differentiated,
moderately differentiated, poorly differentiated and undif-
ferentiated. Different histopathological grades markedly
influence treatment strategies and prognosis (3). For patients
with early local tumor-stage RC and no lymph node or distant
metastasis (cTINOMO), survival rates are relatively high
following endoscopic resection, local excision or segmental
resection, with chemotherapy not typically required postop-
eratively (4). However, if post-endoscopic resection pathology
reveals high-risk recurrence factors, such as moderate-to-poor
differentiation, vascular invasion or positive resection margins,
clinical guidelines recommend additional segmental resection
and regional lymph node dissection (5). For rectal adenocar-
cinoma with moderate differentiation and late-stage local
tumor (T)-stage such as T4a and T4b, local excision is prone to
residual cancer, and neoadjuvant therapy followed by radical
total mesorectal excision surgery is recommended (6). Poorly
differentiated or undifferentiated carcinomas indicate more
aggressive tumor biology, with a higher likelihood of early
metastasis and worse prognosis (7). These cases often necessi-
tate more aggressive treatment approaches which may include
additional surgical resection of the primary lesion and regional
lymphadenectomy. Postoperative adjuvant radiotherapy or
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chemotherapy is often required to improve overall therapeutic
efficacy. Notable, the outcomes of salvage surgery for patients
with recurrence after local excision are limited. The 3-year
overall survival rate is only ~31, and ~39% of patients develop
distant metastases (8). However, Hahnloser et al (9) reported
that, when extended resection was performed within 30 days
of local excision, the 5-year survival rate was comparable
with that of patients who initially underwent radical resection.
Therefore, if the initial pathology following local excision
indicates poor differentiation, interval radical resection should
be considered. Nevertheless, this approach may compromise
sphincter preservation, leading certain patients to opt for
adjuvant chemoradiotherapy instead (10). In summary, accu-
rate preoperative prediction of the histological differentiation
of RC is of paramount importance, as it directly influences
surgical recommendations and patient decision-making prior
to the initial intervention.

Magnetic resonance imaging (MRI) is essential for the
non-invasive characterization of RC, providing superior
soft tissue resolution and offering more accurate insights
into the heterogeneity of the tumor compared with other
imaging modalities (11). However, pathological differentia-
tion is still primarily dependent on postoperative pathological
biopsy (12), and there is insufficient evidence to demonstrate
that conventional imaging techniques can reliably differentiate
pathological grading of RC. Consequently, there is a pressing
need for more intelligent and sensitive diagnostic technolo-
gies to enable preoperative assessment of RC differentiation.
Radiomics, which extracts numerous quantitative features
from medical images, has shown notable potential in evalu-
ating RC characteristics (13). Existing studies have indicated
that radiomic features based on MRI of the primary tumor
can predict the pathological differentiation of other tumors.
However, most of these studies have focused primarily on the
intratumoral features (14,15), neglecting potentially valuable
information in the peritumoral region and requiring more clin-
ical interpretability which hinders the widespread application
of imaging models.

The peritumoral region includes endothelial cells,
fibroblasts, immune cells, other cell types and extracellular
components, forming the tumor microenvironment (16). The
tumor microenvironment serves a decisive role in tumor
progression, treatment response and metastasis. Therefore,
radiomic features of the peritumoral environment may
provide crucial data for clinically assessing the aggressive
biological behavior of tumors. Whilst Liu e al (17) reported
that peritumoral tissues in hepatocellular carcinoma (HCC)
are associated with pathological differentiation, systematic
exploration of the relationship between peritumoral tissues and
pathological differentiation in patients with RC is lacking, and
the value of peritumoral features in predicting RC pathological
differentiation remains controversial.

Therefore, the aim of the present study was to construct
a predictive model based on intratumoral and peritumoral
(within 5 mm of the tumor) radiomics features derived from
multiparametric MRI to achieve preoperative noninvasive
differentiation between well differentiated RC (adenomatous
structure =95%) and non-well differentiated RC. Furthermore,
a preoperative radiomics model that integrates the optimal
features from both intratumoral and 5-mm peritumoral regions

was developed and validated, with the goal of providing an
imaging-based reference for accurate preoperative assessment
and clinical decision-making in RC.

Materials and methods

Patient selection. The Medical Ethics Committee of the
Affiliated Hospital of North Sichuan Medical College
(Nanchong, China) approved the current retrospective study
(approval no. 2024ER490-1) and waived the requirement for
informed consent from patients. The data of 224 patients
with RC who underwent surgery between January 2017 and
February 2024 at the Affiliated Hospital of North Sichuan
Medical College were retrospectively analyzed. All patients
underwent preoperative MRI scanning, and the diagnosis of
adenocarcinoma was confirmed by pathological examination
after surgery.

The inclusion criteria were as follows: i) Primary RC;
ii) pathologically-confirmed adenocarcinoma; iii) post-
operative pathological findings with clear pathological
differentiation; iv) lesions which could be identified on MRI
images and could be successfully enlarged peritumorally;
v) no radiotherapy prior to surgery; and vi) radical, endoscopic
resection or palliative resection. The exclusion criteria were
as follows: i) Lack of description or formal report regarding
the degree of tumor differentiation (n=13); ii) incomplete MRI
sequences or poor image quality (n=31); iii) previous history
of other tumors in combination (n=6); and iv) pathological
diagnosis of squamous, carcinoid and neuroendocrine tumors
(n=27). After appropriate screening, a total of 224 patients
were included in the present study, who were randomized into
training or validation groups in a ratio of 7:3.

Pathological differentiation analysis. Tumor specimens under-
went hematoxylin and eosin (HE) staining in the Department
of Pathology at the Affiliated Hospital of North Sichuan
Medical College to determine the degree of differentiation
in RC. The samples were fixed with 4% paraformaldehyde at
20-25°C for 24 to 48 h, followed by dehydration, paraffin infil-
tration, embedding, and sectioning to a thickness of 4-6 ym.
Prior to HE staining, the sections are baked at 60-65°C for
1 h, then subjected to deparaffinization using a graded ethanol
series and xylene, followed by rehydration. The sections are
subsequently stained with hematoxylin for 3-5 min and coun-
terstained with eosin for 1-3 min at room temperature. After
staining, the sections are dehydrated through a graded alcohol
series, cleared with xylene, and finally mounted with neutral
gum. The prepared samples can be observed for morphological
analysis under a light microscope. According to classifica-
tion standards (2), RC tumors were classified as one of the
following: i) Well differentiated, (grade 1), glandular ductal
structures account for >95% of the tumor; ii) moderately
differentiated (grade 2), glandular ductal structures account
for 50-95% of the tumor; iii) poorly differentiated (grade 3),
glandular ductal structures account for 5-50% of the tumor;
or iv) undifferentiated (grade 4), not obvious undifferentiated
features and proportion of glandular ducts accounts for <5%
of the tumor. The latter category encompasses mucinous
adenocarcinomas and impression cell carcinomas. When
RC tumors demonstrated different differentiation results, the
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predominant differentiation determined the final diagnosis.
RC was classified according to the degree of differentiation
into well differentiated and non-well differentiated.

MRI protocol. All patients with RC underwent MRI using a
MAGNETOM Skyra 3.0T (Siemens Healthineers) scanner
prior to surgery. Patients fasted for 4-6 h before the examina-
tion and underwent bowel preparation 2 h before the scan. An
abdominal phased-array coil was used. Scanning sequences
included T1_tse_tra,t2_blade_tra_p2_320 and ep2d_diff tra_
b50-1000_TRACEW_DFC_MIX. The specific parameters
used were as follows: i) T1_tse_tra: Repetition time (TR) of 613
msec, Echo time (TE) of 10 msec, inversion angle of 160°, slice
thickness of 3.5 mm, interslice distance of 3.85 mm, matrix of
320x288, Field-of-view (FOV) of 190x190 mm and voxel size of
0.6x0.6x3.5 mm; ii) T2_blade_tra_p2_320: TR of 5,010 msec,
TE of 87 msec, inversion angle of 160°, slice thickness of
3.5 mm, interslice distance of 3.85 mm, matrix of 320x320,
FOV of 190x190 mm and voxel size of 0.6x0.6x3.5 mm; and
iii) ep2d_diff_tra_b50-1000_TRACEW_DFC_MIX: TR
of 5,400 msec, TE of 75 msec, inversion angle of 90°, slice
thickness of 3.5 mm, interslice distance of 3.85 mm, matrix of
150x142, FOV of 301x301 mm, voxel size of 2.0x2.1x3.5 mm
and b-values of 50 and 1,000 s/mm?2.

Data collection. The data collected included age, sex, carci-
noembryonic antigen (CEA), carbohydrate antigen 19-9
(CA 19-9), aspartate aminotransferase (AST), prealbumin,
albumin-to-globulin ratio, total bilirubin, direct bilirubin,
lactate, creatinine, leucine aminopeptidase, y-glutamyl trans-
ferase, adenosine deaminase, alkaline phosphatase, white
blood cells, red blood cells, serum albumin, hemoglobin, plate-
lets, neutrophils, lymphocytes, monocytes and the hemoglobin,
albumin, lymphocyte, and platelet score, all within 2 weeks
before surgery. Pathological data included differentiation
grade, whilst imaging data included the distance of the tumor
from the anal verge, lesion length, tumor-node-metastasis
(TNM) stage, circumferential resection margin (CRM) and
extramural vascular invasion.

Imaging preprocessing, region of interest (ROI) segmentation
and peritumoral region dilation. Images were resampled at
a voxel spacing of 1x1x1 mm? before delineating the ROI
and normalizing to grayscale to compensate for voxel spatial
differences and maintain grayscale consistency, respectively.
The entire ROI of T1-weighted images (T1WI), T2-weighted
images (T2WI) and diffusion-weighted imaging (DWI) was
outlined by a senior radiologist experienced in diagnostic
imaging of RC using open-source 3Dslicer software (version
5.3.0; download.slicer.org/). Furthermore, and the entire ROI
of TIWI, T2WI and DWI was automatically analyzed using
the ‘Margin’ module, which was used to automatically expand
the 5-mm region around the tumor to obtain a 3D segmented
image.

Feature extraction. The image and the outlined ROI struc-
ture were imported into 3D Slicer for feature extraction. The
features extracted by 3D Slicer were mainly performed using
the open-source plug-in (Pyradiomics v2.2.0; https://github.
com/Radiomics/SlicerRadiomics). The extracted features
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included mean, minimum, maximum, standard deviation,
skewness, kurtosis and others of the first-order statistical
features of the original image, as well as the surface area,
volume, surface area-to-volume ratio, sphericity, compactness
and 3D diameter of the morphological features. Moreover, the
following five types of texture features were extracted (18):
i) Gray Level Cooccurence Matrix; ii) Gray Level Run Length
Matrix; iii) Gray Level Size Zone Matrix; iv) Neighbouring
Gray Tone Difference Matrix; and v) Gray Level Dependence
Matrix. Shape features were extracted from the original
images, while first-order and texture features were obtained
from both the original images and their filtered versions.
The filtering procedures included: Wavelet transformation
(utilizing high-pass (H) and low-pass (L) filters along the
X, Yy, and z axes, generating eight distinct decomposition
combinations: HHH, HHL, HLH, LHH, LLL, LLH, LHL,
HLL) and Laplacian of Gaussian (LoG) filtering (0=4.0, 5.0,
and 6.0 mm). In this case, the wavelet transform image was
created using the default parameters of 3D Slicer. The wavelet
sequence used was Daubechies (Db4). A 3-layer decomposi-
tion was performed. The fill mode was symmetric filling.
Quantization of 64 bins was applied. The sampling mode was
custom sampling, with specific sampling densities of x-, y- and
z-axis sampling intervals of 4, 5 and 6 voxels, respectively.
A total of 1,223 features were extracted.

Imbalanced data processing. The dataset comprised 46 patients
with well differentiated tumors and 178 with non-well differ-
entiated tumors. However, the marked imbalance between the
two groups could impair classifier performance; therefore,
to address this, the adaptive synthetic (ADASYN) technique
was employed to balance the dataset (19). After resampling,
the proportion of well differentiated and non-well differenti-
ated cases reached 1:1, with the minority class increasing
from 20.5% in the original dataset to 50.8% after ADASYN
processing. Specifically, the number of patients with well
differentiated and non-well differentiated tumors was 184
and 178, respectively. Subsequently, ReliefF (20) was used for
dimensionality reduction, selecting 20 notable distinguishing
features. The balanced dataset was randomly divided into
a training set (70%) and a testing set (30%) after five-fold
cross-validation.

Establishment and evaluation of the predictive model. In the
current study, three machine learning algorithms, logistic
regression, Light Gradient Boosting Machine (LightGBM)
Classifier and Gaussian Naive Bayes, were selected to predict
the pathological differentiation of patients with RC based on
imaging features in and around the 5-mm region of the tumor
in TIWI, T2WI and DWI. The model was constructed using
k-fold cross-validation on the training set as a resampling
method (k=5) and the hyperparameters were adjusted using
grid search to build the best model using the optimal param-
eters. The receiver operating characteristic (ROC) curve was
plotted with the true positive rate as the vertical coordinate
and the false positive rate as the horizontal coordinate, and
the predictive efficacy of the model was evaluated by calcu-
lating the area under the receiver operating curve (AUC) and
validated in the test group. The accuracy, sensitivity and speci-
ficity corresponding to the optimal thresholds of each model
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Table I. Evaluation of the performance of classification models on imbalance dataset using the adaptive synthetic technique in the validation set.

Cutoff (SD)

F1 score (SD)

NPV (SD)

AUC (SD) Accuracy (SD) Sensitivity (SD) Specificity (SD) PPV (SD)

Model

Logistic

0.445 (0.045)
0.544 (0.006)
0.556 (0.072)

0.563 (0.084)
0.229 (0.106)
0.356 (0.169)

0.474 (0.089)
0.535 (0.086)
0.556 (0.060)

0.591 (0.037)
0.600 (0.261)
0.558 (0.176)

0.512 (0.145)
0.799 (0.256)
0.779 (0.170)

0.552 (0.134)
0.184 (0.121)
0.291 (0.176)

0.542 (0.039)
0.521 (0.100)
0.568 (0.046)

0.637 (0.056)
0.533 (0.104)
0.615 (0.079)

TIWI
T2WI
DWI
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LightGBM
TIWI
T2WI
DWI

GNB

0.452 (0.291)
0.668 (0.260)
0.380 (0.194)

0.700 (0.070)
0.521 (0.130)
0.608 (0.142)

0.709 (0.053)
0.598 (0.162)
0.646 (0.130)

0.730 (0.140)
0.578 (0.079)
0.763 (0.160)

0.700 (0.204)
0.628 (0.163)
0.704 (0.292)

0.707 (0.122)
0.536 (0.234)
0.600 (0.258)

0.700 (0.074)
0.561 (0.098)
0.658 (0.080)

0.756 (0.051)
0.601 (0.096)
0.750 (0.073)

0.001 (0.002)
0.107 (0.032)
0.039 (0.027)

0.687 (0.074)
0.324 (0.099)
0.546 (0.081)

0.741 (0.098)
0.493 (0.040)
0.585 (0.150)

0.591 (0.130)
0.552 (0.255)
0.587 (0.050)

0.421 (0.181)
0.668 (0.251)
0.620 (0.150)

0.856 (0.056)
0.293 (0.131)

0.621 (0.094)
0.471 (0.068)
0.579 (0.076)

0.672 (0.107)
0.501 (0.108)
0.645 (0.085)

TIWI
T2WI
DWI

0.540 (0.160)

AUC, area under the curve; SD, standard deviation; PPV, positive predictive value; NPV, negative predictive value; WI, weighted image; DWI, diffusion-weighted imaging; LightGBM, Light Gradient

Boosting Machine; GNB, Gaussian Naive Bayes.

were obtained by selecting the optimal thresholds based on
the Youden index. Confusion matrix metrics, such as AUC,
accuracy, sensitivity, specificity and F1 score, were used to
evaluate the prediction performance and stability of each
model. Following the identification of the optimal classification
method and imaging sequence for predicting the pathological
differentiation of RC through comparison with confusion
matrix metrics and standard deviations derived from forest
plots, the dataset was re-divided into a training set (70%), a
validation set (15%) and a test set (15%). The validation set was
used to adjust the model parameters and the test set was used
to evaluate the system performance. T1-LightGBM models
of intratumor and intratumor + peritumor were constructed,
and then ROC curves, learning curves, calibration plots and
decision curve analysis (DCA) were used to further assess the
clinical efficacy of the prediction models. Calibration curves
reflect how well the predicted probability matches the actual
outcome; DCA was used to assess the net benefit of the model
at different thresholds. Calibration was assessed using the
Hosmer-Lemeshow goodness-of-fit test, followed by develop-
ment of the Shapley Additive explanations (SHAP) overall
presentation model and single-sample interpretation.

Statistical analysis. Categorical data are presented as n
(%), whilst continuous variables are expressed as median
(interquartile range). Differences between well differentiated
and non-well differentiated groups were assessed using the
Wilcoxon rank sum test, Fisher's exact test or Pearson's y? test.
A two-sided P<0.05 was considered to indicate a statistically
significant difference. Statistical analyses were performed
using R 3.6.3 (https://www.r-project.org/) and Anaconda
Python 3.7 (anaconda.com/).

Results

Patient characteristics. Postoperative pathological reports
categorized the 224 patients into the well differentiated group
(n=46) and the non-well differentiated group (n=178). Baseline
patient data are presented in Table SI. CA 19-9, AST and
alanine aminotransferase were significantly associated with
pathological tissue differentiation (P<0.05), whilst no signifi-
cant differences were observed in other clinical indicators or
characteristics.

Feature analysis. A total of 1,224 features were extracted
and standardized. Table I presents the application results of
machine learning classification algorithms on the balanced
dataset generated using ADASYN. The T1-LightGBM model
demonstrated the best performance in the validation set.

Model development and evaluation. A total of three machine
learning algorithms were used to develop predictive models.
Fig. 1 illustrates the ROC curves for the different models
constructed for the intratumoral + peritumoral features. The
AUC range for the models was 0.510-0.756 across all valida-
tion cohorts. The T1-LightGBM model, which combined
intratumoral and peritumoral features, achieved AUC, accu-
racy, sensitivity, positive predictive value (PPV), negative
predictive value (NPV) and F1 score >0.7 in the validation
set, outperforming the other eight models (Table I). Moreover,
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Figure 1. ROC curves for the peritumoral + intratumoral prediction model for pathological differentiation of rectal cancer. ROC (A) training and (B) validation
curves for TIWI imaging. ROC (C) training and (D) validation curves for T2WI imaging. ROC (E) training and (F) validation curves for diffusion-weighted
imaging. ROC, receiver operating characteristic; WI, weighted image; AUC, area under the curve; LightGBM, Light Gradient Boosting Machine; GNB,

Gaussian Naive Bayes.
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the T1-LightGBM model demonstrated the best predictive
performance on both training and validation sets (Fig. 1). The
forest plot in Fig. S1 presents the ROC results for the nine
models in predicting pathological differentiation, indicating
that the T1-LightGBM model had the highest central value and
the shortest error bars, further confirming its superior stability.

The LightGBM model was chosen as the best model
for predicting pathological differentiation, and the
intratumoral + peritumoral and intratumoral prediction
models of T1-LightGBM were constructed using 5-fold
cross-validation. The AUC, cutoff, accuracy, sensitivity,
specificity, PPV and NPV for the training, validation and
test cohorts are presented in Table II, and the model ROC
curves are presented in Figs. 2 and 3. Assessment of the
predictive performance metrics indicated that the combined
intratumoral + peritumoral model outperformed the intra-
tumoral-only model. Specifically, the average AUC of the
intratumoral + peritumoral model was 0.766 for the training
set, 0.690 for the validation set and 0.620 for the test set
(Fig. 2A-C; Table II), and the AUC of the training, validation
and test sets eventually stabilized at ~0.70. The AUC was
0.668 in the training set, 0.701 in the validation set and 0.563
in the test set for the intratumor model (Table II; Fig. 3A-C).
Learning curves (Fig. 3D) were shown prior to assessing the
accuracy of the model, which indicated that the difference
in error between the training and the validation sets in the
intratumoral + peritumoral 5-mm model converged as the
number of training samples increased. This suggests that
the model was not overfitted. Subsequently, the calibration
curves of the validation set were used to assess the accuracy
of the model. The results revealed that the intratumoral +
peritumoral 5-mm T1-LightGBM model had notable agree-
ment with the predicted probability of observed pathological
differentiation (Fig. 4A). The Hosmer-Lemeshow test demon-
strated that the intratumoral + peritumoral T1-LightGBM
model was well-calibrated (P=0.064). Subsequently, a DCA
of the model was constructed in the study, indicating that
the intratumoral + peritumoral model had a more marked net
benefit than all-or-none pathological differentiation with a
risk threshold of <64% (Fig. 4B). By contrast, the calibra-
tion curves and DCA of the intratumoral LightGBM model
(Fig. 5) performed slightly worse than the intratumoral +
peritumoral prediction model. In summary, the LightGBM
model may be used for classification modeling tasks in this
dataset.

Model interpretation. The present study used SHAP plots to
elucidate the performance of the intratumoral + peritumoral
T1-LightGBM based prediction model for pathological
differentiation. Fig. S2A illustrates that the feature wavelet_
HHH_glszm_Size_Zone_Non_Uniformity_Normalized was
the most critical predictor for pathological differentiation.
Furthermore, Fig. S2B illustrates a specific case of predicting
pathological differentiation in patients with RC, where the
SHAP values of features are visualized as forces that either
augment or diminish the predictive assessment. The baseline
was 0.740, representing the average SHAP value across all
predictions. The patient falls into the ‘true negative’ group,
with SHAP values <0.740, resulting in a predicted prob-
ability of 17.0% for well differentiated RC. Notably, the

feature wavelet_ HHH_glszm_Size_Zone_Non_Uniformity_
Normalized has a negative (blue) value, indicating its
contribution to the prediction of non-well differentiated RC in
this patient.

Discussion

The present study developed and assessed multiple MRI-based
radiomics models, with a particular focus on the value of
peritumoral features for the preoperative, noninvasive predic-
tion of the pathological differentiation grade of RC. The
results demonstrated that the LightGBM model based on the
T1-weighted sequence and combining intratumoral features
with those from a 5-mm peritumoral shell, achieved the
best performance. These findings suggest that peritumoral
radiomic features can provide clinically meaningful additional
information for assessing the differentiation of RC.

MRI serves a critical role in pre- and post-treatment
evaluation of RC (21). TIWI effectively delineates anatomical
structures, whilst T2WI provides high-resolution soft tissue
contrast, highlighting differences in internal lesion composi-
tion. DWI, particularly at high b-values (b =800 sec/mm?),
is highly sensitive to Brownian motion of water molecules
within viable tissues and tumors, offering insights into
cellular activity. DWI also demonstrates superior sensitivity
in detecting small tumor lesions and pelvic lymph nodes (22).
In the present study, radiomic features were extracted from
intratumoral and peritumoral regions across these three
sequences. The SHAP method was employed to interpret
model outputs, identifying the five most contributory features
for distinguishing pathological differentiation: T1_wavelet_
HHH_glszm_Size_Zone_Non_Uniformity_Normalized, original _
first_order_Median, wavelet_ HHH_glszm_Low_Gray_
Level_Zone_Emphasis, Original_shape_Maximum_
2D_Diameter_Slice and wavelet_ HHH_glszm_High_
Gray_Level_Zone_Emphasis. The top-ranked feature,
wavelet_ HHH_glszm_Size_Zone_Non_Uniformity_Normalized,
quantifies gray-level intensity uniformity within tumors,
reflecting spatial aggregation of high-signal regions (23). This
metric may be associated with tumor angiogenesis or necrotic
zone distribution (24), critical for evaluating structural
complexity and homogeneity (25). Such heterogeneity aligns
with the infiltrative growth patterns of malignant RC, often
manifesting as non-spherical morphology (26). Collectively,
these features emphasize the importance of integrating
morphological, statistical and textural characteristics for
comprehensive tumor characterization.

Whilst aligning with established machine learning meth-
odologies, the novelty of the current study involves dataset
construction and feature selection. Prior research predomi-
nantly focused on intratumoral regions, neglecting peritumoral
contributions. However, emerging evidence has highlighted
the prognostic value of peritumoral features in tumor
biology, as demonstrated in soft tissue sarcoma (27), head
and neck squamous cell carcinoma (28), gastric cancer (29),
lung cancer (30,31) and ovarian cancer (32). For instance,
Liu et al (17) highlighted the predictive utility of peritumoral
features in HCC differentiation, whilst Barge et al (33) identi-
fied peritumoral texture features in TIWI as key discriminators
for tumor grading. Xu et al (22) further reported that models
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Figure 2. ROC curves of the intratumoral + peritumoral 5-mm T1-LightGBM model for the training, validation and test groups. ROC curves and AUC values
for the (A) training set, (B) validation set and (C) test set. (D) Learning curves. The red dashed line represents the training set, whilst the blue dashed line
represents the validation set. ROC, receiver operating characteristic; LightGBM, Light Gradient-Boosting Machine; AUC, area under the curve; CI, confidence

interval.

combining intratumoral and peritumoral (3 and 5 mm) features
outperformed single-region models in predicting lymphovas-
cular invasion in RC. Based on the aforementioned rationale,
the current study designated a 5-mm peritumoral region as the
primary area for analysis. This choice was informed, on the
one hand, by clinical consensus regarding the CRM in RC: A
CRM of >1 mm is generally considered a ‘safe margin’ (34),
although the optimal clearance remains controversial. A
meta-analysis reported that, whilst a margin of >1 mm
improves prognosis, a margin of >1 cm may yield superior
oncological outcomes (35). On the other hand, prior peritu-
moral radiomics studies in lung cancer (36) and gliomas (37)
suggested that regions closer to the tumor harbor richer hetero-
geneity; as the boundary expands outward, more normal tissue
is included in the ROI, potentially diluting meaningful struc-
tural differences. Therefore, a 5-mm peritumoral band is likely
to capture spatial heterogeneity whilst maximally preserving

imaging signals related to tumor biology. This provides an
effective basis for noninvasive, preoperative prediction of the
pathological grading of RC.

Previous research has explored the relationship between
functional MRI parameters and the pathological grading
of RC; however, the findings have been inconsistent.
Kim et al (38) reported that the Ktrans value in the well
differentiated group in their study was significantly higher
than in the moderately differentiated group (0.127+0.032 vs.
0.084+0.036; P=0.036). By contrast, Shen et al (39) reported
that the Ktrans value was significantly associated with the
pathological differentiation of RC (poor, 0.284+0.068 and
moderately: 0.280+0.067 vs. well: 0.182+0.153, P=0.004),
with the well differentiated group showing lower Ktrans
values than the moderately differentiated group. However,
the values between the moderately and poorly differentiated
groups were similar. n DWI, apparent diffusion coefficient
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(ADC) values have also been used to assess pathological
grading. Curvo-Semedo et al (40) noted that poorly differen-
tiated tumors tended to exhibit lower ADC values compared
with moderately and highly differentiated tumors, although
statistical significance was not reached. Zhou et al (41)
also reported no significant ADC differences within the
traditional WHO grading system. However, when adopting
the poorly differentiated clusters grading system (42), ADC
and intravoxel incoherent motion (IVIM) parameters, such
as perfusion fraction f and pseudo-diffusion coefficient D*,
demonstrated significant differences between high- and
low-grade tumors, with clear correlations between perfusion
metrics and tumor grade (r=0.842, P<0.001; and r=0.356,
P=0.011). This suggests that IVIM parameters may be valu-
able for grading. Yuan et al (43) further extended the analysis
to the peritumoral region and reported that higher peritu-
moral-to-tumor ADC ratios and ADCp mean values were
associated with poor differentiation, T3-4 stage and adverse
features such as lymph node metastasis (LNM), extranodal
extension, tumor deposits and lymphovascular invasion
(LVI). They also reported that the peritumoral-to-tumor
ADC ratio outperformed tumor ADC in assessing prognostic
factors.

Clinically, treatment strategies for RC are primarily
based on TNM staging, which does not fully capture
inter-patient heterogeneity within the same stage.
Pathological differentiation serves as an important
complementary indicator to optimize risk stratification and
therapeutic decision-making (44,45). Numerous studies have
reported that poor differentiation is associated with higher
local recurrence and worse overall survival compared
with well differentiation (46,47). Therefore, it is classed
as a high-risk feature in the European Society for Medical
Oncology and the National Comprehensive Cancer Network
(NCCN) guidelines (10). The NCCN and the American
Society of Colon and Rectal Surgeons further specify in

their local excision criteria for early RC that appropriate
candidates should have tumors of <3 cm, well-to-moderately
differentiated histology and no LVI (48). Additional studies
support incorporating tumor grade into risk assessment.
Cho et al (49) reported that in pT1 RC and colon cancer,
moderate/poor differentiation was significantly associated
with LNM (P=0.006 and P=0.002, respectively) and was
an independent predictor of LNM (odds ratio, 1.38-8.13;
P=0.008). Emile er al (50) developed a risk-scoring model
integrating tumor grade with nodal stage and reported that,
compared with well differentiated rectal adenocarcinoma,
poorly differentiated and undifferentiated tumors had a
markedly increased risk of LVI (more than threefold).
Considering the similar trends observed for moderately
and poorly differentiated tumors across functional imaging
parameters, and the frequent consideration in clinical
guidelines and prior studies that these categories share
comparable aggressive biology, the present study combined
moderately and poorly differentiated RCs into a ‘non-well
differentiated’ group. This grouping strategy helps clarify
gradations of tumor aggressiveness, enhances the ability
of the model to identify clinically high-risk patients, and
provides more accurate guidance for treatment decisions.
For example, in mid-to-low RC initially staged as T3a/b by
MRI, if the model predicts moderate/poor differentiation,
clinicians may prioritize neoadjuvant chemoradiotherapy
over immediate surgery, as the true biological behavior may
be more aggressive than suggested by staging alone (51).

In addition to imaging features, studies by
Shibutani et al (52) and Ryuk et al (53) reported that serum
CEA and CA 19-9 are independent prognostic factors for RC.
Elevated preoperative CEA levels were associated with tumor
size and T-stage, whilst high CA19-9 levels were reported to
be associated with tumor stage (54). This is consistent with
the findings of the present study, in which elevated CA 19-9
levels demonstrated a significant association with poorer
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differentiated RC (P=0.014), further supporting the auxiliary
value of serum biomarkers in assessing tumor biology. Serum
biomarkers reflect systemic tumor burden and metabolic
status (55), whereas radiomic features quantify local tumor
heterogeneity (24). Their combination could provide multi-
dimensional predictive information, enhancing accuracy and
clinical utility.

However, the current study has several limitations. First,
it adopted a single-center retrospective design which may
introduce selection bias, and the sample size was relatively
small, particularly for the independent test cohort. More
multi-center cohorts are needed for external validation to
assess the robustness and reproducibility of the predictive
model and to strengthen the conclusions of the present study.
Second, radiomics features are sensitive to scanning protocols
and equipment parameters. Consequently, standardized image
acquisition and feature harmonization should be promoted
in the future to improve the generalizability of the model. In
addition, tumor region annotation currently relies on manual
delineation which may introduce inter-observer variability.
Developing automatic or semi-automatic segmentation algo-
rithms is an important direction for improvement. Finally, the
current study focused solely on radiomics features. In future
work, the plan is to explore integration with clinicopatho-
logical indicators and molecular biomarkers, such as genomic
and transcriptomic features, to build multi-modal fusion
models, enabling more refined patient stratification and further
enhancing clinical translational value.

In conclusion, the present study highlights the potential
of peritumoral features as a non-invasive tool for predicting
RC differentiation. Notably, the integrated model employing
the LightGBM algorithm on T1-weighted sequences, which
combined both intratumoral and 5-mm peritumoral features,
demonstrated promising predictive potential for individualized
RC differentiation, thereby contributing to the development of
personalized treatment strategies.
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