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Background: The preoperative evaluation of the expression levels of Ki-67, p53, and epidermal growth
factor receptor (EGFR) based on magnetic resonance imaging (MRI) of rectal cancer is necessary to facilitate
individualized therapy. This study aimed to develop and validate radiomics models for the evaluation of the
expression levels of Ki-67, p53, and EGFR of rectal cancer from preoperative MRIL.

Methods: In this retrospective study, 124 patients (38 in the test group and 86 in the training group)
with rectal cancer who underwent preoperative MRI and postoperative Ki-67, p53 and EGFR assay were
included in Longyan First Affiliated Hospital of Fujian Medical University from June 2015 to October
2019. A total of 796 radiomics features were acquired from both diffusion-weighted imaging (DWI) and
T2-weighted imaging (T2WI). Least absolute shrinkage and selection operator (LASSO) and the minimum
redundancy maximum relevance (mRMR) were used to select the most predictive texture features, and then
the radiomics score (Rad-score) models were derived to evaluate Ki-67, p53, and EGFR expression status
based on the radiomics signature. The receiver operating characteristic (ROC) was used to assess the model’s
performance, and the reliability was verified via accuracy, sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV).

Results: The Rad-score evaluation of Ki-67 expression status yielded area under the curve (AUC) values of
0.91 [95% confidence interval (CI): 0.87-0.95] and 0.81 (95% CI: 0.66-0.96) in the training and test groups.
The evaluation of p53 expression produced AUC values of 0.82 (95% CI: 0.77-0.88) and 0.80 (95% CI:
0.65-0.96). For evaluating EGFR expression status in both training and test groups, the AUC values were 0.86
(95% CI: 0.81-0.91) and 0.76 (95% CI: 0.58-0.93), respectively. While Rad-score of Ki-67 expression status
in the training group obtained the top accuracy, sensitivity, specificity, and PPV with values of 0.85, 0.80, 0.92,
and 0.93.

Conclusions: Preoperative MRI-based radiomics analysis has the ability to noninvasively assess the
postoperative Ki-67, p53, and EGFR of rectal cancer.
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Introduction

Colorectal cancer (CRC) ranks as the third highest in
incidence among malignant diseases worldwide (1).
Rectal cancer is a unique subgroup of CRC and a crucial
contributor to cancer-related death.

Several immunohistochemical biomarkers have been
identified (2) to evaluate biological behavior as a marker
of tumor cell proliferation, such as the expression levels of
Ki-67, p53, and epidermal growth factor receptor (EGFR).
The expression of Ki-67 helps to enhance the proliferation
of malignant tumors, and the Ki-67 index is regarded as
a biomarker of tumor aggressiveness. The overexpression
of Ki-67 in lesions was related to worse overall survival
or disease-free survival (3). The p53 protein inhibits the
advancement of solid and hematological tumors (4), which
has been shown to be mutated in virtually all tumor entities.
EGEFR is a tumor oncogene that regulates a number of cell
responses and is involved in cell differentiation, proliferation
and apoptosis, and EGFR amplifications or overexpression
could direct patients to targeted therapies (5).
Hur ez al. (6) found that low p53 expression and/or high
p21 and Ki-67 expression were associated with a greater
pathologic chemical response rate and that a scoring system
based on biomarker expression levels had a favorable
negative predictive value (NPV) and good sensitivity for
predicting pathologic chemical response. However, the
expression of Ki-67, p53, and EGFR of tumor can only
be determined by using biopsy specimens before surgery.
The invasive and incomplete sampling for detecting tumor
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immunohistochemical markers heightens the risk of several
complications, including the risk of bleeding and tumor
metastasis. And thus it is challenging for clinicians to make
accurate judgments of the expression levels of Ki-67, p53,
and EGFR. Therefore, it is crucial to find a non-invasive
method for preoperatively assessing Ki-67, p53 and EGFR
expression to guide the surgical or chemoradiotherapy
strategy decision and monitor the tumor’s progression or
treatment response.

Medical imaging can comprehensively, noninvasively,
and repeatedly evaluate tumor’s characteristics in real time.
In particular, magnetic resonance imaging (MRI) can be
used to stage rectal cancer staging according to the imaging
features of lesions before treatment (7,8). T2-weighted
imaging (T2WI), a traditional MRI sequence, provides
good tissue resolution and can intuitively assess the tumor’s
location and extent. Diffusion-weighted imaging (DWI) is a
functional MRI technique that can be used to noninvasively
analyze the diffusion process of water molecules in tissues
in vivo. However, in clinical work, radiologists assess tumor
characteristics, which include signal intensity, diameter, and
boundaries, based on the naked eye and their individual
experience in T2WI and DWI, which involves a degree of
subjectivity.

Radiomics can reveal the potential relationship between
medical images and microscopic pathophysiological features.
It does this by extracting a large number of quantitative
features from medical images for machine learning—based
analysis, which can overcome the limitations of subjective
imaging-based evaluation and be used to inform clinical
decision-making (9,10). There are several major limitations
of Radiomics, including lack of standardization, prospective
studies and histologic validation (11). However, radiomics
still will be seen as an imaging tool for accurate assessment
of lesions. In CRC, radiomics can detect the tumor, predict
tumor stage (12), microsatellite stability status (13) and
lymph node metastasis (14,15), evaluate the response of
treatment (16), and predict prognosis (17) and disease-
free survival (18). Research has been conducted on the
evaluation of immunohistochemical markers of cancer. One
study found that multiparametric MRI radiomics signatures
could noninvasively assess Ki-67 expression in rectal
cancer (19), with the area under the curve (AUC) value of
0.699 [95% confidence interval (CI): 0.611-0.786]. It is
necessary to further improve the performance of radiomics
models. Liu er /. (20) showed that radiomics approaches
could predict the expression level of Ki-67 in breast cancer.
However, they extracted radiomics features only from a
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306 rectal cancer patients who experienced preoperative
magnetic resonance imaging from June 2015 to October 2019

182 patients were excluded:
e Lack of DWI or T2WI data (n=28)

Y

* Poor image quality of MRI (n=19)
* Chemoradiotherapy before operation (n=73)
e Lack of p53, EGFR or Ki-67 data (n=62)

A

124 patients were available

v \

v

Ki-67 p53
n(0)=41, n(1)=83 n(0)=47, n(1)=77

EGFR
n(0)=83, n(1)=41

Figure 1 The workflow of the research. DWI, diffusion weighted imaging; T2WI, T2-weighted imaging; MRI, magnetic resonance

imaging; EGFR, epidermal growth factor receptor; 0, negative; 1, positive.

single image of the largest cross-section of the tumor, which
may result in the missing of crucial information about
tumor heterogeneity. Therefore, the region of interest (ROI)
should include each slice of the tumor and then be merged
into the volume of interest (VOI).

Therefore, in our study, we built and validated MRI-
based radiomics signatures for the noninvasive evaluation
of the Ki-67, p53, and EGFR expression of rectal cancer.
We present this article in accordance with the TRIPOD
reporting checklist (available at https://jgo.amegroups.com/
article/view/10.21037/jgo-24-220/rc).

Methods
Patients

This retrospective study was approved by the Ethics
Committee of Longyan First Affiliated Hospital of Fujian
Medical University (ethical approval No. [2020] No. 036),
and no patient informed consent was required. The study
was conducted in accordance with the Declaration of
Helsinki (as revised in 2013) (21).

Data from 306 patients who underwent radical resection
for rectal cancer from June 2015 to October 2019 were
retrospectively collected. The inclusion criteria for patients
were as follows: (I) both DWI and T2WI data available;
(I) presence of primary rectal adenocarcinoma; (III) no
treatment received before operation; (IV) performance
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of total mesorectal excision (TME) surgery; and (V)
complete data on p53, EGFR, and Ki-67 expression.
Meanwhile, the exclusion criteria were as follows: (I) lack
of DWI or T2WI data; (II) poor image quality of MRI;
(III) chemoradiotherapy before operation; and (IV) lack
of p53, EGFR, or Ki-67 data. Finally, 124 patients were
enrolled; the workflow for this study is displayed in Figure 1.
Pathological TNM staging was applied in the study.

MRI data acquisition retrieval procedure

Within 1-2 weeks prior to the surgery, all patients
underwent an MRI with 1.5-T MR scanners (Signa HDxt,
GE HealthCare, Chicago, IL, USA) equipped with 8-channel
phased-array body coils. The patients were placed in the
supine position, and no bowel preparation was required
before the examination. The standard rectal MRI protocol
was followed and shown in 7able 1. Axial DWI images were
acquired by employing single-shot echo-planar imaging
with two b-values (0 and 800 s/mm?), with echo time (TE)
=77 ms, repetiion time (TR) =5,000 ms, field of view (FOV)
=280 mm x 280 mm, gap =1.0 mm, matrix =128x128, and
thickness =5.0 mm. Fast recovery fast spin-echo was used to
acquire T2WI images with FOV =280 mm x 280 mm, TR
=5,300 ms, echo train length =16, TE =116 ms, gap =0 mm,
matrix =384x384, and thickness =3 mm. For additional image
processing, all MRI data were extracted from the picture
archiving and communication system (PACS).
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Table 1 MRI protocols of T2WI and DWI
Variables TE (ms) TR (ms) FOV (mm) Thickness (mm) Gap (mm) Matrix
DWI 77 5,000 280x280 5.0 1.0 128x128
T2WiI 116 5,300 280x280 3.0 0 384x384

MRI, magnetic resonance imaging; T2WI, T2-weighted imaging; DWI, diffusion weighted imaging; TE, echo time; TR, repetition time; FOV,

field of view.

Figure 2 A 61-year-old male with T3N2MO rectal cancer. (A) Original T2-weighted magnetic resonance image. (B) Region of interest in

one slice. (C) Three-dimensional region of interest composition.

Immunobistochemical biomarkers tests

EGFR, Ki-67, and p53 expression was detected via
immunohistochemistry. The fraction of positive cells in
five high-power fields was used to assess the expression. A
proportion of positive tumor cell nuclei <25% was denoted
as “+”, a proportion of >25-<50% as “++”, and a proportion
>50% as “+++”. Moreover, in line with other studies
(22,23), the cutoff threshold was 50% ++ (24-27), according

to which all patients were divided into two classes (0 =
negative, <50%, and 1 = positive, >50%).

ROI delineation and radiomics feature extraction

From the T2WI and DWI data, the ROI was drawn on each
slice manually using ITK-SNAP software (www.itksnap.
org) (28). ROIs were drawn along the tumor’s outline and
placed on the marginally high signal area on T2WI. The
same tumor outline, including any signal intensity region
areas of the lesion on DWI (b-value of 800 s/mm?), was
considered to be the ROI. Subsequently, the ROIs of
each slice were merged automatically into the VOIs. Two
radiologists, each with 10 years’ experience in diagnosis
of rectal cancer, worked together to complete the ROI
delineation. One radiologist determined the contours and
plotted the shape along the boundaries by layers. The other

© AME Publishing Company.

radiologist calibrated and verified the results before the
entire tumor scope was plotted. The intraclass correlation
coefficients (ICCs) of the observers were computed. The
ROI delineation is shown in Figure 2.

Artificial Intelligence Kit software (GE HealthCare) was
used to extract imaging characteristics from normalized
pretreatment DWI and T2WTI data with segmented VOlIs,
with 398 radiomics parameters being extracted from T2WI
and DWI, respectively.

Feature selection method and model construction

All patients were randomly assigned to validation and
training cohorts in a 3:7 ratio. To minimize discrepancies
in the value scales of features, feature normalization was
completed using Z-score (each feature was subtracted from
the mean value and divided by the standard deviation) in the
training cohorts. The multicollinearity threshold was 0.9, and
the outlier removing threshold was 0.05. Abnormal values
were displaced by the median value of the feature. In order
to identify redundant features, two dimension reductions
were performed as follows: the least absolute shrinkage and
selection operator (LASSO) and the minimum redundancy
maximum relevance (mRMR) were used to select the
feature. mRMR was initially carried out for removing the
unnecessary and redundant features. Following this, LASSO
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was used to select the best subset of characteristics from
which to build the final model. The best predictive subset of
characteristics was chosen once the number of features was
established, and the associated coefficients were evaluated.
The radiomics score (Rad-score) signature was calculated by
adding the selected features weighted by their coefficients
in the validation and training cohorts. We used receiver
operating characteristic (ROC) analysis to assess the model’s
performance and decision curve analysis (DCA) to evaluate
the model’s clinical usefulness.

Statistical analysis

The SPSS version 22.0 IBM Corp., Armonk, NY, USA)
was used, and the ’ or Fisher exact test was applied to
analyze the clinical characteristics of patients. R software
version 3.3.2 (The R Foundation for Statistical Computing;
https://www.r-project.org) was used to carry out radiomics
data analysis. The “pROC” package in R was used to
analyze the ROC curve. The AUC was used to evaluate the
model’s performance. Accuracy, sensitivity, NPV, specificity,
and positive predictive value (PPV) were identified using
the Youden index to compare differences in biological
characteristics. Variables with a P value <0.05 were
considered statistically significant.

Results
Patient demographic data

This study included 124 patients who were categorized into
training (n=86) and test (n=38) groups. The demographic
parameters of the patients are listed in 7able 2. There were
78 men (62.9%) and 46 women (37.1%), and 62.9% of the
participants were over 60 years old. The majority of cancers
were in the middle of rectum (n=72, 58.1%), T3 stage (n=71,
57.3%), NO stage (n=67, 54.0%), and MO stage (n=112,
90.3%) and with a moderate degree of differentiation
(n=102, 82.3%). However, there were only significant
differences in sex between the Ki-67-positive and Ki-67-
negative patients (P<0.05) and no significant differences in
age, location, differentiation degree, or TNM stage between
the Ki-67-positive and Ki-67-negative patients, p53-positive
and p53-negative patients, or between the EGFR-positive
and EGFR-negative patients (P>0.05).

Feature selection and radiomics signature construction

The 30 features were chosen using LASSO and mRMR
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from a total of 796 features. LASSO was performed to select
the best subset of characteristics to build the final model.
The LASSO procedure entailed selecting a regularization
parameter A and identifying the number of the features
for Ki-67, p53, and EGFR, as shown in Figure S1. The
most predictive features were selected, and the coefficients
associated with each feature were assessed (Figure 3).

Development and validation of the radiomics signature

Rad-scores of Ki-67, p53, and EGFR were calculated by
adding the weights of the selected features’ values by their
coefficients. The Rad-scores’ final formula is provided in
Appendix 1. The Rad-scores from class 0 and class 1 (0 =
negative, 1 = positive) were compared in the training and
test groups, respectively, using the Wilcoxon test, with all P
values being less than 0.05 (Figure 4). The performance of
the three models was assessed using ROC analysis (Figure
5). In addition, we calculated the sensitivity, NPV, accuracy,
specificity, PPV based on the Youden Index to verify that
the outcomes were reliable. The detailed information on
the performance of the three models is presented in Table
3. The Rad-score for evaluating the expression status of
Ki-67 yielded AUC values of 0.91 (95% CI: 0.87-0.95)
and 0.81 (95% CI: 0.66-0.96), accompanied by accuracy,
sensitivity, specificity, PPV, and NPV values of 0.85, 0.80,
0.92, 0.93, and 0.78 in the training group, and of 0.75,
0.75, 0.75, 0.86, and 0.60 the test group, respectively.
The evaluation of p53 expression status yielded AUC
values of 0.82 (95% CI: 0.77-0.88) and 0.80 (95% CI:
0.65-0.96), along with corresponding accuracy, sensitivity,
specificity, PPV, and NPV values of 0.76, 0.80, 0.72, 0.80,
and 0.72 in the training group, respectively, and of 0.75,
0.78, 0.69, 0.82, and 0.64 in the test group, respectively.
For EGFR expression status in both training and test
groups respectively, the AUC values were 0.86 (95% CIL:
0.81-0.91) and 0.76 (95% CI: 0.58-0.93), respectively. The
corresponding accuracy, sensitivity, specificity, PPV, and
NPV were 0.82, 0.76, 0.88, 0.82, and 0.83 for the training
group, respectively, and 0.69, 0.75, 0.67, 0.53, and 0.84 for
the test group, respectively.

Clinical usefulness

Figure 6 shows the DCA findings for the radiomics model.
In terms of clinical applicability, the DCA outcomes were
promising. The threshold of achieving prediction was 0%
and 100%. The Rad-scores for predicting the expression
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Table 2 Clinicopathological features of 124 patients with rectal cancer
Ki-67, n p53, n EGFR, n
Variables N (%)
0 (n=41) 1 (n=83) 0 (n=47) 1 (n=77) P 0 (n=83) 1 (n=41) P
Gender 0.04 0.87 0.76
Male 78 (62.9) 31 47 30 48 53 25
Female 46 (37.1) 10 36 17 29 30 16
Age (years) 0.93 0.55 0.38
<60 46 (37.1) 15 31 19 27 33 13
>60 78 (62.9) 26 52 28 50 50 28
Major location 0.54 0.10 0.16
Upper 27 (21.8) 10 17 8 19 14 13
Middle 72 (58.1) 21 51 25 47 52 20
Lower 25 (20.1) 10 15 14 11 17 8
Differentiation degree 0.44 0.39 0.79
Poor 17 (13.7) 8 9 9 8 12 5
Moderate 102 (82.3) 32 70 36 66 67 35
Well 5 (4.0) 1 4 2 3 4 1
pT stage 0.17 0.82 0.84
<T2 34 (27.4) 7 27 13 21 24 10
T3 71 (57.3) 26 45 28 43 47 24
T4 19 (15.3) 8 11 6 13 12 7
pN stage 0.41 0.55 0.23
NO 67 (54.0) 20 47 27 40 48 19
N1-3 57 (46.0) 21 36 20 37 35 22
pM stage 0.10 0.22 0.76
MO 112 (90.3) 34 78 40 72 74 38
M1 12 (9.7) 7 5 7 5 9 3

EGFR, epidermal growth factor receptor; pT, pathological tumor stage; pN, pathological nodal stage; pM, pathological metastasis stage; 0,

negative; 1, positive.

level indicated a higher benefit in contrast to an all-or-none
treatment prediction.

Discussion

In this study, we develop and validate Rad-score models
consisting of preoperative T2WI and DWI data for the
evaluation of the expression levels of Ki-67, p53, and
EGFR of rectal cancer. The Rad-score models showed
high AUC values (0.91, 0.82, 0.86) in training groups,

© AME Publishing Company.

which demonstrated excellent performance in effectively
predicting the status of Ki-67, p53, and EGFR expression
which may aid in informing the clinical decision-making
related to rectal cancer treatment.

Rad-score models (27) have been proven to be an
excellent approach for predicting Ki-67 expression in
rectal cancer in recent studies, while mRMR and LASSO
(29,30) are feature-selection methods that support the
good performance of radiomics models. For the texture
analysis of the Ki-67, p53, or EGFR expression status in
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Figure 3 The subset of features with the best predictive ability and their corresponding coefficients. (A) Ki-67. (B) p53. (C) EGFR.
Diffusion-weighted imaging texture parameters and T2-weighted texture parameters were features extracted from diffusion-weighted
imaging and T2-weighted imaging, respectively. EGFR, epidermal growth factor receptor.
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Figure 4 Wilcoxon test for comparing the radiomics score of each patient from class 0 (negative) and class 1 (positive) in the training group
and testing group, respectively. (A) Ki-67 yielded P<0.001 and (B) P=0.002 in the training and testing group, respectively. (C) p53 yielded
P<0.001 and (D) P=0.002 in the training and testing group, respectively. (E) EGFR yielded P<0.001 and (F) P=0.01 in training and testing
group, respectively. EGFR, epidermal growth factor receptor.
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Figure 5 Receiver operating characteristic of the model’s performance in the testing and training groups. (A) Ki-67, (B) p53, and (C) EGFR
in the training group. (D) Ki-67, (E) p53, and (F) EGFR in the test group. EGFR, epidermal growth factor receptor; AUC, area under the

curve; CI, confidence interval.

Table 3 Accuracy, sensitivity, specificity, PPV, NPV of 3 models

Variables Accuracy Sensitivity Specificity PPV NPV
Ki-67
Training 0.85 0.80 0.92 0.93 0.78
Test 0.75 0.75 0.75 0.86 0.60
p53
Training 0.76 0.80 0.72 0.80 0.72
Test 0.75 0.78 0.69 0.82 0.64
EGFR
Training 0.82 0.76 0.88 0.82 0.83
Test 0.69 0.75 0.67 0.53 0.84

PPV, positive predict value; NPV, negative predict value; EGFR,
epidermal growth factor receptor.

© AME Publishing Company.

rectal cancer, Meyer et al. (23) found that the maximum
apparent diffusion coefficient (ADC) correlated with EGFR
expression, while kurtosis and skewness correlated inversely
with p53 expression; moreover, they reported there to be
a close association of Ki-67 expression with ADC median,
p10 and p25. However, their study used histogram features
(first-order statistics features) analysis, and there were no
radiomics models applied. In our study, the correlation
between individual features and the level of Ki-67, p53, and
EGFR was not examined directly, but Rad-score models
were developed with different orders of statistics features.
The first-order features were used for characterizing the
distribution of gray values within the image and for the
identification and classification of lesions. The second-
order statistics involved the correlation of two pixels. The
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Figure 6 Decision curves for assessing the clinical usefulness of the model in the training dataset. (A) Ki-67, (B) p53, and (C) EGFR. The
horizontal line represents the assumption of no positive patients. The blue curve represents the standardized net benefit and was classified
as positive (high risk) by the radiomics model at each threshold probability. The green curve represents the standardized net benefit of true
positives at each threshold probability. EGFR, epidermal growth factor receptor.

high-dimensional features involved the correlation of more
pixels that could reflect the spatial characteristics of the
texture and the heterogeneity of tumor characteristics,
thus providing more detailed objective information of
the cancer that correlated with tumor proliferation and
prognosis. Among the optimal radiomics signatures in the
model for Ki-67, the number of second-order statistics
and high-dimensional features was the highest (18/28,
64.3%), followed by that of first-order features (10/28,
35.7%). In the model for p53, the second-order statistics
and high-dimensional features accounted for the majority
of features (19/22, 86.4%), followed first-order features
(3722, 13.6%). Finally, in the model for EGFR, all the
features were second-order statistics or high-dimensional
features. With the combination of fewer first-order
features and a large number of second-order statistics or
high-dimensional features, the radiomics models not only
represented the morphological characteristics but also
indicated the heterogeneities of tumors. This approach
may improve performance of radiomics models. Other
studies (27,31) found that “wavelet” features, a kind of
high-dimensional feature, were major components of
the radiomics model, which is in line with our findings.
However, the AUC of 0.91 in our study indicated a better
predictive ability for evaluating the expression level of Ki-
67 compared to that reported in previous studies with
the AUC of 0.83 on rectal cancer (27). Moreover, T2WI
and DWI can provide complementary information about
tumor and tissue characteristics, the Rad-scores with the
combination of conventional T2WT and functional imaging
DWI features may offer more useful information. In a
recent study by Liu ez 4. (32), a radiomics model with high-

© AME Publishing Company.

dimensional features of T2WI and DWI data could predict
pathological complete response (pCR) of rectal cancer
with high accuracy. Additionally, Ma et a/. (33) reported
that a T2WI-based radiomics model could predict the
N stage, degree of differentiation, and T stage of rectal
cancer. Yao et al. (34) demonstrated that a radiomics model
with features of T2WI, DWI, and another sequence could
predict recurrence and metastasis in rectal cancer. Similarly,
in our research, we combined T2WI and DWI features to
develop and validate Rad-score models and obtained the
highest AUC value and accuracy of 0.91 and 0.85. All of
these studies, including our own, confirm that radiomics
models may support clinical decision-making, providing
noninvasive and accurate evaluation.

Radiomics provides a novel non-invasive strategy for
assessing cell proliferation and has been shown to facilitate
the precise assessment of tumor heterogeneity, which has
an important relationship with the prognosis of various
malignant tumors (35). Besides in rectal cancer, other
diseases have been examined in relation to radiomics and
immunohistochemical expression. Ni ez /. (36) reported
that logistic regression achieved the AUC of 0.912, and
linear support vector machine (SVM) obtained the accuracy
with a score of 0.884 to predict Ki-i67 expression in glioma.
Similarly, in our study, Rad-scores of Ki-67 showed high
AUC value of 0.91, and accuracy of 0.85 in rectal cancer.
Moon et al. (37) developed clinical-radiomic machine
learning models with the AUC and accuracy of 0.820 and
0.867 for predicting Ki-67, and 0.858 and 0.857 to predict
p53 expression in meningioma using MRI features. The
radiomics models in the study of Wu ez a/. (38) yielded
AUC values of 0.74 and 0.95 in the test and training set,
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respectively, in breast ductal carcinoma iz situ. In our
study, the Rad-scores of p53 produced AUC values of 0.82
and 0.80 in the training and test set, indicating the good
predictive ability of the expression of p53 in rectal cancer.
Moreover, the radiomics model of Wu ez 4l. (39) yielded an
AUC of 0.950 and could predict the expression of EGFR
of peripheral lung cancer. In our study, Rad-scores for
evaluating EGFR expression status in both training and test
groups, the AUC values were 0.86 and 0.76, respectively.
Furthermore, we used DCA to quantify net benefits of
Rad-cores under different threshold probabilities for
predicting Ki-67, p53, EGFR expression, and revealed that
the net benefits of Rad-cores were all higher than “None”
and “All”. Radiomics models with optimal radiomics
signatures have shown the ability to predict the status of
immunohistochemical markers in various malignant, and
may thus be used to assist in clinical decision-making in the
different tumors’ treatment.

Radiomics, as a complementary tool for clinicians,
has been widely studied in the management of cancer
patients (40). Radiomics is a more accurate prediction
of tumor cells and Ki-67, p53 and EGFR expression,
which may help prognosticate the heterogeneous clinical
behavior, and reduce time-consuming and costly procedure,
particularly for patients who may be able to avoid or benefit
from aggressive treatment options.

"This study involved certain limitations which should be
acknowledged. Firstly, our study had a relatively limited
sample size and 124 patients were recruited from a single
center, and a much larger patient sample and a dataset
from different centers need to be employed in the future.
Secondly, the MRI data were extracted from a single
MR scanner, and the use of multiple MR scanners would
produce more persuasive results. Additionally, we only
employed radiomics signature to predict the expression
levels of Ki-67, p53, and EGFR of tumor and did not
consider the predictive value of other clinical indicators, and
clinical indicators should be added to further investigation
in the future.

Conclusions

Radiomics signatures for evaluating postoperative
immunohistochemical markers of rectal cancer based on
preoperative MRI were established and validated in this
study. Overall, radiomics has the potential to noninvasively
predict the Ki-67, p53, and EGFR of rectal cancer before

operation is performed.

© AME Publishing Company.
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