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Purpose: Neoadjuvant chemoradiotherapy (nCRT) has become the standard treatment for 
locally advanced rectal cancer (LARC). However, the accuracy of traditional clinical indi-
cators in predicting tumor response is poor. Recently, radiomics based on magnetic resonance 
imaging (MRI) has been regarded as a promising noninvasive assessment method. The 
present study was conducted to develop a model to predict the pathological response by 
analyzing the quantitative features of MRI and clinical risk factors, which might predict the 
therapeutic effects in patients with LARC as accurately as possible before treatment.
Patients and Methods: A total of 82 patients with LARC were enrolled as the training cohort 
and internal validation cohort. The pre-CRT MRI after pretreatment was acquired to extract 
texture features, which was finally selected through the minimum redundancy maximum rele-
vance (mRMR) algorithm. A support vector machine (SVM) was used as a classifier to classify 
different tumor responses. A joint radiomics model combined with clinical risk factors was then 
developed and evaluated by receiver operating characteristic (ROC) curves. External validation 
was performed with 107 patients from another center to evaluate the applicability of the model.
Results: Twenty top image texture features were extracted from 6192 extracted-radiomic features. 
The radiomics model based on high-spatial-resolution T2-weighted imaging (HR-T2WI) and 
contrast-enhanced T1-weighted imaging (T1+C) demonstrated an area under the curve (AUC) of 
0.8910 (0.8114–0.9706) and 0.8938 (0.8084–0.9792), respectively. The AUC value rose to 0.9371 
(0.8751–0.9997) and 0.9113 (0.8449–0.9776), respectively, when the circumferential resection 
margin (CRM) and carbohydrate antigen 19-9 (CA19-9) levels were incorporated. Clinical useful-
ness was confirmed in an external validation cohort as well (AUC, 0.6413 and 0.6818).
Conclusion: Our study indicated that the joint radiomics prediction model combined with 
clinical risk factors showed good predictive ability regarding the treatment response of 
tumors as accurately as possible before treatment.
Keywords: rectal cancer, neoadjuvant chemoradiotherapy, magnetic resonance imaging, 
tumor response

Introduction
The incidence and mortality of colorectal cancer rank the third in the world.1 

Furthermore, the incidence rate of rectal cancer is increasing, accounting for 30% 
of the total incidence rate of colorectal cancer.2,3 Therefore, the treatment of locally 
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advanced rectal cancer (LARC) has been drawn more 
attention. Neoadjuvant chemoradiotherapy (nCRT) before 
total mesorectal excision (TME), which is of great positive 
value to control the progress of the disease, has been 
confirmed to significantly increase the tumor downgrade 
rate.4 Approximately 20% of patients show a pathological 
complete response (pCR), and they have better disease- 
free survival (DFS) after nCRT.5,6 Therefor, nCRT has 
become the standard treatment and has been written into 
the guidelines earlier.7–9 However, recent studies found 
that patients with a good response (GR), who achieved 
a tumor regression grade (TRG) of 0 or 1 other than pCR 
also had a much better prognosis than those with a poor 
response (PR) after nCRT.10,11 Some researchers began to 
question the use of TME for these patients because of its 
severe long-term complications and low quality of life, 
especially permanent colostomy.

Therefore, a lot of studies have been conducted to try 
to predict the therapeutic effect of neoadjuvant therapy. 
Molecular biomarkers based on tissue and blood samples 
have certain predictive value, but invasive operations, 
which may be unnecessary and result in hysteresis, are 
required to get specimens.12 Noninvasive imaging techni-
ques before surgery are now available to evaluate indivi-
dualized treatment. Both fluorodeoxyglucose-positron 
emission tomography (FDG-PET), computed tomography 
(CT), and magnetic resonance imaging (MRI) have certain 
diagnostic value, but recent studies have proved that 
neither FDG-PET nor CT can be used to distinguish ther-
apeutic responses of patients.13 MRI has the characteristics 
of no radiation and high soft tissue resolution, which can 
clearly identify the structure of each layer of the rectal 
wall of the patient and has been widely used in the diag-
nosis of rectal cancer.14,15 MRI is commonly used to 
evaluate patients for a clinical complete response (cCR) 
because of its accuracy in distinguishing the structure of 
tissues.16,17 Patients with cCR were selected to implement 
the “organ preservation strategy”, which was known as 
“watch and wait”, to avoid unnecessary surgery.18–20 

However, imaging diagnoses are often influenced by the 
equipment and doctors.21 Additionally, the complexity of 
the tumor biology itself has been neglected. In recent 
years, the research on radiomics, which acquire data 
from medical data and analyze tumor information to esti-
mate treatment response or predict prognosis has attracted 
much attention and shown great potential for predicting 
tumor response accurately across different types of 
cancer.22 With the development of computer technology 

and image processing software, a great amount of objec-
tive and quantitative texture feature data can be extracted 
based on texture feature analysis of images, which has the 
advantages of being noninvasive, quantitative, and easy to 
obtain and can be followed up dynamically.23 Moreover, 
these data are closely associated with the biological infor-
mation of different tumors.24,25 For instance, it has been 
widely reported that MRI radiomics features might be used 
as potential imaging biomarkers for early prediction of 
LARC response to neoadjuvant treatment.26–32 Although 
MRI radiomics feature is more informative than traditional 
imaging, it is not possible to evaluate the tumor biological 
characteristics of patients only from the perspective of 
radiomics owing to the heterogeneity and clinical com-
plexity of tumors.

In this present study, we tried to develop a multimodal 
prediction model by analyzing the quantitative character-
istics of multi-sequence MRI using the method of radio-
mics combined with clinical features to predict the 
pathological response of LARC to nCRT. We hoped to 
explore the feasibility of using noninvasive methods to 
predict the therapeutic effects in patients with LARC as 
accurately as possible before treatment.

Patients and Methods
Patients
This analysis was approved by the Nanfang Hospital 
Institutional Review Board and the Institutional Review 
Board of the Sixth Affiliated Hospital, Sun Yat-sen 
University. The informed consent requirement was waved 
because the study caused no extra physical, financial or 
psychosocial harm to any patient and had no influence on 
the treatment strategies. We guaranteed that the patient 
data would be used only for this study and not for any 
other purposes, and adhered to the Declaration of Helsinki. 
Two independent cohorts of the patients with LARC who 
underwent nCRT from two different medical centers were 
enrolled in the study. The inclusion criteria were as fol-
lows: (1) clinical II or III stage rectal cancer, (2) 
histologically confirmed adenocarcinoma, (3) intensity- 
modulated radiation therapy (IMRT) including 50 Gy 
delivered for 25 fractions and received standard che-
motherapy including capecitabine, oxaliplatin plus capeci-
tabine or oxaliplatin plus 5-fluorouracil during 
radiotherapy, (4) high-resolution MRI data and clinical 
risk factors within 1–2 weeks before nCRT, and (5) TME 
performed within 6–8 weeks after radiotherapy. The 
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exclusion criterion was a history of malignancy or inflam-
matory bowel disease. From December 2012 to 
December 2017, a total of 189 patients were enrolled in 
the present study from the two independent medical cen-
ters. The training cohort and internal validation cohort that 
comprised 82 patients obtained from Nanfang Hospital 
and the external validation cohort that comprised 107 
patients obtained from the Sixth Affiliated Hospital, Sun 
Yat-sen University, all fulfilling the same enrollment cri-
teria. Baseline epidemiological and clinical factors were 
obtained from medical records. The patient selection pro-
cess is summarized in Figure 1.

MRI Acquisition and Analysis
Patients in our hospital were scanned with 3.0-T MR 
(Achieva; Philips) while others underwent 1.5-T MRI 
(Optima 360; GE Medical Systems) using a phased-array 
coil in the cooperating institution. Bowels were prepared 
with anisodamine to slow down intestinal peristalsis in 
both institutions. MRI was conducted 1–2 weeks before 
the start of chemoradiation, including T2-weighted ima-
ging (T2WI), high-spatial-resolution T2WI, T1WI, con-
trast-enhanced T1WI (T1+C) and diffusion-weighted 
imaging (DWI) MRI. All MRI parameters in the study 
are summarized in Table 1. Owing to the missing 
sequences or poor image quality, only HR-T2WI and T1 
+C were included in this study while others were 

excluded. Each image was evaluated by two independent 
professional radiologists with more than 10 years of 
experience in imaging diagnosis of rectal cancer. The 
location and size of the tumor as well as the distance 
from the tumor to the anal canal were recorded. Other 
clinical risk factors of primary tumor such as circumfer-
ential resection margin (CRM), extramural vascular inva-
sion (EMVI) and tumor circumferential ratio were also 
confirmed.

Scoring the Pathological Response
Tumor regression grade (TRG), as described in the 8th 
edition of the American Joint Committee on Cancer 
(AJCC), was used to score the pathological responses to 
nCRT in the study. The number of tumor cells and the 
degree of fibrosis were evaluated by using this scoring 
system with scores ranging from 0 to 3. TRG 0 (no viable 
cancer cells) is equivalent to pCR, while TRG 3 (minimal 
tumor regression and little fibrosis) means poor or no 
response. Experienced gastrointestinal pathologists who 
did not know the MRI data of these patients analyzed 
tumor sections stained with hematoxylin and eosin in 
both institutions. Finally, the rectal patients were divided 
into two groups by the therapeutic effect: patients with 
TRG 0–1 were assigned to the good response (GR) group, 
and patients with TRG 2–3 were assigned to the poor 
response (PR) group.

Figure 1 Flowchart.
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Extraction of Texture Features
The texture features were selected automatically with the 
commercial ITK-SNAP software used by two experienced 
radiologists who have more than 2 years of experience in 
texture feature extraction. Tumors, instead of the entire 
rectal area as in other studies, were outlined and segmen-
ted as a regions of interest (ROI) layer-by-layer on the 
HR-T2WI and T1+C while using all other image 
sequences as references. The sample of ROI sample is 
shown in Figure 2. The volume of interest (VOI) could 
be acquired from the ROI using three-dimensional volume 
reconstruction. We used 3D Slicer software was used to 
remove the offset field of all the input images in our 
hospital. The gray value of all images was unified to 256 
by normalization, while the form of all images was stan-
dardized through three-dimensional transformation. 
MATLAB software was used to program the extracted 
image features, which can be generally classified into 
five categories: gabor texture, gray-level co-occurrence 
matrix, gray-level run-length matrix, gray-level size zone 
matrix and neighborhood gray-tone difference matrix. The 
four parameters of feature extraction such as Ratios, Scale, 
Ng, and Quant.algo were selected to assist the extraction 
of radiomic texture features. This procedure was con-
ducted for any combination of feature extraction para-
meters. Therefore, 144 different corresponding 

experiments combined with 43 characteristics were 
required. Finally, 6192 texture features (43×144) were 
obtained.

The minimum redundancy maximum relevance 
(mRMR) algorithm was applied to select features from 
the 6192 extracted radiomic features. The mRMR aims 
to maximize the correlation between features and cate-
gorical variables while minimizing the correlation 
between different features. It is a measure based on 
mutual information, which evaluates the degree of cor-
relation between features and target attributes, regardless 
of the distribution of data. Formally, the mutual infor-
mation of two discrete random variables X and Y can be 
defined as:

I X ; Yð Þ ¼ ∑
y2Y

∑
x2X

p x; yð Þ log
p x; yð Þ

p xð Þp yð Þ

� �

(1) 

For continuous random variables, the mutual information 
of X and Y can be rewritten as:

I X ; Yð Þ ¼ òY òX p x; yð Þ log
p x; yð Þ

p xð Þp yð Þ

� �

dxdy (2) 

Feature variables that have the maximum relevance with 
the target category and the minimum redundancy with the 
maximum mutual information value were repeatedly 
selected. In our study, 300 features were selected from 

Table 1 MRI Parameters

MRI Parameters T2-Weighted Image Contrast-Enhanced T1-Weighted Imaging 
(T1+C)

Axial Sagittal HR Axis 
Oblique

HR Coronal 
Oblique

Echo time (ms) 80 108 100 100 1.35

Repetition time (ms) 4000 3000 3500 4000 3.6

Echo chain length 20 27 21 21 20

Bandwidth (kHz) 41.7 31.25 27.8 27.8 –

FOV (cm) 32 25 20 20 20

Layer thickness (mm) 5 3 3 3 3

Layer interval (mm) 0 0.5 0 0 1.5

Layer number 28 24 24–28 24–28 20

Matrix 320X256 256X256 256x256 256x256 228x172

Number of excitations 2 2 3 3 –

Direction Left-right Feet-head Left-right Left-right Anterior-posterior
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6192 texture features in the training set through the 
mRMR algorithm.

The random forest algorithm was used on the training 
data to assess variable importance with classification trees. 
We chose classification and regression trees as the basic 
unit of the random forest. A random sample with replace-
ment was taken to analyze each decision tree by adopting 
bootstrap sampling in the input training set samples. With 
continuously repeated sampling, the probability that the 

sample will not be picked in m times is (1-1/m) m. 
Approximately 36.8% of the samples in the initial dataset 
were never present in the sampled dataset:

lim
m!1

1 �
1
m

� �m

!
1
e
� 0:368 (3) 

In this paper, the selection of each feature was changed to 
compare the corresponding prediction error. The larger the 
prediction error is, the more important the features are. 

Figure 2 Pretreatment MRI and ROI of four male patients with rectal cancer at stage of cT4aN2bM0, who was (A and B) TRG 0, (C and D) TRG 1, (E and F) TRG 2 and 
(G and H) TRG 3 after TME, respectively.
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These features have a greater impact on the prediction 
result. Therefore, the importance of each feature can be 
ranked. Finally, we selected the top 20 image texture 
features of the training set by prioritizing and repeated 
the texture feature extraction steps to obtain the texture 
feature values under different MRI sequences.

Selection of Clinical Factors
Individual variables were analyzed for significant differences 
using the t-test and the chi-square test for differently distrib-
uted parameters. Group results were reported as mean or 
frequency. A two-sided P < 0.05 was considered statistically 
significant to discriminate GR from PR. We evaluated 
patients’ demographic factors such as sex, age, height, and 
weight as well as the diameter, location, circumferential ratio 
and stage of tumors. CRM, EMVI and tumor markers includ-
ing carcinoembryonic antigen (CEA), carbohydrate antigen 
(CA)19-9, and CA72-4 were also considered. Based on the 
statistical analysis, CRM, CA19-9 and CA72-4 were incor-
porated into the joint model as clinical risk factors.

Development and Validation of Model
Many redundant features were eliminated in the previous 
feature selection process. The forward search method was 
used in our study and the optimal feature subsets were 
selected in order to avoid combinatorial explosion. We 
performed the forward search to select the optimal feature 
subset. A support vector machine (SVM) was used as 
a classifier to classify and predict two different therapeutic 
effects. Based on the training set, this method finds 
a partition hyperplane in the sample space and separates 
the samples of different categories. The hyperplane can be 
divided by the following linear equation:

ωT xþ b ¼ 0 (4) 

The training sample points closest to the hyperplane are 
called “support vectors”. The SVM aims to find parti-
tioned hyperplanes with “maximum spacing”:

max
ω;b

2
ωk k

s:t: yi ωT xþ bð Þ � 1; i ¼ 1; 2; . . . ;m:
(5) 

Multiple models of radiomics features with or without 
clinical features in different MR sequences were estab-
lished to classify and predict different therapeutic effects, 
using the SVM as a classifier.

Finally, we built the model with two sequences, respec-
tively, of HR-T2WI and T1+C. The 10-fold cross- 
validation was used for internal validation with the 

training set data because of the limited cases allotted, 
whereas the data from the cooperating institution were 
used for external validation. The differential clinical fac-
tors were then incorporated into the combined model to 
predict the response of nCRT for LARC and repeat the 
previous validation. Predictive ability was compared using 
the receiver operating characteristic (ROC) curve.

Results
Patients Characteristics
According to the inclusion and exclusion criteria, a total 
of 82 of the 345 patients who underwent nCRT in our 
hospital were enrolled as the training set and internal 
validation set and 107 of 337 patients in the cooperating 
institution were finally enrolled as the external valida-
tion set. The percentage of patients that achieved TRG 0 
was approximately 22.0% (18/82) in our hospital and 
approximately 21.4% (22/103) in the cooperating hospi-
tal. The baseline data of patients are summarized in 
Table 2. In the training and the internal validation 
cohort, there were 55 patients (67.1%) with GR and 27 
patients (32.9%) with PR. There were no significant 
differences between the two groups in baseline charac-
teristics, such as sex, age, height and weight, etc. No 
significant differences were also observed in terms of 
tumor location, clinical stage, and pathological features, 
which were not associated with the response to nCRT. It 
is worth noting that circumferential resection margin 
(CRM), which was evaluated by MRI, was significantly 
associated with the clinical outcomes of patients. The 
positive ratio of CRM was lower in the GR group than 
in the PR group (38% vs 67%, P=0.015). Regarding 
laboratory tests, two (CA19-9 and CA72-4) of the 
three gastrointestinal cancer tumor markers showed sta-
tistically significant differences between the two groups, 
suggesting that the level of CA19-9 and CA72-4 before 
treatment may affect the predictors of treatment 
response. Based on this analysis, CRM, CA19-9 and 
CA72-4 were considered to be incorporated into the 
joint model as clinical risk factors.

Development and Evaluation of 
Radiomics Model
Finally, 20 texture feature values from 6192 features 
were selected. The SVM was used as a classification 
method to predict GR or PR in different MRI sequences. 
The ROC curves used to compare the predictive 
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Table 2 Clinical Characteristics of Patients

Characteristics Training and Internal Validation Cohort External Validation

Good Response 
(n=55)

Poor Response 
(n=27)

p value Good Response 
(n=60)

Poor Response 
(n=47)

p value

Sex 0.764 0.565
Male 39 (70.9%) 20 (74.1%) 43 (71.7%) 36 (76.6%)

Female 16 (29.1%) 7 (25.9%) 17 (28.3%) 11 (23.4%)

Age 53.62±9.82 54.44±9.55 0.719 53.22±10.70 57.25±11.78 0.067

Height (cm) 165.65±6.43 165.07±7.79 0.721 164.75±7.86 165.36±7.11 0.685

Weight (kg) 62.12±9.61 62.82±10.42 0.765 63.62±10.21 62.82±8.99 0.589

Tumor diameter (cm) 4.53±1.62 4.46±1.12 0.814 4.91±1.97 4.64±1.37 0.373

Tumor location 0.834 0.168
Low 28 (50.9%) 15 (55.6%) 37 (61.7%) 21 (44.7%)

Middle 22 (40.0%) 9 (33.3%) 21 (35.0%) 25 (53.2%)

High 5 (9.1%) 3 (11.1%) 2 (3.3%) 1 (2.1%)

Tumor circumferential 
ratio

0.542

0–35% 2 (3.6%) 0 (0%) NA NA

35–70% 15 (27.3%) 9 (33.3%) NA NA
70–100% 38 (69.1%) 18 (66.7%) NA NA

CRM 0.015* 0.035*
Positive 21 (38.2%) 18 (66.7%) 26 (43.3%) 30 (63.8%)

Negative 34 (61.8%) 9 (33.3%) 34 (56.7%) 17 (36.2%)

EMVI 0.222

Positive 24 (43.6%) 8 (29.6%) NA NA

Negative 31 (56.4%) 19 (70.4%) NA NA

Clinical tumor stage 0.505 0.396

cT1 1 (1.8%) 0 (0%) 0 (0%) 0 (0%)
cT2 2 (3.6%) 3 (11.1%) 1 (1.7%) 2 (4.3%)

cT3 22 (40%) 12 (44.4%) 42 (70.0%) 32 (68.1%)

cT4a 21 (38.2%) 10 (37.0%) 7 (11.7%) 9 (19.1%)
cT4b 9 (16.4%) 2 (7.4%) 10 (16.7%) 4 (8.5%)

Clinical nodal stage 0.287 0.168
cN0 0 (0%) 1 (3.7%) 7 (11.7%) 8 (17.0%)

cN1 8 (14.5%) 8 (29.6%) 19 (31.7%) 21 (44.7%)

cN2 47 (85.5%) 18 (66.7%) 34 (56.7%) 18 (38.3%)

Tumor differentiation 0.181 0.481

Well 18 (32.7%) 7 (25.9%) 14 (23.3%) 13 (27.7%)
Moderate 35 (63.6%) 16 (59.3%) 38 (63.3%) 31 (66.0%)

Poor 2 (3.6%) 4 (14.8%) 8 (13.3%) 3 (6.4%)

Tumor marker
CEA 3.61 (1.49~10.01) 5.84 (2.14~20.64) 0.069 2.96 (1.75~6.46) 4.79(2.49~8.49) 0.037*

CA19-9 12.23 (6.77~16.28) 22.1 (16.4~29.97) 0.000*** 5.35 (2.30~9.57) 23.06(20.00~30.50) 0.000***
CA72-4 2.38 (1.25~7.40) 10.29 (3.08~17.45) 0.001** NA NA

(Continued)
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capacity of the two groups are displayed in Figure 3A. 
The HR-T2WI radiomics model including 20 texture 
features had an internally verified the area under the 
curve (AUC) value of 0.8910 with a sensitivity of 

0.8148 and specificity of 0.7925. The AUC was 0.5413 
in the external validation cohort with a sensitivity of 
0.5312 and specificity of 0.5. The AUC value of the T1 
+C radiomics model including 16 texture features was 

Table 2 (Continued). 

Characteristics Training and Internal Validation Cohort External Validation

Good Response 
(n=55)

Poor Response 
(n=27)

p value Good Response 
(n=60)

Poor Response 
(n=47)

p value

Vessel invasive 0.728 0.191

Positive 3 (5.6%) 2 (7.4%) 0 (0%) 2 (4.3%)

Negative 52 (94.5%) 25 (92.6%) 60 (100%) 45 (95.7%)

Neural invasion 0.184 0.236

Positive 2 (3.6%) 3 (11.1%) 2 (3.3%) 5 (10.6%)
Negative 53 (96.3%) 24 (88.9%) 58 (96.7%) 42 (89.4%)

Notes: *P < 0.05; **P < 0.01; ***P < 0.001.

Figure 3 Comparison of ROC curves between internal and external validation of two sequences in (A) radiomic model, (B) joint model and (C) joint model incorporated 
CA 72-4.
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0.8938 with a sensitivity of 0.8889 and specificity of 
0.8302. In the external validation cohort, the AUC was 
0.6089 with a sensitivity of 0.5546 and specificity of 
0.6842 (Table 3).

Combination of Radiomics and Clinical 
Characteristics
The clinical features of CRM, CA19-9 and CA72-4 were 
incorporated to develop the joint model based on radio-
mics. Because patients from the cooperating institution 
had no data of CA72-4, we designed two different united 
models, with and without CA72-4. It is noteworthy that, in 
the internal validation cohort, the AUC value of the HR- 
T2WI radiomics joint model based on 20 texture features 
rose to 0.9371 while that of T1+C based on 19 texture 
features rose to 0.9113 after adding the two clinical fea-
tures of CA19-9 and CRM. In the external validation 
cohort, the AUC rose to 0.6413 and 0.6818, respectively. 
Finally, we added CRM, CA19-9 and CA72-4 to our joint 
model and performed internal validation in our hospital. 
The AUC value of the HR-T2WI radiomics model reached 
0.9350 and the value of T1+C 0.9168. The ROC curves 
are displayed in Figure 3B and C. The details of the AUC 
values, sensitivity and specificity are shown in Table 3.

Discussion
In the present study, we developed a joint prediction model 
based on radiomics and clinical factors to predict the 
possible tumor response to nCRT in patients with LARC. 
It is worth mentioning that we only outlined the tumor as 
an ROI, excluding the intestinal lumen. SVM was used as 
a classifier to distinguish different therapeutic effects. The 
idea behind classification using such an algorithm was to 
maximize the spacing between the sample and the decision 
surface. It is suitable for small samples as well as the 
nonlinear classification. The results show that radiomics 
models could predict the therapeutic effect of nCRT in 
both HR-T2WI and T1+C sequences, and exhibited 
enhanced prognostic performance when combined with 
clinical factors, which has been externally validated.

Early imaging studies were used to predict the early 
efficacy of nCRT for rectal cancer by assessing the rate of 
volume reduction or the maximum depth of extramural 
invasion in functional MRI.14,32 However, functional 
MRI is still unable to excavate fully and quantitatively 
the large amount of information contained in the images. 
With the development of artificial intelligence algorithms, Ta
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especially the significant progress of deep learning, the 
birth of radiomics provides more ways to develop models 
to improve the accuracy of diagnosis, prognosis and 
prediction.33 Recently, radiomics based on MRI was 
applied in the field of rectal cancer research in an endless 
stream. Nie et al reported that the role of radiomics is 
greater than that of traditional imaging indicators through 
a systematic analysis of multiparametric MRI features. 
The AUC based on radiomics of multiparametric MRI 
could be improved to 0.71–0.79 in predicting pCR instead 
of 0.54–0.73 using the traditional method.29 Subsequently, 
Liu et al developed and validated a radiomics model for 
evaluating pCR to nCRT in 222 patients with LARC. The 
individualized radiomics model was a combination of the 
radiomics signature and tumor length and showed good 
discrimination using pre- and posttreatment MRI data 
based on T2WI and DWI.31 Horvat et al also agreed that 
radiomics based on T2WI showed better classification 
performance for diagnosing pCR than qualitative assess-
ment. The diagnostic performance was significantly higher 
using radiomics than T2WI and DWI.27 Overall, subse-
quent studies have also shown that the radiomics models 
have excellent predictive capability in patients with LARC 
after CRT.28,34,35

Our study is basically consistent with the conclusions 
of the other studies mentioned above, but there were some 
obvious advantages. Firstly, our radiomic features were 
extracted from two sequence separately, and not a single 
sequence analysis. Rich and realistic radiomics informa-
tion was obtained from HR-MRI. HR-T2WI has become 
a highly valued sequence for clinicians owing to its good 
tissue resolution, which displays the invasion of the rectal 
wall and surrounding tissue better.36 T1+C sequences, 
which can be used to indicate tumor blood supply, can 
be better evaluate tumor invasiveness because the growth, 
development and metastasis of tumors depend on complex 
microvessels for nutrition.37 Both T2WI and T1+C 
sequences showed high predictive value for treatment 
response in the present study, which is important for pre-
dicting the outcome of treatment. Secondly, our study 
differed from earlier studies limited to radiomics in that 
clinical data were also incorporated into the model as 
important factors. CRM refers to the shortest distance 
between the deepest tumor invasion and the boundary of 
mesentery resection.38 When the distance is less than 
1mm, CRM is considered positive, which can be deter-
mined accurately by MRI.39 The size and degree of inva-
sion of the primary tumor could be assessed by 

determining whether CRM is involved, which is also clo-
sely related to the prognosis of patients.40 Meanwhile, 
tumor markers such as CEA, CA19-9 and CA72-4 are 
also commonly used for rectal cancer diagnosis and fol-
low-up. A single prognostic markers are often not accurate 
enough because of the complex biological characteristics 
of tumors.41 In the present study, we demonstrated that 
positive CRM as well as a high level of CA19-9 and 
CA72-4 were associated with a worse therapeutic 
response. Thus, the predictive efficacy of the model was 
further improved due to the incorporation of clinical fac-
tors. Additionally, both the radiomics models and the joint 
models including clinical data were externally validated to 
confirm their clinical usefulness, which might provide the 
possibility for a multicenter study.

In summary, the present study developed a joint pre-
diction model based on radiomics features as well as 
clinically risk factors to accurately predict the possible 
response of tumors to nCRT for LARC. Unfortunately, 
there are still some limitations in our study. We divided 
the patients into two groups, GR (TRG 0–1) and PR (TRG 
2–3), to evaluate the therapeutic effect of nCRT. TRG 0 
might be more suitable targets of the predictive model 
because of the better long-term prognosis. However, the 
number of patients with TRG 0 was small in our retro-
spective study. Thus, there may be selection bias with 
respect to radiomics features and clinical factors. We 
would like to do further analysis on the patients with 
TRG 0 in the future. Additionally, some factors such as 
CEA might be related to tumor response, and the lack of 
statistically significant differences between the two groups 
in this study might be due to the small sample size. Thus, 
we did not incorporate these factors into our model. Lastly, 
information differences in the images derived from differ-
ent MRI equipment and parameters of the two centers 
should be considered. The issue of how to acquire stan-
dardized images also needs to be resolved in future. 
Therefore, the prospective studies in multiple centers are 
needed for further evaluation and setting up a reliable 
database of radiomics.

Conclusion
Despite the limitations, our joint multimodal prediction model 
showed an improvement in the predictive capability by includ-
ing clinical risk factors. It is believed that physicians will be 
able to achieve “risk stratification” of patients based on the 
analysis of radiomics texture features as well as clinical risk 
factors of tumors, in the foreseeable future. Our study provides 
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more evidences for noninvasive methods to predict the treat-
ment response to tumors, which will be helpful for determin-
ing the individualized treatment of patients with LARC.
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