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Abstract
The goal of treatment for ulcerative colitis is to achieve histological and endoscopic remission. Aiming at the
problem that the observer will be affected by subjective factors in the endoscopic evaluation of ulcerative colitis
and the cumbersome diagnosis process of histological images, this paper aims to develop a computer-assisted
diagnosis system for real-time, objective diagnosis of endoscopic images and use the trained CNN model to
predict histological images of patients with ulcerative colitis. Diagnosing endoscopic remission of ulcerative
colitis, the accuracy of the CNN is 97.04% (95% CI,96.26%:97.62%). Diagnosing the severity of endoscopic
in�ammation in patients with ulcerative colitis, the accuracy of the CNN is 90.15% (95% CI, 89.49%:90.82%). The
accuracy of predicting histological remission was 91.28%. The kappa coe�cient between the CNN model and the
biopsy results was 82.56%. The proposed computer-aided diagnosis system can effectively evaluate the
in�ammation of endoscopic images of patients with ulcerative colitis and predict the remission of histological
images with high accuracy and consistency.

Introduction
Ulcerative Colitis (UC) is a chronic in�ammatory disorder of the digestive tract. The lesions are mainly located in
the colon and rectum, featuring recurrent in�ammation of the colonic mucosa. UC manifests as diffuse,
continuous super�cial in�ammation of the colorectal and corresponding histological changes1. It is more
common in northern Europe and North America, but its incidence has been rising in our country2–4. Therefore, it is
particularly important to achieve an early diagnosis of the disease. The goal of medical treatment in UC is to
rapidly induce a steroid-free remission and prevent the disease itself to minimize its impact on the quality of life.
The choice of treatment depends on the severity of disease activity. Mild to moderately active UC is usually treated
with oral/topical 5-aminosalicylic acid or oral glucocorticoids. Severely active patients usually need to be admitted
to the hospital for intravenous glucocorticoid therapy, even received immunosuppressants and expensive
biological reagents5,6. In addition to clinical evaluation, complete blood count testing, erythrocyte sedimentation
rate testing, and C-reactive protein testing, the severity of UC is mainly assessed by colonoscopy and histological
slice. Several activity metrics for evaluating the endoscopic activity of UC have been proposed in the previous
studies7,8. Among them, the Mayo Endoscopy Score has been proven to be one of the most widely used metrics in
clinical practice to evaluate patients' disease activity with UC9. Mayo=0 is de�ned as endoscopic remission.
However, interobserver variability of endoscopists is problematic for treatment planning of UC. The evaluation of
histological sections is also considered critical, but different mucosal specimens are required, and pathologists
may obtain different histological interpretations. Therefore, objective assessment of the disease condition of
patients with UC can provide them with more effective treatment options.

Recently, arti�cial intelligence has made substantial progress in various medical and endoscopy �elds 10–12.
Some studies have shown that deep learning models trained with speci�c medical images can achieve expert-level
evaluation. This method does not need to set the features that need to be extracted manually but can
automatically diagnose them end-to-end. Takenaka et al13. constructed a deep neural network system to diagnose
endoscopic images and biopsy specimens of patients with UC. Byrne et al14. constructed a deep learning model
based on InceptionV315 to assess the disease activity of patients with UC. Even though the existing research and
applied works of arti�cial intelligence have made certain contributions, there is a lot more work to be done and
problems to solve especially in UC. Therefore, this study collected 12257 endoscopic images of 1124 UC patients
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with different endoscopic disease activity levels and 1763 histological slice images. Then, we developed a
computer-assisted diagnosis system based on the CNN module to diagnose endoscopic images of patients with
UC and predict the remission of histological slice images.

Materials And Methods
Data Collection. From January 2018 to November 2021, the clinical data of patients under endoscopic procedures
were reviewed in the Department of Gastroenterology, the First A�liated Hospital of Kunming Medical University,
Kunming, Yunnan Province, China. All images used standard colonoscopy and endoscope systems (Olympus,
Japan). According to the Lennard-Jones criteria, a total of 1124 UC patients were diagnosed based on the typical
clinical course of the disease and endoscopic examination with histologic con�rmation16. The activity and
severity of the disease were determined by Truelove and Witt’s classi�cation of UC17. Excluding unclear images
with stool, blur, or halos, a total of 12257 endoscopic images of patients were collected. Each endoscopic image is
reviewed by two experts and annotated according to the Mayo endoscopy score (Mayo=0, Mayo=1, Mayo=2,
Mayo=3). In the evaluation criteria, Mayo=0 means no active lesions (remission); Mayo=1 means mild lesions,
endoscopic features of erythema, and reduced blood vessel texture; Mayo=2 means moderate lesions, with
obvious erythema and blood vessels under endoscopy Texture loss and erosion; Mayo=3 is a severe lesion, and its
endoscopic features are spontaneous bleeding and ulcer formation. If two experts have different scores when
reviewing the same endoscopic image, the �nal score will be determined after discussion by the endoscopy
experts.

We performed targeted biopsies for surveillance and obtained at least one biopsy from the rectum. The
endoscopists and pathologists were blinded to the clinical information. The histologic severity of in�ammation
was evaluated using the Geboes score18. Histologic remission (Geboes≤3.0) and active (Geboes >3.0)
evaluated19. Grade scoring for the histology was not performed because it was di�cult to elucidate the grade
from only endoscopic images accurately.

Firstly, we reviewed 1124 patients with UC. A total of 9807 images from 872 patients met our selection criteria
collected from January 2018 to January 2021 were used as a training set. Secondly, to verify the effectiveness of
the network, 2450 endoscopic images from 252 patients with UC and 1763 biopsy specimen images from 218
patients with UC from January 2021 to November 2021 were used as a veri�cation set prospectively. The image is
processed with data enhancement before training, including horizontal �ip, vertical �ip, random zoom, and
randomly rotating. The study was approved by the Ethics Committee of The First A�liated Hospital of Kunming
Medical University (NO.2017-27). Written informed consent was obtained from all participants or their guardians
(younger than age 18). Before data analysis, all accompanying patient information was annotated, and no
identi�able patient information was obtained by the endoscopy experts participating in the study. All texts, images,
and tables in the paper do not contain patient information, and all research protocols were conducted following
relevant guidelines and regulations. According to the endoscopic images taken by different machines, it is named
Dataset (Olympus). The detailed information of the Dataset is shown in Table 1.
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Table 1
Statistics of the Dataset.

Dataset (Olympus) Categories Train(n%) Validation(n%) Veri�cation (n%)

2 Categories Remission 4350 (60.00) 1449 (19.98) 1450 (20.02)

Active 3008 (60.06) 1000 (19.97) 1000 (19.97)

4 Categories Mayo 0 4350 (60.00) 1449 (19.98) 1450 (20.02)

Mayo 1 1131 (60.06) 376 (19.97) 376 (19.97)

Mayo 2 1231 (60.02) 410 (19.99) 410 (19.99)

Mayo 3 646 (60.14) 214 (19.93) 214 (19.93)

Construction of the CNN Models.

With the rapid development of high-performance computing equipment, convolutional neural networks are
becoming more and more active in the �eld of computer vision. It plays a vital role in the �eld of medical image
processing. This study uses the Inception-ResNet-v220 architecture as the skeleton network, composed of the
stem, Inception-Resnet, Reduction, and SoftMax layers. Integrating the "residual" structure proposed in Resent21

into the Inception module can speed up training and improve performance. The Inception module can obtain
sparse or non-sparse features of the same layer, use 1×1 convolution to reduce the number of parameters, improve
the recognition speed, and make the network converge faster. In addition, we use dropout22 to reduce the weight to
improve the robustness of the network. Finally, the corresponding probability is calculated by the SoftMax
classi�er. The Mayo score of each endoscopic image is judged. Construct a relationship with the histological
image to predict the remission of the histological image. Figure 1 shows the overall network structure.

Results
Patient’s characteristics and endoscopic and histologic results. After excluding patients with unclassi�ed IBD,
colorectal neoplasia, infectious diseases, and those who are contraindicated with colonoscopy, to verify the
effectiveness of the network, we collected 2450 images from 252 patients from January 2021 to November 2021
as a veri�cation set. The patient characteristics in the veri�cation sets are shown in Table 2 and Table 3. We also
analysed 1763 biopsy specimen images from 218 patients in the validation phase (biopsy samples were not
obtained from 34 patients). The trained model evaluates endoscopic image remission, histological image
remission, and endoscopic image severity.
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Table 2
Results of endoscopic images and biopsy specimens in validation phase.

Endoscopic data (2450 images)        

Total Mayo score 0 1 2 3

Number (%): 1450 (59.18) 376 (15.35) 410 (16.73) 214 (8.74)

Histologic data (1763 specimen images)        

Histologic remission/active Remission (Geboes ≤3.0) Active (Geboes >3.0)

Number (%): 981 (55.64) 782 (44.36)
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Table 3
Clinical characteristics of the study patients in validation phase.
Variables All patients, n=252(%)

Sex, Male/ Female (%) 137(54.5%)/ 115(45.5%)

Median age at clinical onset (years) 45.5 ± 15.7

Location of disease  

E1—Proctitis 52(20.6%)

E2—Left-sided colitis 113(44.9%)

E3—Extensive/pancolitis 87(34.5%)

Median Hb(g/L) (mean ± SD) 129.8±24.4

Median CRP (mg/L) (mean ± SD) 15.8±28.1

Median ESR (mm/h) (mean ± SD) 14.8±16.3

Median ALB (g/L) (mean ± SD) 38.4±6.3

Disease activity  

Active 132(52.3%)

Remission 120(47.7%)

Disease severity  

Severe 20(15.1%)

Moderate 51(38.7%)

Mild 61(46.2%)

Concomitant treatment, n (%)  

5-aminosalicylic acid 204(80.6%)

steroids 103(40.7%)

Immunomodulators 34(13.4%)

Anti-tumor necrosis factor 15(5.9%)

Software and hardware environment and Evaluation index. The experiment uses a Windows10 system, Spyder
editor, and SPSS data statistics software23. CPU model is AMD Ryzen 7, GPU model is NVIDIA GeForce RTX
2080Ti, all programs implemented by the open-source framework Keras24 with TensorFlow as the backend and its
Python port.

We use the following metrics to evaluate the performance of our proposed model. Accuracy represents the
proportion of samples whose diagnostic predictions match the facts. Sensitivity is the percentage of patients with
a positive test in the total number of patients. Speci�city is the percentage of healthy people with negative test
samples in the total number of healthy people. PPV and NPV are the proportions of positive and negative results
in statistics and diagnostic tests that are true positive and true negative results, respectively. The kappa coe�cient
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is a method used in statistics to assess consistency. The higher the value of this coe�cient, the better the
classi�cation accuracy achieved by the model. The formula is shown in Table 4 (TP: The recognition is correct; the
sample is a positive sample. TN: The recognition is correct; the sample is negative. FP: Identify the sample as a
positive sample, but the sample negative. FN: Identify the sample as negative, but the sample is positive).

Table 4. Formula of evaluation metrics.

Experimental results. In this experiment, the training round is set to 30 epochs. After training, observe the changes
in accuracy and loss. The model is saved on the validation set for the highest accuracy. Data augmentation is
used to prevent over�tting and improve the model's generalization ability. Each image is adjusted to an input
network of 299×299 size. Choose Adam optimizer25. The initial learning rate of the optimizer is set to 1e-4. The
classi�cation performance of the CNN model on this dataset is shown in Table 5.

  
Table 5

The result the CNN model (Dataset (Olympus)). The 95% CI values are listed in brackets
- Evaluated metrics (%)

- Accuracy Sensitivity Speci�city NPV PPV Kappa

coe�cient

Endoscopic
remission

97.04

[96.26:97.62]

98.43

[97.84:99.01]

94.57

[92.68:96.45]

97.65

[96.76:98.54]

96.36

[95.02:97.69]

93.49

[92.09:94.88]

Degree of
disease

90.15

[89.49:90.82]

83.66

[82.94:84.38]

96.24

[95.99:96.49]

96.80

[96.42:97.18]

85.60

[83.39:87.81]

83.16

[82.04:84.27]
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Table 6
Accuracy of different Mayo scores. We calculated the classi�cation accuracy of the CNN

model for each category of Mayo score. The brackets indicate the total number of images
used to test the accuracy of the category, and the brackets indicate the number of correct

classi�cations in this category.
- Mayo 0 (Remission) Active (Mayo 1-3)

Olympus (2 categories) 1458(1432) 992(947)

Accuracy 98.21% 95.46%

- Mayo 0 Mayo 1 Mayo 2 Mayo 3

Olympus (4 categories) 1450 (1427) 376 (270) 410 (352) 214 (166)

Accuracy 98.41% 71.80% 85.85% 77.57%

The trained model creates a probability score (with probability between 0 and 1) for each image, and uses the
category with the highest probability as the �nal classi�cation of the model. As shown in Figure 6.

Predict histological remission. We collected endoscopic images of 252 patients and histological images of 218 of
the 252 patients and used the CNN model to train a diagnostic system for endoscopic images. The system was
used to predict the remission of histological images (the histological image diagnosed by a Pathologist). Images
with Mayo=0 showed endoscopic remission. Among 2450 images, 1450 images were Mayo=0, so 59.18% of the
mucosa healed endoscopically. As shown in Table 7, 1546 images are consistent, and 221 images are
inconsistent. The coincidence rate of endoscopy and histology is 87.46%.

  
Table 7

Diagnostic histological remission in images.
Mayo Number of

images
Number of images with
histological

Coincidence rate of endoscopy and
histology

Mayo=0 1450 874 100% (874/874) showed histological
remission

Mayo
=1

376 306 35.7% (109/306) showed histological
remission

Mayo
=2

410 378 27.2% (103/378) showed histological
remission

Mayo
=3

214 205 4.4% (9/205) showed histological
remission
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Table 8
Diagnostic histological remission in patients.

Patients

(218 patients)

Endoscopic images Kappa

coe�cient

- Remission Active 82.56%

Histologic images Remission 102 11

Active 8 97

Accuracy 91.28%

Discussion
Recent studies have shown that making �nal judgments based on clinical results may not be enough to achieve
long-term treatment success. Doctors should also evaluate the activity of histological images and treat
histological remission as a treatment and clinical endpoint for UC26,27. Therefore, we constructed a computer-
aided diagnosis system to automatically extract the endoscopic image features of patients with UC, judge the
activity of the patient's endoscopic images according to the conditions of mucous membranes and blood vessels,
and evaluate in�ammation of UC endoscopic images and predict histological remission. Our research uses
Inception-ResNet-v2 as a skeleton network to diagnose and classify the degree of activity of the endoscopic
images. At the same time, because of the limited data set, a variety of data augmentation techniques are used to
obtain images to extract more features in the image. We used 9807 endoscopic images of 872 patients with UC
with different disease activity levels to train CNN. 2450 endoscopic images of 252 UC patients and 1763 biopsy
specimen images of 218 UC patients were used as veri�cation sets to evaluate the diagnostic and predictive
capabilities of our model. The trained CNN model performs well in diagnosing endoscopic remission (mucosal
healing). In Dataset, Accuracy, Sensitivity, Speci�city, NPV, PPV and Kappa were 97.04%, 98.43%, 94.57%, 97.65%,
96.36% and 93.49%, respectively. The trained CNN model also performs well in diagnosing the severity of
endoscopy (Mayo=0, Mayo=1, Mayo=2, and Mayo=3). In Dataset (Olympus), Accuracy, Sensitivity, Speci�city, NPV,
PPV and Kappa were 90.15%, 83.66%, 96.24%, 96.80%, 85.60% and 83.16%, respectively. The proposed computer-
assisted diagnosis system has high accuracy and consistency, which can solve deviation in diagnosis by
endoscopists. Figure 2 shows the Accuracy and Loss curves during model training. Figures 3-5 show the
visualization results of box plot, confusion matrix, and Grad-CAM28, respectively. At the same time, we compare
the endoscopic images with the histological results in correspondence, observing whether the histological results
are remission in the case of endoscopic remission, and its kappa was 82.56%. The results are shown in Table 7
and Table 8. The CNN model trained can predict the relief of histological images to a certain extent and provide
doctors with reference.

The current research has some limitations. As can be seen from the confusion matrix in Figure 4 and Table 6,
when diagnosing the severity of the Dataset (Olympus), the diagnosis accuracy rate for Mayo=1 is 71.80%, the
diagnosis accuracy rate for Mayo=2 is 85.85%, the diagnosis accuracy rate for Mayo=3 is 77.57%. Mayo=1 and
Mayo=3 have lower diagnostic accuracy. The endoscopic image with Mayo=1 is easily misdiagnosed as Mayo=0
and Mayo=2; the endoscopic image with Mayo=3 is easily misdiagnosed as Mayo=2. Because the similarity
between adjacent images is relatively high and the number of images is small, in subsequent research, the Gan
network can be used to generate images corresponding to Mayo scores to reduce the probability of
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misclassi�cation. In addition, such as Ozawa et al29. also use the Mayo score to distinguish endoscopic images,
and its accuracy is comparable to ours. However, they further divided the colon region to verify the diagnostic
effect and accuracy of endoscopic images of different colon regions. Finally, we just used the Mayo endoscopy
evaluation index to judge the in�ammatory activity in this article. Nevertheless, several other metrics can also
effectively evaluate in�ammation, such as the UCEIS and DUBLIN13,30 evaluation indicator. The DUBLIN score is a
simple clinical evaluation index that estimates the in�ammatory activity according to the severity and scope of the
disease. At the same time, it can establish a good relationship with clinical results, and the DUBLIN score of
patients who need to continue colectomy tends to be higher. In the future, we intend to apply the DUBLIN indicator
to this dataset to comprehensively evaluate the patient's disease status.

Conclusions
In conclusion, the computer-assisted diagnosis system proposed in this paper has very high stability when
evaluating mucosal in�ammation and predicting histological remission in UC patients. It can be used in various
medical situations.
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Figure 1

The overall network structure diagram.

Figure 2

Accuracy and loss of Dataset (Olympus).
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Figure 3

Box plot of endoscopic image diagnosis and classi�cation (Accuracy).

Figure 4

Confusion matrix of Dataset (Olympus). 
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Figure 5

The Grad-CAM visualizations of endoscopic image.

Figure 6

Probability score of a single endoscopic image of UC. (a)It is an image with a Mayo endoscope score of 1 in the
Dataset (Olympus). The trained CNN network evaluates it as Mayo 1 with a probability of 0.99. (b) It is an image
with a Mayo endoscope score of 2 in the Dataset (Olympus). The trained CNN network evaluates it as Mayo 2 with
a probability of 0.87. (c) It is an image with a Mayo endoscope score of 0 in the Dataset (Olympus). The trained
CNN network evaluates it as Mayo 0 with a probability of 0.99, (d) It is an image with a Mayo endoscope score of
3 in the Dataset (Olympus). The trained CNN network evaluates it as Mayo 3 with a probability of 0.97.



Page 16/16


