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AIM: to work out decision-making support systems for MRI diagnostics of rectal cancer: site and segmentation of 
the primary tumor.
PATIENTS AND METHODS: the study included 450 MRI studies of patients with rectal cancer and 450 MRI studies of 
patients without. All patients with tumors of rectum had histological verification. Data were collected in T2Wcoronal 
and axial projections (MRI Philips Achieva 1.5 T). Object marking was carried out only for T2W projections, where 
the area of interest was segmented — rectum, sigmoid colon and tumor. The ITK-Snap program was used to label 
MRI images. The validated studies and labeling were used to create a machine learning model that demonstrates the 
capability of the dataset to build medical decision support systems. SegResNet, Trans Unet, 3D Unet neural networks 
were used to create a basic artificial intelligence model.
RESULTS: dice similarity coefficient (DSC) of various neural networks were: TransUnet — 0.33, SegResNet — 0.50, 
3D Unet — 0.42. The diagnostic efficiency of the SegResNet neural network in detecting rectal tumors with the 
addition of negative examples and post-processing was accuracy 77.0%; sensitivity 98.1%; specificity 45.1%; posi-
tive predictive value 72.9%; negative predictive value of 94.1%. At this stage, AI has a high sensitivity and accuracy, 
which indicates a high diagnostic efficiency in terms of visualizing the primary tumor and determining localization 
in the rectum. However, the specificity of the method is still at an unsatisfactory level (45.1%), which indicates a 
high percentage of false positive results in healthy patients and does not allow the model to be used as a screening 
method at this stage of development.
CONCLUSION: the collected dataset of MRI and their markup made it possible to obtain an AI model that allows 
solving the problem of segmenting a rectal tumor and determining its site. The next stage in the development of AI 
is to improve its specificity, expand the analyzed parameters, such as the depth of tumor invasion, visualization of 
metastatic lymph nodes and the status of the resection margin. To further develop the model metric and improve its 
diagnostic capabilities, we should experiment with training parameters and increase the dataset.
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INTRODUCTION

Colorectal cancer (CRC) occupies a leading posi-
tion in terms of morbidity and mortality among 
oncological diseases both in the Russia and 
around the world. In our country, colorectal can-
cer ranks second in both prevalence and mortal-
ity among all malignant diseases. Approximately 
half of all cases of malignant neoplasms of the 
colon are due to rectal cancer (RC) [1–3].
An integrated approach to the treatment of 
patients with RC using surgery, radiotherapy 
and chemotherapy has significantly increased 
disease-free survival and improved their quality 
of life. Accurate preoperative check-up plays an 
important role in the selection and determina-
tion of treatment options for patients with ma-
lignant rectal neoplasms [4]. Diagnostic errors 
lead to a discrepancy between preoperative and 
postoperative treatment plans, which can nega-
tively affect the prognosis in patients who have 
already undergone surgery [5]. At the moment, 
the leading method of diagnosis and preopera-
tive staging of RC is magnetic resonance imag-
ing (MRI) of the pelvis, which allows to deter-
mine the site, extent, depth of invasion, and to 
assess regional lymph nodes [6,7].
Thanks to the continuous improvement of imag-
ing technologies and the experience of radiolo-
gists, the accuracy of preoperative diagnostics 
has significantly increased. However, the high 
prevalence of RC, the lack of the necessary ex-
perience of radiologists in general hospitals for 
the diagnosis of CRC, large volumes of MRI data 
that require detailed analysis, in some cases 
lead to an erroneous diagnosis. Thus, one of the 
main tasks is to reduce the number of errors in 
preoperative diagnosis [8]. The use of artifi-
cial intelligence for processing and preliminary 
analysis of medical imaging data, including MRI, 
is becoming one of the recent trends [9–11]. 
Artificial intelligence (AI) provides stable di-
agnostic efficiency, high computational speed 
and accuracy in data processing. Due to the use 
of deep learning methods, AI can provide high 
diagnostic accuracy comparable to that of ra-
diologists specializing in the diagnosis of CRC.

Recently, AI technology for image analysis has 
already found application in clinical practice 
[12,13].
The use of artificial intelligence for image in-
terpretation can help in the work of radiolo-
gists who do not have sufficient experience in 
the diagnosis of RC, increase the speed of image 
analysis, reduce the number of errors caused by 
the human factor, and improve the diagnosis ac-
curacy [8]. Due to the complexity of the task, at 
the first stage of the development of an AI mod-
el for the analysis of pelvic MRI, it is necessary 
to focus on determining the site and segmenta-
tion of the primary tumor, which in the future 
will significantly reduce the time of analysis 
and interpretation of MR images for radiologists 
who do not have much clinical experience in the 
diagnosis of RC. In the future, the most impor-
tant parameters for the evaluation of MRI stud-
ies using AI will be the determination of the 
depth of tumor invasion, visualization of lymph 
nodes metastases, and assessment of the resec-
tion lateral margins.

AIM

The aim of the study was to work out decision-
making support systems for MRI diagnostics of 
rectal cancer (site and segmentation of the pri-
mary tumor).

PATIENTS AND METHODS

To enable the AI model to learn to visualize RC 
on MRI images, 450 patients with rectal tumors 
aged 26 to 82 years, with histological verifica-
tion of “adenocarcinoma”, were included in the 
prospective cohort study. Patients without 
histological verification of a malignant tumor 
were not included. All the patients with rec-
tal tumors included in the study underwent 
preoperative pelvic MRI using high-resolution 
of T2-WI (FOV = 180x180 mm; Voxel = 0.7 x 0.7 
mm; Matrix = 256x256 mm). Further, all the pa-
tients underwent curative surgery, followed by 
a pathomorphological examination of removed 
specimens. The characteristics of the sample 
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of patients with tumors are presented below 
(Table 1).

All MRIs were performed using the Philips 
Achieva high-field magnetic resonance 

Table 1. Characteristics of patients with rectal cancer

Gender T stage Chemo radiotherapy

Male Female Т1 Т2 Т3 Т4 Yes No

Patients with rectal 
tumor

214 
(47.6%)

236
(52.4%)

33
(7.3%)

96
(21.4%)

279
(62.1%)

42
(9.2%)

209
(46.4%)

241
(53.6%)

  
Figure 1. MRI of the pelvis, T2-WI coronal view. A — tumor of the rectum without marking. Б — tumor of the rectum with markings

  
Figure 2. MRI of the pelvis, T2-WIaxialview. A — rectum without markings. Б — rectum with radiologist markings
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system (the Netherlands) with a magnetic field 
strength of 1.5 T. The marking was performed 
by radiologists. Each study was marked by one 
specialist; however, with an ambiguous MR im-
age and difficulties in marking, a second spe-
cialist was involved. The final segmentation of 
the tumor in such cases was carried out on the 
basis of consensus. To label the MRI images, the 
ITK-Snap program was used, with the help of 
which the corresponding segmentation mask of 
the primary tumor was placed in all 450 patients 
[14]. Machine learning was carried out using the 
marking of the primary tumor on high-resolution 
T2-WI in axial and coronary projections (Fig.1).

Also, the volume of data for artificial intelli-
gence learning for rectal segmentation included 
450 patients without rectal tumor lesions, who 
underwent pelvic MRI using high-resolution pro-
tocols without additional marking. Anatomical 
rectal areas were marked for 120 patients in the 
group with tumors and for 48 patients without 
rectal neoplasms (Fig.2).
In total, the volume of data contained 1,761 vol-
umes of T2-WI. The balance of marking classes 
by volume and slices is shown in Figure 3.
The volume data set was randomly divided into 
learning, validation and test samples in the ra-
tio of 60%, 20%, 20% (Fig.4).
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The collected data set was balanced in terms 
of the number of patients with and without 
tumors.
A modified SegResNet neural network with data 
preprocessing and postprocessing algorithms 
was used as a basic model to demonstrate the 
suitability of a data set for solving the tasks set 
(Fig.5) [15].
The SegResNet neural network is a three-dimen-
sional U-net-like architecture in which the input 
set of slices is processed as a set of three-di-
mensional patches on the principle of a sliding 
window. Such architectures have proven them-
selves well in the processing of medical images, 
since they make it possible to effectively use 
the three-dimensional context when segment-
ing objects [16]. When learning this model, the 
patch size is 256x256x16 with an overlap of 0.5.
Since the dimension of the processed volumes in 
the original implementation of the neural net-
work was smaller, an additional convolutional 
layer in the encoder branch and an additional 
verification layer in the decoder branch were 
added to the neural network for more complete 
extraction of features. The additional branch — 
autoencoder, introduced in the SegResNet ar-
chitecture for regularization, was not used. The 

general scheme of the basic model is shown in 
Figure 6.
Preprocessing consists of normalizing the in-
tensities of the input volume, as well as di-
viding the input array into three-dimensional 
overlapping patches of dimension 256x256x16. 
In this case, the operation of subtracting the 
arithmetic mean of non-zero values in the array 
and dividing by the standard deviation of non-
zero elements in the array was assumed (Fig.7).
During the collection of the data set, sev-
eral experiments were conducted to compare 
the quality of work of various neural networks 
to solve the task. In addition to the chosen 
SegResNet architecture, 3d Unet and TransUnet 
neural networks were learning [17], which also 
proved themselves well in medical image pro-
cessing. The TransUnet neural network is two-
dimensional, unlike 3d Unet and SegResNet, and 
was chosen to assess the importance of using a 
three-dimensional image in the analysis of pel-
vic MRI. In the experiments conducted, all neu-
ral networks were learning on the same subsets 
of the data set; and the following augmenta-
tions were used: random framing, random hori-
zontal reflection, random vertical reflection, 
random intensity shift, random scaling.

Figure 5. Architecture of SegResNet neural network

Т2-WI
ax/cor Preprocessing Neural

network
Post-processing

Segmantetion
masks

Classication

Figure 6. General scheme of the basic model
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RESULTS

The first experiment was conducted before add-
ing cases without rectal tumors to the dataset 
and contained 66 volumes with tumors in the 
learning sample and 30 volumes in the test 
sample. The proximity coefficients obtained as 
a result of learning (dice similarity coefficient 
(DSC)) are presented in Table 2.
The table shows that 3d Unet and SegResNet 
neural networks with a three-dimensional 

architecture have a higher proximity coeffi-
cient (DSC).
After expanding the data set and adding cancer-
free cases, an analysis was carried out with the 
inclusion of 520 volumes in the learning sample 
and 178 volumes in the test sample, after which 
the proximity coefficients (DSC) were calculat-
ed (Table 3).
Analyzing the data from Tables 2 and 3, it can 
be seen that with the addition of patients with-
out rectal tumors to the sample, the proximity 

Figure 7. The formula for calculating the normalization of the intensities of the input volume

Table 2. Outcomes of learning on the sample without negative cases

Architecture Number of parameters, 10^6
Dice similarity coefficient (DSC)

Tumor Rectum

TransUnet 105 0.33 –

SegResNet 18 0.53 0.71

3D Unet 44 0.66 –

Table 3. Outcomes of learning on an expanded sample with the addition of negative examples

Architecture Number of parameters, 10^6
Dice similarity coefficient (DSC)

Tumor Rectum

TransUnet 105 0.33 –

SegResNet 18 0.50 0.71

3D Unet 44 0.42 –
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coefficient (DSC) decreases. However, the addi-
tion of negative examples to the learning data 
set allowed the neural network to learn to di-
vide a sample of patients into a group with 
rectal tumors and a group without pathologi-
cal changes. Figure 8 shows the error matrix of 
the SegResNet neural network that learned on 
a sample without negative examples. Figure 9 
shows the error matrix for the SegResNet neural 
network that learned on a sample with the ad-
dition of negative examples and the addition of 
post-processing predictions.
It can be assumed that the proximity coeffi-
cient (DSC) in a mixed sample of patients de-
creases, due to false positive results in patients 
without RC.
The diagnostic effectiveness of the SegResNet 
neural network in detecting rectal tumors with 
the addition of negative examples and post-
processing was: accuracy — 77.0%; sensitiv-
ity — 98.1%; specificity — 45.1%; positive 
prognostic value — 72.9%; negative prognostic 
value — 94.1%.

Thus, it is shown that the addition of patients 
without tumors to the learning sample is neces-
sary, despite the fact that in cases with RC there 
are a large number of slices of a healthy rectum. 
The obtained classification accuracy demon-
strates that it is possible for a neural network 
to learn from the added data to divide the total 
sample into two groups of patients.
Visual analysis of the tumor marking showed 
that the DSC coefficient for the tumor also de-
creases due to imperfect preliminary contour-
ing. However, the visual marking of the tumor 
by the neural network has good convergence 
with the preliminary annotation carried out by 
radiologists with extensive clinical experience 
(Fig.10).

DISCUSSION

Timely and accurate diagnosis of rectal tumors 
allows to use organ-preserving treatment, re-
duce the extent of curative operation, improve 

Рисунок 8. Матрица ошибок SegResNet обученной без отрицательных примеров
Figure 8. Error matrix of SegResNet trained without negative examples
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the prognosis of the patient’s life and improve 
its quality. Magnetic resonance imaging is a 
highly informative method of diagnosing and 
staging rectal cancer [6,7,18]. The information 
obtained during MRI makes it possible to deter-
mine the treatment options for patients with RC 
[19]. Radiologists, when analyzing MRI, need to 
evaluate a large amount of information, visu-
alize the primary tumor and assess its extent. 
Insufficient experience of radiologists in gen-
eral hospitals in interpreting MR for rectal can-
cer can lead to errors in diagnosis, significant 
time spent on analyzing the obtained MR images 
and subjectivity in assessing the extent of the 
tumor process.
Recently, with the rapid development of ad-
vanced technologies, artificial intelligence is 
being used in many fields. Artificial intelli-
gence based on neural networks is increasingly 
used in medicine to collect and analyze large 
amounts of information that contribute to more 
effective work [20]. The use of automation of 
image processing using AI in the analysis of 

pelvic MRI in patients with rectal cancer is de-
signed to reduce the time of description and in 
the future — to increase the diagnostic accu-
racy of the method and level the subjectivity of 
the radiologist. The use of AI in the diagnosis of 
RC is just beginning to be studied, single trials 
have been done with a small sample of patients 
[21,22].
Here, we used artificial intelligence technol-
ogy based on neural networks to automatically 
search for and segment rectal tumors.
At the beginning, proximity coefficients 
(DSC) were determined for various types of 
neural networks in studies with a primary tu-
mor: TransUnet — 0.33, SegResNet — 0.53, 3D 
Unet — 0.66. 3D Unet and SegResNet neural 
networks with a three-dimensional architecture 
have a higher proximity coefficient. MRI allows 
to visualize a tumor in three-dimensional space 
in any selected projection, which explains the 
feasibility of using 3D neural networks.
After increasing the sample and adding patients 
without rectal tumors, the proximity coefficients 

Рисунок 9. Матрица ошибок SegResNet с добавлением отрицательных примеров и постобработкой
Figure 9. Error Matrix of SegResNet with Added Negative Examples and Post-Processing
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(DSC) were re-determined: TransUnet — 0.33, 
SegResNet — 0.50, 3D Unet — 0.42. The prox-
imity coefficient (DSC) in the mixed sample of 
patients is lower than in the group with tu-
mors only, due to false positive results in pa-
tients without cancer. However, the addition 
of healthy patients to the comparison group is 
necessary to enable the neural network to learn 
to differentiate the tumor and the unaffected 
rectal wall.
The diagnostic effectiveness of the SegResNet 
neural network in detecting rectal tumors with 
the addition of negative examples and post-
processing was as follows: accuracy — 77.0%; 
sensitivity–98.1%; specificity– 45.1%; positive 
prognostic value –72.9%; negative prognostic 
value– 94.1%. At this stage, AI has a fairly high 
sensitivity, which indicates a high diagnostic 
efficiency for visualization of the primary tu-
mor. However, the specificity of the method in 
45.1% is still at an unsatisfactory level, which 
indicates a high percentage of false positive re-
sults in healthy patients.
The developed basic AI model has satisfactory 
indicators of diagnostic effectiveness for such 
a complex clinical task and in the future can 
be used as an aid to a radiologist to increase 
the speed of searching for a primary rectal 
tumor and to reduce errors in determining its 
site. However, the model cannot be used as a 
screening method at this stage, due to the large 
number of false positive cases among healthy 
patients. The results obtained are the start-
ing point of our research and with the devel-
opment of neural networks for the task being 
solved, a significant increase in the diagnostic 

effectiveness of the method is possible. The 
next stage of AI development will be to improve 
its specificity, expand the analyzed parameters, 
such as the depth of tumor invasion, visualiza-
tion of metastatic lymph nodes and determina-
tion of the status of the resection edge.

CONCLUSION

The collected dataset of MRI studies and their 
marking allowed to obtain an AI model that 
allows to solve the problem of segmenting 
a rectal tumor and determining its site. The 
SegResNet neural network has an acceptable 
proximity coefficient (DSC = 0.55), and vi-
sual analysis confirmed the high convergence 
of tumor segmentation by a radiologist and 
an AI model. Diagnostic effectiveness of the 
SegResNet neural network in detecting rectal 
tumors was as follows: accuracy– 77.0%; sen-
sitivity –98.1%; specificity– 45.1%; positive 
prognostic value –72.9%; negative predictive 
value– 94.1%.
To further develop the model metric and im-
prove its diagnostic capabilities, it is necessary 
to experiment with learning parameters and in-
crease the data set.

AUTHORS CONTRIBUTION
Concept and design of the study: 
Revaz R. Eligulashvili, Irina V. Zarodnyuk, 
Sergei I. Achkasov, Alexander G. Zapolskiy.
Processing of the material: Revaz R. Eligulashvili, 
Denis M. Belov, Vera A. Mikhalchenko, 
Elena P. Goncharova, Darya I. Suslova, 

Figure 10. MRI of the pelvis, T2-WI coronal view. A — tumor of the rectum without marking. Б — a tumor of the rectum with the 
markings of a radiologist. B — tumor of the rectum withthe markings of SegResNet neural network

А Б В

ОРИГИНАЛЬНЫЕ СТАТЬИ ORIGINAL ARTICLES

34
КОЛОПРОКТОЛОГИЯ, том 21, № 1, 2022 KOLOPROKTOLOGIA, vol. 21, № 1, 2022



Mariya A. Ryakhovskaya, Evgeniy D. Nikitin, 
Nikolaiy S. Filatov
Writing of the text: Revaz R. Eligulashvili, 
Irina V. Zarodnyuk
Editing: Irina V. Zarodnyuk, Sergei I. Achkasov

INFORMATION ABOUT AUTHORS (ORCID)
Revaz R. Eligulashvili — 0000-0001-9885-6824
Irina V. Zarodnyuk — 0000-0002-9442-7480

Sergei I. Achkasov — 0000-0001-9294-5447
Denis M. Belov — 0000-0003-2545-7966
Vera A. Mikhalchenko — 0000-0002-0577-0528
Elena P. Goncharova — 0000-0001-6785-5191
Alexander G. Zapolskiy — 0000-0002-4964-0848
Darya I. Suslova — 0000-0003-1106-5486
Mariya A. Ryakhovskaya — 0000-0002-2243-1317
Evgeniy D. Nikitin — 0000-0001-7181-1036
Nikolaiy S. Filatov — 0000-0002-0657-1256

REFERENCES

1. Kaprin A.D., Starinsky V.V., Shahzadova A.O. 
Malignant neoplasms in Russia in 2019 (morbidity 
and mortality). Moscow: MNIOI. P.A. Herzen (branch 
FGBU “MICR” of Minzdrav of Russia). 2020;p. 252. 
(in Russ.).

2. Ferlay J, Soerjomataram I, Dikshit R, et al. 
Cancer incidence and mortality worldwide: Sources, 
methods and major patterns in GLOBOCAN 2012. 
Int J Cancer. 2015;136:E359–E386. DOI: 10.1002/
ijc.29210

3. Kaprin A.D., Starinsky V.V., Shakhzadova A.O. 
The state of oncological care for the population of 
Russia in 2019. Moscow: MNIOI. P.A. Herzen (branch 
FGBU “MICR” of Minzdrav of Russia). 2020;p. 239 (in 
Russ.)

4. Wang H, Fu C. Value of preoperative accurate 
staging of rectal cancer and the effect on the treat-
ment strategy choice (in Chinese). Chin J Pract 
Surg. 2014;34:37–40.DOI: 10.3969/j.issn.1674-
9316.2016.02.058

5. Abraha I, Aristei C, Palumbo I, et al. Preoperative 
radiotherapy and curative surgery for the man-
agement of localised rectal carcinoma. Cochrane 
Database Syst Rev. 2018;10(10):CD002102. 
DOI:10.1002/14651858.CD002102.pub3

6. Jhaveri KS, Sadaf A. Role of MRI for stag-
ing of rectal cancer. Expert Rev Anticancer Ther. 
2009;9(4):469–481. DOI:10.1586/era.09.13

7. Beets-Tan R, Lambregts D, Maas M, et al. Magnetic 
resonance imaging for clinical management of rectal 
cancer: Updated recommendations from the 2016 
European Society of Gastrointestinal and Abdominal 
Radiology (ESGAR) consensus meeting [published 
correction appears in Eur Radiol. Eur Radiol. 
2018;28(4):1465–1475. DOI:10.1007/s00330-017-
5026-2

8. Xiao Y, Liu S. Artificial intelligence will change 
the future of imaging medicine (in Chinese). J 
Technol Finance. 2018;10:11–15. DOI:10.3969/j.
issn.2096-4935.2018.10.006

9. Wang Y, He X, Nie H, et al. Application of artificial 
intelligence to the diagnosis and therapy of colorec-
tal cancer. Am J Cancer Res. 2020;10(11):3575–3598.

10. Perone C, Cohen-Adad J. Promises and limita-
tions of deep learning for medical image segmenta-
tion. J Med Artif Intel. 2019;2:1–2. DOI: 10.21037/
jmai.2019.01.01

11. Ding L, Liu G, Zhao B. et al. Artificial intelli-
gence system of faster region-based convolutional 
neural network surpassing senior radiologists in 
evaluation of metastatic lymph nodes of rectal can-
cer. Chin Med J. 2019;132(4):379–87. DOI:10.1097/
CM9.0000000000000095

12. Harangi B. Skin lesion classification with 
ensembles of deep convolutional neural networks. 
J Biomed Inform. 2018;86:25–32. DOI: 10.1016/j.
jbi.2018.08.006

13. Ehteshami Bejnordi B, Veta M, Johannes van 
Diest P, et al. Diagnostic Assessment of Deep 
Learning Algorithms for Detection of Lymph 
Node Metastases in Women With Breast Cancer. 
JAMA. 2017;318(22):2199–2210. DOI:10.1001/
jama.2017.14585

14. Yushkevich PA, Piven J, Hazlett HC, et al. User-
guided 3D active contour segmentation of ana-
tomical structures: significantly improved efficiency 
and reliability. Neuroimage. 2006;31(3):1116–1128. 
DOI:10.1016/j.neuroimage.2006.01.015

15. Baid U, Chodasara S, Mohan S, et al. The rsna-
asnr-miccai brats 2021 benchmark on brain tumor 
segmentation and radiogenomic classification. 

The use of artificial intelligence in MRI diagnostics of rectal cancerПрименение искусственного интеллекта в МРТ 
диагностике рака прямой кишки

ОРИГИНАЛЬНЫЕ СТАТЬИ ORIGINAL ARTICLES

35



arXiv. 2021;2107.02314.

16. Magadza T, Viriri S. Deep Learning for Brain 
Tumor Segmentation: A Survey of State-of-the-
Art. J Imaging. 2021;7(2):19. DOI:10.3390/jimag-
ing7020019

17. Balakrishnan G, Zhao А, Sabuncu M. el al. 
VoxelMorph: A Learning Framework for Deformable 
Medical Image Registration. IEEE Transactions 
on Medical Imaging. 2019;38(8):1788–1800 
DOI:10.1109/TMI.2019.2897538

18. Taylor F, Quirke P, Heald RJ, et al. Preoperative 
high-resolution magnetic resonance imaging 
can identify good prognosis stage I, II, and III 
rectal cancer best managed by surgery alone: a 
prospective, multicenter, European study. Ann 
Surg. 2011;253(4):711–719. DOI:10.1097/
SLA.0b013e31820b8d52.

19. Chernyshov S.V., Khomyakov E.A., Sinitsyn 

R.K. et al. Latent adenocarcinoma in adeno-
mas. Possibilities of instrumental identification. 
Koloproktologia. 2021;20(2):10–17. (in Russ.). 
DOI:10.33878/2073-7556-2021-20-2-10-16.

20. Thrall J, Li X, Li Q. et al. Artificial Intelligence 
and Machine Learning in Radiology: Opportunities, 
Challenges, Pitfalls, and Criteria for Success. J 
Am Coll Radiol. 2018;15:504–508. DOI:10.1016/j.
jacr.2017.12.026

21. Wu QY, Liu SL, Sun P. et al. Establishment and 
clinical application value of an automatic diagnosis 
platform for rectal cancer T-staging based on a deep 
neural network. Chin Med J (Engl). 2021;134(7):821–
828. DOI:10.1097/CM9.0000000000001401

22. Lu Y, Yu Q, GaoY. et al. Identification of 
Metastatic Lymph Nodes in MR Imaging with Faster 
Region-Based Convolutional Neural Networks. Cancer 
Res. 2018;78(17):5135–5143. DOI:10.1158/0008-
5472.CAN-18-0494

ОРИГИНАЛЬНЫЕ СТАТЬИ ORIGINAL ARTICLES

36
КОЛОПРОКТОЛОГИЯ, том 21, № 1, 2022 KOLOPROKTOLOGIA, vol. 21, № 1, 2022


