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Abstract
Background: Colorectal cancer is harmful to the patient’s life. The treatment of patients is determined by accurate preoperative
staging.Magnetic resonance imaging (MRI) played an important role in the preoperative examination of patients with rectal cancer,
and artificial intelligence (AI) in the learning of images made significant achievements in recent years. Introducing AI into MRI
recognition, a stable platform for image recognition and judgment can be established in a short period. This study aimed to establish
an automatic diagnostic platform for predicting preoperative T staging of rectal cancer through a deep neural network.
Methods: A total of 183 rectal cancer patients’ data were collected retrospectively as research objects. Faster region-based
convolutional neural networks (Faster R-CNN) were used to build the platform. And the platform was evaluated according to the
receiver operating characteristic (ROC) curve.
Results: An automatic diagnosis platform for T staging of rectal cancer was established through the study of MRI. The areas under
the ROC curve (AUC) were 0.99 in the horizontal plane, 0.97 in the sagittal plane, and 0.98 in the coronal plane. In the horizontal
plane, the AUC of T1 stage was 1, AUC of T2 stagewas 1, AUC of T3 stage was 1, AUC of T4 stage was 1. In the coronal plane, AUC
of T1 stage was 0.96, AUC of T2 stage was 0.97, AUC of T3 stage was 0.97, AUC of T4 stage was 0.97. In the sagittal plane, AUC of
T1 stage was 0.95, AUC of T2 stage was 0.99, AUC of T3 stage was 0.96, and AUC of T4 stage was 1.00.
Conclusion: Faster R-CNN AI might be an effective and objective method to build the platform for predicting rectal cancer
T-staging.
Trial registration: chictr.org.cn: ChiCTR1900023575; http://www.chictr.org.cn/showproj.aspx?proj=39665.
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Introduction

Colorectal cancer is one of the most common malignant
tumors of the digestive tract in the world; its incidence
ranks third among all malignant tumors, and its mortality
ranks fourth among all cancer mortalities.[1] In addition,
colorectal cancer is also a common malignant tumor in
China,[2] seriously decreasing the average life expectancy
and affecting the quality of life of the affected individual.

The comprehensive surgery-based treatment has greatly
prolonged the life expectancy and improved the quality of
life of patients with rectal cancer. However, not all patients
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with rectal cancer are suitable for surgical treatment. Even
if surgical treatment is an option, the choice of surgical
methods can have a great impact on the quality of life and
prognosis of the patients.[3,4] Accurate preoperative
staging plays an important role in the selection and
determination of treatment options for patients with rectal
cancer.[3-6] Postoperative pathological diagnosis is the gold
standard for determining the condition of, the prognosis
of, and treatment plan for advanced rectal cancer patients.
However, postoperative pathological results are obtained
after surgical treatment. The delay in diagnosis results in
inconsistencies between the preoperative and postopera-
tive treatment plans, and inflated or insufficient staging
caused by an inaccurate preoperative diagnosis can cause
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permanent and irreversible trauma to patients who have
already undergone surgery. The development of imaging
has provided strong support for the preoperative diagnosis
of rectal cancer.[7] At present, endoscopic ultrasound
(EUS), computed tomography (CT), magnetic resonance
imaging (MRI), and other auxiliary examination methods
are used for the preoperative tumor staging of rectal
cancer.[8] Various strategies can also be used to ensure that
preoperative imaging staging and postoperative patholog-
ical staging are highly consistent.[6] Although EUS can
have an accuracy of 91% for the preoperative T-staging of
some rectal tumors,[9] MRI is less technically demanding
for clinical staff than EUS[10] and can be used to achieve
more accurate staging for tumors causing obstruction and
those with an out-of-reach tumor location that cannot be
evaluated by EUS, while MRI has fewer restrictions in the
application. Compared with CT examination, MRI has
high tissue resolution and high preoperative diagnostic
accuracy.[11] Therefore, MRI has become the most
valuable method of preoperative tumor staging for rectal
cancer worldwide,[12,13] and high-resolution MRI tech-
nology has led to a better imaging of soft tissue and tumors.
With the continuous improvement in imaging technology
and the diagnostic experience of radiologists, the accuracy
of preoperative diagnoses has greatly improved. However,
the large population in China, very large image data, and a
shortage of radiologists have resulted in currently practic-
ing radiologists in different regions and hospitals to have
high workloads, work in highly stressful environments,
and have different diagnostic abilities. MRI reading is
operator-dependent and this can result sometimes in
misdiagnosis; therefore, reducing mistakes must take on a
more prominent role in preoperative diagnoses.[14] As an
important computation technology, artificial intelligence
(AI) has a stable error rate, fast calculation speed, and high
precision when processing data. Through the use of deep
learning techniques when acquiring data on imaging
features and the corresponding diagnostic results, AI can
achieve image reading and diagnostic capabilities similar
to those of radiologists. At present, AI technology has
already helped clinicians interpret images for the diagnosis
and solved problems in many aspects.[15,16] The applica-
tion of AI for interpreting images can address the shortage
of radiologists in China, improve the speed of reading
images, reduce the errors caused by human factors, and
improve the accuracy of the overall imaging diagnosis.[14]

To improve the accuracy of the preoperative diagnosis of
patients with rectal cancer and reduce the workload of the
radiologists, we used AI technology based on deep learning
to establish an automatic T-staging diagnosis system for
rectal cancer based on a large number of rectal cancerMRI
combined with postoperative pathological diagnosis
results. The accuracy of the automatic diagnosis system
was then evaluated and verified using data from a
verification group to assess the feasibility of its clinical
application. The system establishment process and learn-
ing results are provided in this article.
Methods

This study was approved by the Ethics Committee of
the Affiliated Hospital of Qingdao University (No.
QYFYYWZLL26093). Because this was a retrospective
822
study and the data analysis was performed anonymously,
this study was exempt from informed consent from
patients.
Establishment of the database for rectal cancer T-staging

We enrolled a total of 183 patients with rectal cancer from
the Chinese Colorectal Cancer Database (CCCD) who
were treated at the Affiliated Hospital of Qingdao
University from July 2016 to July 2017. The inclusion
criteria were a pathological diagnosis based on a
preoperative colonoscopic biopsy indicating rectal cancer
with no concurrent malignant tumors in other organs; a
preoperative high-resolution pelvic (rectal) dynamic MR
and thin-layer enhanced scan in our hospital; radical
surgical resection; and complete postoperative pathologi-
cal diagnostic findings. The exclusion criteria were patients
with preoperatively or postoperatively uncharacterized
rectal space-occupying lesions; patients who did not
undergo surgery; patients who did not undergo radical
tumor resection; and patients with rectal malignancies of
other origins. A total of 183 patients (121 males and 62
females) with rectal cancer were included in this study. The
specific ages and sexes of the included patients are shown
in Table 1. Among those included, 59 patients had lower
rectal cancer, 91 had mid-rectal cancer, and 33 had upper
rectal cancer, as reported in preoperative colonoscopy and
MRI reports. A comparison of the postoperative patho-
logical results with the imaging diagnosis revealed a correct
rate of diagnosis by our radiologists of only 62%.
Regarding the data grouping, the data were randomized,
and then 80% of the data were randomly extracted to be
included in the training set; the remaining 20%was used as
the verification set.

MRI scans were performed using a GE Signa 3.0T HDX
MR scanner and a multichannel phased array coil. During
the examination, the patient was in the supine position,
and the center of the magnetic field was positioned on
the superior edge of the pubis. The main parameters and
sequences for the scans are provided in Table 2. To reduce
the influence of projection orientation on tumor T-staging,
images from three planes, such as sagittal, coronal, and
horizontal, were selected for simultaneous learning to
obtain more complete tumor imaging information.[17] The
three planes complemented each other, thus improving the
accuracy of the diagnosis. A total of 10,800 preoperative
MR images from 183 patients were included in the rectal
cancer T-staging database for platform establishment and
verification.

Pathological T-stage diagnosis and staging were performed
on all surgically removed specimens included in the study.
T-staging was determined according to the tumor-node-
metastasis (TNM) staging criteria for rectal cancer
established by the American Joint Committee on Cancer.
Two senior gastrointestinal radiologists in gastrointestinal
surgery will read the images, mark the areas of interest, and
check each other. If the images cannot be determined, they
will jointly decide and the final will be determined by a
gastroenterologist. Labeling software was used to label the
MR images of the patients included in the study. During
labeling, the contents of the intestine and air were avoided
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Table 1: Baseline clinical characteristics of the rectal cancer patients.

Parameters T1 T2 T3 T4

Age 59.2± 10.4 65.1± 9.7 61.3± 10.0 60.6± 9.7
<60 years 41 27 42 50
≥60 years 59 73 58 50

Sex
Male 72 81 65 65
Female 28 19 35 35

Tumor size (cm) 5.8± 0.9 4.5± 0.5 3.8± 1.2 2.5± 0.8
<5 41 52 56 60
≥5 59 48 44 40

Tumor location
High 18 28 20 30
Middle 41 45 51 40
Low 41 27 29 30

CEA (ng/mL) 3.2± 14.2 2.5± 5.6 5.6± 2.0 10.2± 13.2
Normal 82 59 45 30
Elevated 18 41 55 70

CA19–9 (U/mL) 16.0± 5.0 17.5± 9.6 15.6± 8.0 14.5± 5.0
Normal 100 86 82 55
Elevated 0 14 18 45

Continuous variables are expressed as mean ± standard deviation. Categorical variables given are the number of patients unless indicated otherwise.
CA19–9: Carbohydrate antigen 19–9; CEA: Carcinoembryonic antigen.

Table 2: Rectal cancer T-staging automatic identification platform database scanning parameters.

Projection
orientation Sequence

Repetition
time (ms)

Echo time
(ms)

Layer space
(mm)

Layer thickness
(mm)

Imaging
matrix

Field of
view (cm)

Incentive
frequency

Sagittal view T2WI 2000–4000 60–120 1 6 320� 256 32–44 1
Coronal view T2WI 2000–4000 60–120 2 5 320� 192 36–44 2
Horizontal view T2WI 2000–4000 60–120 1.5 6 320� 192 36–52 2

T2WI: T2-weighted images.
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to minimize interference with the test results. The imaging
plane with the deepest tumor infiltration was selected, and
the entire intestinal wall was selected and labeled. The
labeling was based on the T-staging from the postoperative
pathological diagnosis of the patient. All the data were
randomized; 80% of the images (approximately 8640 MR
images) were randomly selected to be included in the
training set, and the remaining 20% (approximately 2160
MR images) comprised the verification set.
Data analysis of MR images for rectal cancer T-staging

The learning process for the establishment of an automatic
diagnosis platform for rectal cancer T-staging are as
follows:

As the Faster region-based convolutional neural network
(Faster R-CNN) algorithm is commonly used in AI,[18] and
we programmed the platform in Faster R-CNN. As shown
in Figure 1, the Faster R-CNN is composed of convolu-
tional layers, region proposal network (RPN), region of
interest (ROI) pooling and classification. We used 80% of
the randomly assigned data as the training set for platform
training. We uniformly scaled the images to 512� 557
pixels, and the images were normalized so that the pixels of
each channel had a standard normal distribution with a
823
mean of 0 and a variance of 1 to build the convolutional
layers. We trained the Faster R-CNN through a four-step
iteration. First, the images which contain the annotations
of T stage information were used to train the RPN in the
network. The aim of this step is for the region proposal
task and the RPN is initialized by the VGG16. Second, we
trained the detection network by the RPN that we have
trained. This step also was initialized by the VGG16 model
and the network did not share the same layers with RPN.
Third, we initialized the RPN by detection network. We
fine-tuned the RPN layers and fixed the convolutional
layers. Finally, we still kept the convolutional layers fixed
and fine-tuned the detection of the network. After these
four steps, we established four learning models, which
contained a plane type judging model and three automatic
segments and stages to determine the model. The learning
process is shown in Figure 2.

The verification process for the automatic diagnosis
platform for rectal cancer T-staging: 20% of the data
were randomly assigned to the verification set. The patient
images were input into the automatic diagnosis platform,
and the platform determined from which the plane image
was taken and to which T stage did the image belong.
Then, the tumor area delineation results and the T-staging
results provided by the platform were compared with the
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Figure 1: The platform was built by Faster R-CNN, the composition of Faster R-CNN. The convolutional layer is used to extract the features of the image. The input is the whole image and the
output is a set of feature maps. The RPN, used for recommending candidate regions; ROI pooling: just as Faster R-CNN, this converts inputs of different sizes into outputs of fixed length;
classification and regression, which produces the final output. Faster R-CNN: Faster region-based convolutional neural network; ROI: Region of interest; RPN: Region proposal network. Conv:
Convolutions layers; Relu: Rectified linear unit layers; Pooling: Pooling layers; Full connection: Fully connection layers.

Figure 2: The learning process for the establishment of the automatic diagnosis platform for rectal cancer T-staging. We input the images of the training group into the software. The
learning process is divided into two major steps, and a total of four learning models are established to ensure that we can judge the planes, sketch the ROIs, and predict the T stage. ROIs:
Region of interests.
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diagnosis by the radiologists and the T-staging based on
postoperative pathological results; the correct number of
assessments made by the platformwas counted in Figure 3.
A receiver operating characteristic (ROC) curve was used
to evaluate the AI learning results. The area under the
curve (AUC) was derived to evaluate the machine learning
results.

Statistical analysis

Some of the measurements and counting data in this
study were statistically analyzed by SPSS20.0 statistical
software (SPSS Statistics forWindows, IBM, Armonk, NY,
824
USA). Analysis of the machine learning results was
conducted using Python 3.7, which is freely available at
https://www.python.org/, and the Classification-report
function in the Metric module was used to generate
multiclass reports.

The number of true positives and false positives at each
node of each category was counted, and the true positive
rate and false-positive rate under different probability
thresholds were calculated to draw the ROC curves. The
AUC micro values for the three imaging planes were
obtained by calculating the AUCs of the ROC curves.

https://www.python.org/
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Figure 3: This figure shows what kind of data was input to the T-stage automatic identification platform and what kind of data was output by the platform in three planes. Coronal images are
shown in (A), horizontal images are shown in (B), and sagittal images are shown in (C). The up image has been marked by the imaging physician for the AI platform to learn. The down image
contains the identification result of the AI platform. The automatic delineation of the tumor area identified at the different imaging planes and the determination of tumor stage have reached a
high-performance level. AI: Artificial intelligence.

Chinese Medical Journal 2021;134(7) www.cmj.org
Results

Learning results

To establish the plane detection models, 50 epochs of
learning were conducted. For the tumor recognition and
staging diagnosis model, the initial learning rate was set at
0.0002, and the model for each plane was trained with 700
epochs. Figure 4 shows the loss curve for the learning
process. With repeated learning, the value of the loss
function for the machine learning gradually decreases.
Platform verification results

After 50 epochs of learning, the automatic plane
recognition model reached 100% accuracy in automatic
image plane identification, indicating that the platform
could correctly distinguish the projection plane of the
rectal cancer MRI data. In the T-staging identification
phase, the automated diagnostic platform resulted in the
following AUC values for T-staging, as shown in Figure 5:
in the coronal plane (AUC = 0.98); in the horizontal plane
(AUC = 0.99); and in the sagittal plane (AUC = 0.97). The
platform performed well on every plane. All were higher
825
than the 86% accuracy of MRI diagnosis from the manual
method.

We evaluated the machine learning results at different
stages for each plane, and we obtained the results shown
in Figure 6: coronal plane: AUC (T1)= 0.96, AUC
(T2)= 0.97, AUC (T3)= 0.97, AUC (T4) = 0.97; horizon-
tal plane: AUC (T1) = 1, AUC (T2)= 1, AUC (T3)= 1,
AUC (T4)= 1; sagittal plane AUC (T1)= 0.95, AUC
(T2)= 0.99, AUC (T3)= 0.96, AUC (T4)= 1.00. The
platform performed well for every stage in every plane.
Through the results of the evaluation, the diagnostic
platform based on Faster R-CNN reached the level of a
highly qualified radiologist in the diagnosis of rectal cancer
T-staging.

Discussion

The subject of our study is rectal cancer, which has a high
incidence andmortality rates; therefore, this study has high
social value. The high incidence of rectal cancer and the
fact that our hospital has conducted high-resolution pelvic
MRI for many years allowed us to obtain large quantities
of clinical data for analysis and research. Because T2-
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weighted MR images are often used by radiologists in the
preoperative diagnosis of rectal cancer and have better
imaging quality than T1-weighted images,[19,20] we
selected T2-weighted high-resolution MR images for this
study. Due to limitations regarding patient education level
and understanding of the disease, some patients with a
preoperative diagnosis of T3 and with indications of
neoadjuvant chemoradiation and other patients with a
preoperative diagnosis of T4 still select surgical resection,
although we had communicated with the patients about
alternative treatment plans before surgery; however, such
instances allowed us to obtain clinical data from patients
with the corresponding staging. The automated diagnostic
platform constructed in this study has a good ability to
assess the T-stage of rectal cancer at all levels. It also
performs well in the diagnosis of T1-stage rectal cancer,
which negates the insufficiency of MRI in distinguishing
T1 and T2 stages of rectal cancer. The combination of AI
and medical big data has greatly improved the efficiency
and accuracy of medical care. Previously, researchers
achieved promising results for skin cancer, prostate cancer,
Figure 4: The loss curve of the T-stage automatic identification platform shows that as the
number of repetitions of the machine learning data increases, the loss function value
gradually decreases.

Figure 5: The ROC curves of T-stage automatic identification platform in different planes. (A) M
for horizontal images, AUC= 0.99; and (C) machine learning ROC curve for sagittal images, AUC
the Faster R-CNN deep neural network can achieve the diagnostic level of clinical radiologists in a
neural network; ROC: receiver operating characteristic.
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and breast cancer through deep learning algorithms. For
rectal cancer, AI has also been used to experimentally
diagnose metastatic lymph nodes in MR images, obtaining
satisfactory results.[21,22] This study used the more
advanced Faster R-CNN computation algorithm.[18] The
main reason is that the process of this algorithm used in
learning is similar to the process used by the radiologists in
reading. The past algorithms, such as histogram of
gradient (HoG) features, are the support vector machine
(SVM) algorithm and deformable part model (DPM)
algorithm. They take more time in learning and they only
can learn the shallow features. The past algorithms are
poor in generalization ability and complex scenes. Faster
R-CNN is a new target algorithm, which introduced RPN
and reduced computational cost. The Faster R-CNN
algorithm performed well in calculation speed and
detection accuracy. Therefore, we choose Faster R-CNN
as algorithms. We utilized postoperative pathology results
and corrected some common issues regarding inflated or
insufficient staging caused by imaging quality, body
position during imaging, and human factors. T-staging
based on pathological diagnoses further improved the AI
diagnosis system for rectal cancer. Using the “gold
standard” for rectal cancer diagnosis and disease evalua-
tion for learning further reduced the possibility of mistakes
made by this platform in the preoperative diagnosis of
rectal cancer, leading to a more accurate understanding of
the patient’s condition before surgery, and more effective
preoperative treatment plans. Compared with improving
imaging accuracy and improving the diagnostic experience
of radiologists, training AI can achieve better results in a
shorter period. In terms of image processing, image
normalization should be adopted to obtain relatively
uniform input data and improving the convergence speed
and accuracy of data processing, in addition to image
normalization, also enables processing data from different
centers.[21,22]

Although this automatic diagnosis system for T-staging
has achieved good results, the study still has the following
limitations. The patients included in the learning set were
all treated with radical surgery. There were no patients
who were not suitable for surgical treatment. The patients
achine learning ROC curve for coronal images, AUC = 0.98; (B) machine learning ROC curve
= 0.97. Based on the AUC values, the automatic diagnosis platform for T-staging based on
ll three planes. AUC: Area under the curve; Faster R-CNN: Faster region-based convolutional
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Figure 6: The ROC curves of T-stage automatic identification platform for different stages at different planes: in the coronal plane (A), AUC (T1) = 0.96, AUC (T2)= 0.97, AUC (T3)= 0.97,
AUC (T4)= 0.97; in the horizontal plane (B), AUC (T1)= 1.00, AUC (T2)= 1.00, AUC (T3)= 1.00, AUC (T4)= 1.00; and in the sagittal plane (C), AUC (T1)= 0.95, AUC (T2)= 0.99, AUC
(T3)= 0.96, AUC (T4)= 1.00. AUC: Area under the curve; ROC: receiver operating characteristic.
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did not include those who were at stages too advanced to
receive surgery or those who were at earlier stages and had
received endoscopic submucosal dissection or transanal
rectal lesion resection. The lack of the above information
in the AI learning process may cause inaccurate MRI
assessments for similar patients. The corresponding
relationship between the depth of invasion and the
pathological stage is different for tumors located at
different distances from the anus,[23] which may affect
correct imaging assessment by AI. Restaging after neo-
adjuvant chemoradiotherapy is equally important for the
treatment of tumors and the development of surgical
methods. However,MRI, CT, and EUS have limited results
in terms of restaging after chemotherapy. In the future, we
will attempt to use machine learning to improve the
accuracy of restaging. In this article, there is a large
difference in the proportion of the subjects in each stage,
whichmakes the machine biased. In the clinical application
process, the image recognition of individual stages may be
inaccurate.

In summary, we aimed to design and create an automatic
diagnosis platform for rectal cancer T-staging that enables
automatic T-staging and leads to results comparable to
those made by radiologists. The platform takes into
consideration pathological diagnosis results and has higher
accuracy than previous recognition platforms based on
radiological diagnostic results alone. As an effort to
combine medical and engineering technology, this plat-
form achieved high experimental efficacy. However, due to
the diverse conditions of patients, the anti-interference
ability of the platform is relatively insufficient. Therefore,
this platform can only be used as an auxiliary tool for
radiologists. The combination of AI and medical imaging
has exerted a 1 + 1> 2 effect.[5] For the computation field,
it is a novel AI application that expands the connotation of
and increases the application scenario of AI, enables AI to
increase and develop productivity in a new field, and
strengthens the role of computation technology. For the
medical industry, the proposed method significantly
improves the efficiency and accuracy of image reading
by radiologists, leads to better utilization of imaging
materials, enables imaging examinations to better serve as
auxiliary examination methods for clinical treatment,
827
accurately determines tumor staging, and makes it possible
to achieve more personalized and precise treatment plans.
AI requires professional clinician input and authoritative
clinical data; otherwise, treatment recommendations
provided by the AI may be misguided, resulting in
repetitive clinical work for doctors due to mistrust of AI.
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