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Abstract

Objectives To develop and validate radiomic models in evaluating biological characteristics of rectal cancer based on

multiparametric magnetic resonance imaging (MP-MRI).

Methods This study consisted of 345 patients with rectal cancer who underwent MP-MRI. We focused on evaluating five

postoperative confirmed characteristics: lymph node (LN) metastasis, tumor differentiation, fraction of Ki-67-positive tumor

cells, human epidermal growth factor receptor 2 (HER-2), and KRAS-2 gene mutation status. Data from 197 patients were used to

develop the biological characteristics evaluation models. Radiomic features were extracted from MP-MRI and then refined for

reproducibility and redundancy. The refined features were investigated for usefulness in building radiomic signatures by using

two feature-ranking methods (MRMR and WLCX) and three classifiers (RF, SVM, and LASSO). Multivariable logistic regres-

sion was used to build an integrated evaluation model combining radiomic signatures and clinical characteristics. The perfor-

mance was evaluated using an independent validation dataset comprising 148 patients.

Results The MRMR and LASSO regression produced the best-performing radiomic signatures for evaluating HER-2, LN metastasis,

tumor differentiation, and KRAS-2 gene status, with AUC values of 0.696 (95% CI, 0.610-0.782), 0.677 (95% CI, 0.591-0.763),

0.720 (95% CI, 0.621-0.819), and 0.651 (95% CI, 0.539-0.763), respectively. The best-performing signatures for evaluating Ki-67

produced an AUC value of 0.699 (95% CI, 0.611-0.786), and it was developed by WLCX and RF algorithm. The integrated

evaluation model incorporating radiomic signature and MRI-reported LN status had improved AUC of 0.697 (95% CI, 0.612-0.781).

Conclusion Radiomic signatures based on MP-MRI have potential to noninvasively evaluate the biological characteristics of

rectal cancer.

Key Points

* Radiomic features were extracted from MP-MRI images of the rectal tumor.

* The proposed radiomic signatures demonstrated discrimination ability in identifying the histopathological, immunohistochem-
ical, and genetic characteristics of rectal cancer.

* All MRI sequences were important and could provide complementary information in radiomic analysis.
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RF Random forest
WLCX Wilcoxon rank-sum test

Introduction

Colorectal cancer (CRC) is the third most commonly diag-
nosed cancer in the USA [1]. The most serious issue is that
from 2000 to 2013, CRC incidence rates increased 22% in US
adults younger than 50 years of age. Rectal cancer accounts
for about 28% of CRC cases in the USA [2].

Different biological characteristics of CRC may lead to
different treatment responses and prognoses. For example,
anti-epidermal growth factor receptor (anti-EGFR) therapy
has been proven to be of no benefit to patients with a RAS
mutation [3-5]. Overexpression of human epidermal growth
factor receptor 2 (HER-2) may be associated with metastasis
and could be used as a negative predictive biomarker for anti-
EGFR therapy [6]. Expression of Ki-67 contributes to en-
hancement of the proliferation of malignant tumors, and the
Ki-67 index has been considered as a biomarker of tumor
aggressiveness [7]. Higher nodal stage always presents a
higher risk of recurrence, and oxaliplatin appears to have in-
creased benefit for patients with these statuses [8]. Patients
with well-differentiated tumors have been found to have better
overall survival rates [9]. Thus, identifying the biological
characteristics of CRC may contribute to a tailored treatment
and may increase survival rates.

Undoubtedly, histopathology and molecular sequencing
are the main methods of determining biological characteris-
tics. However, the spatial and temporal heterogeneities that
tumors show vary from gene to tissue [10]. The risks of inva-
sive sampling and potential complications [11] limit the appli-
cation of these methods in real-time monitoring of disease
progression and tumor biological characteristics. However,
medical imaging can capture tumor macroscopic imaging fea-
tures that reflect microscopic changes in genomic and proteo-
mic patterns [12], and it offers the ability to comprehensively,
noninvasively, and repeatedly evaluate tumor biological char-
acteristics and monitor tumor response to treatment in real
time. In particular, multiparametric magnetic resonance imag-
ing (MP-MRI) can reveal the phenotypic differences of tu-
mors to a certain extent by showing signal intensity and en-
hancement characteristics [13]. Besides, in comparison with a
mono-modality imaging method such as computed tomogra-
phy (CT), MP-MRI can provide more valuable data for
radiomics through high-throughput extraction of quantitative
image features [14].

With radiomic techniques, the quantitative imaging fea-
tures could be extracted and used for subsequent machine
learning-based analysis to generate imaging biomarkers for
evidence-based clinical decision-making [15]. Recent studies
of CRC have showed encouraging evidence that radiomic

features can be applied to predict characteristics including
lymph node metastasis [16], outcomes of neoadjuvant chemo-
radiation [17-19], and tumor development stage [20].
However, there have been no reports of radiomic studies using
MP-MRI with larger data and independent testing. More im-
portantly, the studies that have been done mainly focused on
the evaluation of one characteristic, but the oncogenesis, me-
tastasis, and cancer reaction to treatment are affected by mul-
tiple tumor biological characteristics, and thus, a comprehen-
sive radiomic analysis investigating the evaluation of multiple
biological characteristics is required. Besides, in the current
radiomics workflow [15], it is important to figure out the op-
timal combination of feature selection and classifier modeling
methods to achieve the best performance.

Therefore, in this study, we tried to establish and validate
radiomic signatures based on MP-MRI to noninvasively eval-
uate biological characteristics of rectal cancer.

Materials and methods

Patients profiles, image acquisition, and biological
tests

Retrospective data evaluation was approved by the local ethics
committee. The requirement for evidence of informed consent
was waived because of the retrospective nature of our study.
Medical data for all patients who underwent radical resection
for rectal cancer at the Sixth Affiliated Hospital of Sun Yat-sen
University (Guangzhou, China) between June 2013 and
October 2016 were collected retrospectively. After we exclud-
ed the patients who received preoperative therapy, we enrolled
a total of 345 patients who underwent rectal MRI within
2 weeks before surgery and for whom there was postoperative
data on HER-2, Ki-67, lymph node metastasis status, tumor
differentiation, and/or KRAS gene mutation.

For each biological characteristic, the patients for whom
there were data available about the characteristic were classi-
fied as a subgroup, for a total of five subgroups. In each sub-
group, the patients were divided into two labeled classes by
dichotomizing the characteristic on the basis of its clinical
usefulness and its distribution, and the Ki-67 dividing thresh-
old of 40%, which is supported by previous studies [21]. The
principles of divisions are shown in Table 1.

Of those 345 patients, 197 treated between June 2013 and
December 2015 were assigned to the discovery dataset, and
148 patients treated between January 2016 and October 2016
were assigned to an independent validation dataset. Patients’
clinical characteristics, including age, sex, carcinoembryonic
antigen (CEA) level, and preoperative/postoperative clinical
stage were obtained from medical records. The details of rectal
MRI protocol, patient’s profiles, and biological test results are
presented in supplements A and B of this article.
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Table 1 The principles of

labeling patients in each subgroup Label HER-2 Ki-67 Differentiation Lymph node metastasis KRAS-2
>0 >40% Well-differentiated Metastasis Mutation
0 =0 <40% Others No metastasis Wild-type

Radiomic feature extraction

For each patient, the tumor volume of interest (VOI) was de-
termined by manual delineating tumor contours slice-by-slice
on T2W-MRI images using Medical Imaging Interaction
Toolkit (MITK) software (version 2013.12.0; http://www.
mitk.org/). All MP-MRI volumes were resampled to the same
resolution. The T1W, DWI, and DCE-MRI volumes were
aligned to T2W-MRI using in-house software [22] based on
open-source Insight Segmentation and Registration Toolkit
(ITK, version 4.7.2; https://itk.org/). As a result, the VOI
generated from T2W-MRI could be used in all MRI sequences.

The feature-extraction algorithm was developed and modified
on the basis of an open access program [23, 24] (https://github.
com/mvallieres/radiomics/) and executed with MATLAB
(version 2015a; MathWorks). Radiomic features were extracted
from MRI sequences for each patient. The radiomic features that
can be divided into five categories [17, 23, 25]: 9 geometric
features, 14 first-order statistical features, 56 texture features,
560 wavelet features, and 5 time-intensity curve (TIC) features.
Prior to the computation of texture features, all volumes were
resampled to an isotropic voxel size of axial plane resolution
using cubic interpolation and the full intensity range of the tumor
region was quantized to 32 gray levels. The detailed radiomic
features list was described in supplement C.

Feature selection and classifier modeling

The manual delineation may introduce a degree of uncertainty
in determination of tumor VOI. And some of the features ex-
tracted from the manual delineated tumor VOI may have low
reproducibility when the tumor VOI was manually delineated
by different persons or at different times. To eliminate the fea-
tures with low reproducibility [16], two radiologists (radiologist
1 with 6 years of experience in MRI interpretation and radiol-
ogist 2 with 5 years of experience) were assigned to delineate
the tumor VOI. Radiologist 1 carried out a sequence of delin-
eations at two different times and radiologist 2 carried out a
once-only delineation. The features obtained were computed
after each delineation was carried out. The interclass and
intraclass correlation coefficients (ICCs) of the interobservers
(radiologist 1 vs radiologist 2) and the intraobserver (radiologist
1) were computed. A large value of the ICC represents a high
degree of reproducibility and vice versa. As a result, features of
low interclass or intraclass ICC values were considered to be of
low reproducibility and were therefore removed.
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To identify redundant features, the pair-wise feature corre-
lations were calculated to build Pearson’s correlation matrixes
[15]. If two features are highly correlated, the mean absolute
correlation of each feature was calculated and the feature with
the largest mean absolute correlation was considered to be
redundant and eliminated.

After elimination of redundant features and the features
with low reproducibility, we used feature-ranking algorithms
[26] to identify the most important features on the basis of a
heuristic scoring criterion, and only the top-ranked features
were kept. We used a univariate ranking method (Wilcoxon
rank-sum test [WLCX]) and a multivariate ranking method
(minimum redundancy maximum relevance [MRMR])
[26-28]. WLCX is a representative univariate method and
achieved best performance in a study investigating 14 feature
selection methods [26]. MRMR is a representative and highly
cited multivariate method [27] and had the best performance
among 13 feature selection methods [28].

The top-ranking radiomic features were input to a classifier
to build a radiomic signature for the evaluation of each biolog-
ical characteristic. Three classifiers were evaluated in this study,
including the least absolute shrinkage and selection operator
(LASSO) [16], the random forest (RF) algorithm [26, 29],
and the support vector machine (SVM) [26, 29]. RF achieved
the best performance among 179 classifiers based on the 121
different datasets in a large comparative study [29], and SVM
achieved the second-best performance and there was no statis-
tically significant difference with RF results. Besides, LASSO
was the main method in current radiomic studies [12] and
showed excellent performance [16]. Classifiers were trained
using 10-fold cross-validation on the discovery dataset to de-
termine the optimal parameter configuration for classifiers.
Although some classifiers such as RF and LASSO already have
an inherent feature selection/weighting mechanism built into
the training, previous studies have shown that adding prior
feature ranking procedure may be helpful to improve the final
performance [26, 28]. We also performed the training without
prior feature ranking to validate the influence of this procedure.

The radiomic signatures were tested on the independent
validation dataset, and their discrimination performance were
assessed using receiver operating characteristic (ROC) curve
analysis and quantified by the area under the ROC curve
(AUC) [30]. The radiomic signature with the highest AUC
was selected as the optimal radiomic signature.

In addition, we use multivariable logistic regression to
build integrated evaluation models with the discovery dataset
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by using the optimal radiomic signature and clinical charac-
teristics (age, sex, CEA level) as input. To build an integrated
evaluation model, we determined the optimal combinations of
the optimal radiomic signature and all subsets of clinical char-
acteristics by using the Akaike information criterion [16]. The
discrimination ability of the integrated evaluation model was
also tested on the independent validation dataset and assessed
by the AUC. The DeLong test [31, 32] was used to compare
the AUCs for the integrated evaluation model against the cor-
responding optimal radiomic signature. For lymph node status
evaluation, the MRI-reported lymph node status in the preop-
erative image manual identification report was also compared
with radiomic signature. And the integrated evaluation model
incorporating MRI-reported lymph node status was tested.

The R software (3.3.2) was used to conduct feature se-
lection, classifier modeling, and statistical analysis. The
theory of the feature-ranking algorithms and the introduc-
tion and parameter-tuning process of classifiers are de-
scribed in supplements D and E.

Results
Patient profiles

The patient profiles for subgroups gathered according to bio-
logical characteristics are given in Table 2. Label status has
already been described in Table 1. As a result of missing data,
subgroups have unequal sizes.

Feature selection and acquisition of radiomic
signatures

A total of 2534 radiomic features were extracted for each
patient. The features with low reproducibility that had intra-
or inter-observer ICC of < 0.75 were excluded, so the number
of features was reduced to 1547. Subsequently, the pair-wise
Pearson correlation coefficients were calculated. The thresh-
old for identifying highly correlated feature pairs was 0.9,
leaving 446 features for Ki-67, 445 for HER-2, 456 for lymph
node metastasis, 449 for differentiation, and 427 for KRAS-2,
respectively. The remaining features were ranked by WLCX
and MRMR, and then, the top 50 features were selected.

The classifiers RF, LASSO, and SVM were trained on the
discovery dataset using the top-ranked features, which ranged
from 5 to 50 with increments of 5, to build radiomic signa-
tures. The discrimination abilities of radiomic signatures were
tested on the independent validation dataset (Table S2). For
each subgroup, the optimal signature with the highest AUC
was selected. The optimal signature for evaluating Ki-67 sta-
tus was obtained by combining the top 20 features selected by
WLCX and classifier RF. The combination of the top 10 fea-
tures selected by MRMR and classifier LASSO provided the

optimal radiomic signatures in evaluating HER-2, lymph node
metastasis, tumor differentiation, and KRAS-2 gene status.
The features used in building optimal radiomic signatures
along with their formulas are given in Table S3.

Table 3 shows how each optimal signature performed. The
AUC:s of optimal signatures were also compared with a ran-
dom guess by chance with an AUC of 0.5; the p values from
the DeLong test are given in Table 3. Figure 1 shows the ROC
curves for each biological characteristic; the point on the dis-
covery ROC curve that was closest to the upper left corner was
selected as the cutoff [33]. The radiomic signatures allowed
scoring of each patient, and the cutoff was used as the score
threshold. Patients’ scores below or above the cutoff were
considered to be labeled 0 or 1. Then, the corresponding ac-
curacy, sensitivity, and specificity values were calculated
(Table 3). Figure 2 shows examples of MRI images used. In
the clinical setting where the extracted radiomic features were
used as input, the radiomic signatures scored each patient. For
HER-2, the cutoff for a radiomic signature was 0.681, one
patient’s score of 1.556 was higher than the score of 0.681
identified to have a label of 1 (HER-2 >0), and another pa-
tient’s score was identified to have a label of 0 (HER-2=0).

There was a significant difference in HER-2 label between
discovery and validation set (Table 2). To evaluate the impact of
this difference, we resampled the validation data and calculated
the AUC of validation 1000 times. In each resampling, 36 nega-
tive samples were randomly selected to make sure the ratio of
positive to negative samples in the resampled validation set was
equal to the ratio in discovery set. The AUC of resampled vali-
dation sets was 0.695 £0.031 (mean value + standard deviation),
and it was very close to the AUC of whole validation set (0.696).
This demonstrated that the proposed radiomic signature was in-
sensitive to the distribution of samples and had good stability.

For lymph node status evaluation, we calculated the accu-
racy of MRI-reported lymph node status from the preoperative
image report. The MRI-reported lymph node status has accu-
racy, sensitivity, and specificity of 0.613, 0.704, and 0.559,
respectively. The radiomic signature has similar performance
with the MRI-reported lymph node status.

Radiomic heat maps for all patients are shown in Figure S1.
These represent the values of imaging features used in the
optimal signatures for all patients, the scores of the radiomic
signatures, and the corresponding labels for each patient.

Performance of integrated evaluation models

The integrated evaluation models which combined the opti-
mal radiomic signature and clinical characteristics (age, sex,
and CEA level) showed no statistically significant (p >.05)
improvements in AUCs in comparison with radiomic signa-
tures. For lymph node status evaluation, after the addition of
MRI-reported lymph node status, AUC of the integrated eval-
uation model was significantly (p <.05) improved from 0.752
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Table 2 Patient profiles of each

subgroup

Characteristic Age (years) Sex (%) Label (%) Total
M F 0 1

HER-2
Discovery 58.99+11.83 110 (60.1) 73 (39.9) 61 (33.3) 122 (66.7) 183
Validation 60.85+12.30 87 (62.1) 53 (37.9) 68 (48.6) 72 (51.4) 140
p value .186 .691 .011

Ki-67
Discovery 59.37+£11.71 111 (59.7) 75 (40.3) 74 (39.8) 112 (60.2) 186
Validation 61.06+12.51 87 (61.7) 54 (38.3) 51(36.2) 90 (63.8) 141
p value 265 706 524

Lymph node metastasis
Discovery 59.48£11.77 114 (60.0) 76 (40.0) 128 (67.4) 62 (32.6) 190
Validation 61.10+£12.44 92 (63.0) 54 (37.0) 83 (56.8) 63 (43.2) 146
p value 209 .608 .089

Differentiation
Discovery 59.16+11.78 108 (61.0) 69 (39.0) 124 (70.1) 53(29.9) 177
Validation 61.28+12.37 84 (61.3) 53 (38.7) 108 (78.8) 29 (21.2) 137
p value 141 1.000 127

KRAS-2
Discovery 59.76 £11.96 98 (58.7) 69 (41.3) 103 (61.7) 64 (38.3) 167
Validation 60.02+12.27 62 (62.6) 37 (374) 56 (56.6) 43 (43.4) 99
p value .879 .667 .550

Ages are shown as mean + standard deviation; other data are number of patients, with percentage in parentheses.
The p values are derived from the comparison between the discovery set and the validation set, using the chi-
square test for sex and label or the Wilcoxon rank-sum test for age

to 0.804 in the discovery dataset, and improved from 0.677 to
0.697 in the validation dataset (» =0.470). The formula and

Table 3  Performance of optimal radiomic signatures

performance of the integrated evaluation models for lymph
node metastasis are listed in Table 4.

Characteristic AUC 95% CI p value Cutoff ACC SEN SPE
HER-2

Discovery 0.707 0.627,0.787 .000 0.681 0.678 0.713 0.607

Validation 0.696 0.610,0.782 .000 - 0.621 0.667 0.574
Ki-67

Discovery 0.607 0.525,0.689 .014 0.398 0.570 0.622 0.536

Validation 0.699 0.611,0.786 .000 - 0.582 0.863 0.422
Lymph node metastasis

Discovery 0.752 0.682,0.822 .000 —-0.774 0.668 0.774 0.617

Validation 0.677 0.591,0.763 .000 - 0.610 0.762 0.494
Differentiation

Discovery 0.675 0.591,0.759 .000 —-0.855 0.622 0.679 0.597

Validation 0.720 0.621,0.819 .000 - 0.606 0.759 0.565
KRAS-2

Discovery 0.669 0.586,0.753 .000 —0.307 0.665 0.531 0.748

Validation 0.651 0.539,0.763 .009 - 0.616 0.581 0.643

p values were derived from the DeLLong test of comparing AUCs between radiomic signatures and random guess by chance, with an AUC of 0.5

The cutofts were the same for the discovery and the validation set. AUC area under the curve, ACC accuracy, C/ confidence interval, SEN sensitivity,

SPE specificity
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Fig. 1 The receiver operating characteristic curves of radiomic signatures. a HER-2. b Ki-67. ¢ Tumor differentiation. d KRAS-2. e Lymph node
metastasis. For lymph node metastasis, the ROC curves of integrated evaluation model were also plotted

Discussion

We tried to find any association between MRI features and
biological characteristics by using radiomic approaches. Our
main findings concern radiomic signatures and integrated
evaluation models in the evaluation of five biological charac-
teristics: level of HER-2, fraction of Ki-67-positive tumor
cells, lymph node metastasis, tumor differentiation, and
KRAS gene mutation in exon 2 codons 12 and 13 (KRAS-2).

For each MP-MRI modality, we extracted most of the
features mentioned in the current literatures. After evaluat-
ing features and eliminating redundancies, we used the re-
maining features to build radiomic signatures, and we inves-
tigated two feature-ranking methods (WLCX, MRMR) and
three classifiers (LASSO, RF, and SVM). Other researchers
have reported excellent performance for these ranking
methods and classifiers [16, 26, 29, 34]. Moreover, the tools
were publicly available, which ensures their reproducibility.
For all biological characteristics, the optimal radiomic sig-
natures showed statistically significant discrimination abil-
ity. For lymph node evaluation, radiomic signature had sim-
ilar performance with MRI-reported lymph node status. The
integrated evaluation model incorporating radiomic signa-
ture and MRI-reported lymph node status showed signifi-
cant improvements. The results indicate that the machine

learning-derived knowledge and manual identification
knowledge are mutually complementary.

In the five optimal radiomic signatures, four of the signa-
tures were built using the top 10 features selected by MRMR,
and one was built using the top 20 features from WLCX. Even
though RF and LASSO have built-in feature selection mech-
anism, it showed that the prior feature ranking before training
could improve the final performance of classifiers. MRMR
ranked features according to multivariate interaction within
the features; it was one of the most powerful feature-
selection methods and showed good performance in several
studies [28, 34, 35]. In contrast, WLCX was a simple univar-
iate feature-ranking method, and it just took the difference of
features between two classes into consideration, but it also
performed well in some studies [26].

For the features used in optimal radiomic signatures, wavelet
features were the majority (15/20 for Ki-67, 7/10 for HER-2,
8/10 for lymph node metastasis, 7/10 for tumor differentiation,
and 7/10 for KRAS-2). The wavelet features can quantify intra-
tumor heterogeneity at different scales that cannot be recog-
nized by the naked eye. Several studies also showed that wave-
let features had strong prognostic abilities and were important
components in building radiomic signatures [25, 35, 36].

There were four MRI sequences used in the feature extrac-
tion. After the features were selected and the redundant,
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Fig. 2 Preoperative images obtained by multiparametric magnetic resonance imaging and radiomic signature scores of patients with rectal cancer with
different biological characteristics. The far-right column lists the corresponding scores of optimal radiomic signatures and the cutoffs

unstable, or inessential features were eliminated, we still were
able to find the image features derived from each MRI sequence
in the final features used for optimal radiomic signatures, which
suggests that all MRI sequences are important and could pro-
vide complementary information in radiomic analysis. In par-
ticular, ADC maps, DCE-MRI, and T2W-MRI identified the
highest number of features in the optimal radiomic signatures of

@ Springer

Ki-67 (7/20), HER-2 (5/10), and lymph node metastasis (4/10).
For the optimal signatures of tumor differentiation, T2W-MRI,
and ADC maps revealed the same highest number of features
(3/10); for KRAS-2, TIW-MRI, and DCE-MRI provided the
same highest number of features (3/10).

Choosing a proper classifier was also crucial for obtaining
evaluation models with good performance. The LASSO
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Table 4 Formulas and performance of the integrated evaluation model

Lymph node metastasis ~ Formulas AUC 95% C1 P Cutoff ACC SEN SPE

Discovery 1.021 x signature + 1.286 x report —0.823  0.804  0.741,0.868  0.024  —0.518 0.766  0.726  0.786
x gender — 0.242

Validation - 0.697  0.612,0.781 0470 - 0.637  0.730  0.566

p value was from the method of Delong in the test of two AUCs between the integrated evaluation model and the corresponding optimal radiomic
signature signature, optimal radiomic signature, report MRI-reported lymph node status, 95% CI 95% confidence interval of AUC, ACC accuracy, SEN

sensitivity, SPE specificity

classifier performed best in evaluating HER-2, lymph node
metastasis, tumor differentiation, and KRAS mutation. It
should be noted that LASSO has shown high performance in
recent radiomic studies [16, 20, 32, 37]. RF and SVM have
been shown to be excellent and popular classifiers in both
biomedical and other applications [26, 28, 29], but only RF
performed best for evaluating Ki-67, and SVM failed to obtain
better performance than LASSO or RF. These results indicate
that LASSO has certain advantages in radiomic analysis.

Only a few researchers have conducted radiomic analysis
that is based on MP-MRI to evaluate tumor characteristics.
Recently, Nie et al [17] investigated MP-MRI radiomics anal-
ysis of outcomes of neoadjuvant chemoradiation in rectal can-
cer. Because the study involved only 48 patients, the number
of extracted features was limited, and thus, many image fea-
tures were not taken into account. Furthermore, there was no
external independent test for comparison.

One of the limitations of our study is the lack of multi-
institutional validation of radiomic signatures. Huang and col-
leagues [16] reported on the performance of radiomic nomograms
for evaluation of lymph node metastasis in CRC based on CT
images. Their proposed nomogram performed comparable (CI/
AUC=0.736 and 0.778 for discovery and validation) with our
integrated evaluation model did (AUC = 0.804 and 0.697 for dis-
covery and validation), but their patient cohorts differed from
ours, and MRI undoubtedly has greater advantages in reflecting
tumor heterogeneity, primary tumor T stage, and peripheral soft-
tissue invasion for rectal cancer diagnosis. Therefore, much work
should to be done in the future to compare the performance of
radiomic signatures based on CT and MRI for all biological char-
acteristics in the same patient cohort. Besides tissue characteris-
tics, MRI signal intensity is related to many factors, such as
strength and uniformity of the main magnetic field, the sequence
used, and the imaging parameters used (TR, TE, trigger angle,
and others). Thus, the application of MRI for radiomics has been
thought to be complicated by many issues because of the intrinsic
difficulty of normalization and regularization of MRI signals [38].
Obviously, much work is necessary to make it practical to use
MRI radiomic models clinically, especially for data from different
MRI scanners and even from different hospitals.

In conclusion, radiomic signatures have the potential to be
used noninvasively in the evaluation of biological characteristics
of rectal cancer, which may help in individualizing treatment.
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