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1. INTRODUCTION
Ulcerative colitis (UC) is an idiopathic chronic inflammatory 
bowel disease (IBD) with a course of alternating relapse and 
remission. In clinical management of UC, achieving mucosal 
healing (MH) is an important treatment objective. Instead of 
clinical remission, endoscopic remission is associated with lower 
rates of colectomy, relapse, hospitalization, and colorectal can-
cer.1,2 To evaluate endoscopic remission, we commonly use the 
Mayo endoscopic subscore (MES) to evaluate the mucosal status 
of inflammation, as illustrated in Fig. 1. MESs range from 0 to 3 

(0, complete remission; 1, erythema, decreased vascular pattern, 
mild friability; 2, marked erythema, absence of vascular pat-
tern, friability, erosions; 3, spontaneous bleeding, ulceration).1 
We defined MH according to the commonly used definition for 
clinical trials, an MES of 0 to 1. In recent UC therapeutic clini-
cal trials, MH was defined by achieving a MES of 0 or 1.3 One 
recent study showed that patients with an MES score of 0 have 
less risk of relapse than those with a score of 1.4 This means 
that the outcomes of UC patients with complete MH (MES 0) 
are better than those with an MES of 1. However, the interpre-
tation of Mayo endoscopic scores depends on the physician’s 
observational experience of UC images. Accurate differentiation 
of colonic inflammation scores requires expertise and could be 
subjective in clinical situations. Endoscopic scoring of changing 
mucosal severity has substantial interobserver and intraobserver 
variability despite being performed by experienced physicians.5 
In addition, interpretation of whole colon evaluation and the 
extent of inflammation are still limited by the MES system. 
Therefore, if one method or tool could provide an accurate and 
convenient means of interpretation and scoring, it could be use-
ful and have clinical impact for physicians and patients.

In recent years, medical image recognition and detection using 
artificial intelligence with machine learning has improved and 
been applied in many disease fields. Machine learning includes 
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computer-aided diagnosis (CAD), radiomics, and medical image 
analysis.6 Recently, deep learning, using convolutional neural 
networks (CNNs), has become popular in many areas of medi-
cine. It has been applied in endoscopic imaging to distinguish 
early gastric cancers or neoplastic colorectal polyps from hyper-
plastic colorectal polyps.7,8 However, the application of this sys-
tem to mucosal inflammation status is still limited.9–11

In this study, we developed a computer-aided diagnosis sys-
tem with deep learning and machine learning (DLML-CAD) and 
analyzed the accuracy of its diagnosis of colonic mucosal inflam-
mation status in patients with UC.

2. METHODS

2.1. Resources
Colonoscopy images in patients with UC (856 endoscopic colonic 
images with varying MES scores from 54 patients) were obtained 
from the endoscopic image database at Tri-Service General 
Hospital, Taiwan. Endoscopic grading of the images using the 
MES 0-3 was performed by two experienced endoscopists (each 
with more than 15 years of experience in the field of diagnos-
tic colonoscopy). Disagreements between the two reviewers 
were resolved by an independent third reviewer. This retrospec-
tive study was approved by the institutional review board at 
the Tri-Service General Hospital (TSGHIRB 2-108-05-109, the 
date of IRB approval: June 14, 2019) and conducted according 
to Helsinki Declaration principles. The DLML-CAD setup and 
image analysis were conducted at the Data Research Center and 
Institute of Statistics of National Chiao Tung University.

2.2. Database and splitting
In experiment 1, the 856 images described above were first clas-
sified as MES 0 to 1 or MES 2 to 3 to detect the presence or 
absence, respectively, of endoscopic MH. These images (643 
images of MES 0 to 1 and 213 images of MES 2 to 3) were 
used to train and test the DLML-CAD. The training and test sets 
were stratified samples of the full dataset, split into the ratio 7:3. 
There were 600 images for training (452 with MES 0 to 1 and 
148 with MES 2 to 3) and 256 for testing (191 with MES 0 to 1 
and 65 with MES 2 to 3).

In experiment 2, the 643 MES 0 to 1 images were further 
classified as MES 0, showing complete MH, or MES 1, reveal-
ing incomplete healing. There were 411 images with MES 0 
and 232 with MES 1. The training-to-test ratio was again 7:3; 
hence, there were 452 images for training (282 with MES 0 and 
170 with MES 1) and 191 images for testing (129 with MES 0 
and 62 with MES 1). Additionally, the images for testing were 
used to compare the performance of IBD, non-IBD, and trainee 
endoscopists in classifying MES.

2.3 Image preprocessing
Before model training, to increase the size of the training data-
set, data augmentation was used. Rotated, flipped, and shifted 
versions of images in the training set were added to increase 
the training data. This type of data augmentation is consistent 
with our objective because the bowel is circular. In addition, the 
images were resized to 299 × 299 pixels, and the pixel values 
were rescaled to the range [−1, 1] to fit the pretrained CNN 
model (Inception-v3) used in this study.

2.4. Image classification through DLML-CAD
The DLML-CAD concept is derived from transfer learning, 
using a network which is pretrained using millions of nonmedi-
cal images to extract desired features. We used the feature to 
train our classifiers, a deep neural network (DNN), a support 
vector machine (SVM), and a k-nearest neighbor (k-NN) net-
work. This technique is common in medical image classification, 
since the amount of data from the medical images is usually not 
large enough to train a whole DNN.

2.5. Pretrained model: feature extraction
We used an Inception-v3, a deep CNN, which had already been 
trained by ImageNet, using millions of nonmedical images. 
Inception-v3’s feature extraction capability was utilized to 
extract the desired features from our colonoscopy images.

2.6. Training and calculation
The workflow is illustrated schematically in Fig. 2. We used the 
extracted features to train three different classifiers: DNN, SVM, 
and k-NN. The hyperparameters of each model were decided 
by hold-out validation. We used ensemble learning (voting) to 
obtain the final results by merging the results of the three clas-
sifiers (Fig. 2).

3. RESULTS
In experiment 1, we determined the accuracy of differentiation 
between endoscopic MH (MES 0-1) and nonmucosal healing 
(MES 2-3) by DLML-CAD, applying the three classifiers DNN, 
SVM, and k-NN. We evaluated the experimental results in terms 
of accuracy, area under the (receiver operating) curve (AUC), sen-
sitivity, specificity, precision, and F1 score. The diagnostic perfor-
mances of the DLML-CAD in experiment 1 are shown in Table 1. 
Among the three classifiers, DNN achieved the following: accu-
racy, 93.8%; AUC, 90.7%; sensitivity, 84.6%; specificity, 96.9%; 
precision, 90.2%; and F1 score, 87.3%. Moreover, the SVM clas-
sifier yielded the following: accuracy, 94.1%; AUC, 92.5%; sensi-
tivity, 89.2%; specificity, 95.8%; precision, 87.9%; and F1 score, 
88.5%. k-NN revealed the following: accuracy, 93.4%; AUC, 

Fig. 1  Sample endoscopic images showing four levels of inflammation with corresponding Mayo endoscopic subscore (MES).
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90.7%; sensitivity, 86.2%; specificity, 95.8%; precision, 87.5%; 
and F1 score, 86.8%. Finally, using ensemble learning among the 
256 endoscopic testing images, the DLML-CAD achieved accu-
racy, 94.5%; AUC, 92.8%; sensitivity, 89.2%; specificity, 96.3%; 
precision, 89.2%; and F1 score, 89.2% (Table 1).

In experiment 2, we determined the accuracy of differenti-
ating endoscopic complete MH (MES 0) images from MES 1 
images by DLML-CAD. The same three classifiers DNN, SVM, 
and k-NN were used, and the diagnostic performance of the 
networks in experiment 2 is shown in Table 2. DNN achieved 
accuracy, 86.4%; AUC, 82.4%; sensitivity, 71.0%; specificity, 
93.8%; precision, 84.6%; and F1 score, 77.2%. SVM yielded 
accuracy, 88.8%; AUC, 85.6%; sensitivity, 79.0%; specific-
ity, 92.2%; precision, 85.6%; and F1 score, 81.0%. k-NN 
showed the following: accuracy, 81.6%; AUC, 78.9%; sensitiv-
ity, 71.0%; specificity, 86.8%; precision, 72.1%; and F1 score, 
71.5%. Finally, using ensemble learning on the 191 endoscopic 
images, DLML-CAD correctly classified 51 of the 62 MES 1 
images (sensitivity, 82.3%) and 119 of the 129 MES 0 images 
(specificity, 92.2%). In addition, the ensemble yielded an accu-
racy of 89.0%; AUC, 87.3%; and F1 score, 82.9% (Table 2).

As compared with human endoscopists, the performance of 
DLML-CAD is similar to that of the IBD endoscopists and supe-
rior to that of the non-IBD and trainee endoscopists. Additionally, 
the performance of IBD endoscopists was greater than that of 
the non-IBD and trainee endoscopists. The performance of the 

senior IBD endoscopist was similar to that of the junior IBD 
endoscopist (Table 3).

4. DISCUSSION
Endoscopic scoring for inflammation severity is a crucial clinical 
parameter for treat-to-target management in UC patients and 
an important endpoint for therapeutic clinical trials. Adequate 
and accurate endoscopic scoring is challenging for local site IBD 
endoscopists. Previous studies showed that interobserver agree-
ment on endoscopic severity from viewing colonoscopy video 
images was unsatisfactory.5 In one double-blind UC study with 
central reading, the results showed an intraobserver agreement 
of 0.89 and an interobserver agreement of 0.79.12

Studies focusing on deep learning determination of endo-
scopic mucosal severity in UC patients are still limited. Recently, 
Stidham et al9 demonstrated that the performance of CNN in 
distinguishing remission (MES 0-1) from moderate to severe dis-
ease (MES 2-3) was excellent (AUC, 96.6%; sensitivity, 83.0%; 
specificity, 96.0%). Ozawa et al11 showed high-level perfor-
mance to identify MES 0 and 0 to 1 using CNN-based CAD 
system. Our results showed similar performance using DLML-
CAD (accuracy, 94.5%; sensitivity, 84.6%; specificity, 96.9%; 
Table 1). We further distinguished MES 0 from MES 1, also with 
excellent performance (accuracy, 89.1%; sensitivity, 82.3%; 
specificity, 92.2%; Table 2).

Fig. 2  Schematic illustration of the workflow, representing endoscopic image feature extraction, analysis by three neural network qualifiers, and ensemble 
merging. DNN = deep neural network; KNN = k-nearest neighbors; MES = Mayo endoscopic subscore; SVM = support vector machine.

Table 1

The performances of DLML-CAD for classifying mucosal healing 
(MES 0-1 vs MES 2-3) from the endoscopic colonic images of UC 
patients

 Accuracy AUC Sensitivity Specificity Precision F1 score

DNN 0.9375 0.9074 0.8461 0.9685 0.9016 0.8730
SVM 0.9414 0.9252 0.8923 0.9581 0.8787 0.8854
KNN 0.9335 0.9074 0.8615 0.9581 0.8750 0.8682
Ensemble 0.9453 0.9278 0.8923 0.9633 0.8923 0.8923

AUC = area under the curve; DLML-CAD = deep learning and machine learning computer-aided 
diagnosis; DNN = deep neural network; KNN = k-nearest neighbors; MES = Mayo endoscopic sub-
score; SVM = support vector machine; UC = ulcerative colitis.

Table 2

Performance of DLML-CAD in classifying complete mucosal 
healing (MES 0 vs MES 1) from endoscopic colonic images of UC 
patients

 Accuracy AUC Sensitivity Specificity Precision F1 score

DNN 0.8639 0.8238 0.7096 0.9379 0.8461 0.7719
SVM 0.8879 0.8564 0.7903 0.9224 0.8305 0.8099
KNN 0.8160 0.7889 0.7096 0.8682 0.7213 0.7154
Ensemble 0.8901 0.8725 0.8225 0.9224 0.8360 0.8292

AUC = area under the curve; DLML-CAD = deep learning and machine learning computer-aided 
diagnosis; DNN = deep neural network; KNN = k-nearest neighbors; MES = Mayo endoscopic sub-
score; SVM = support vector machine; UC = ulcerative colitis.
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In our study, DNN, SVM, and k-NN models were chosen as 
classifiers for DLML-CAD. Ensemble learning was performed to 
obtain the final results. Our system classified endoscopic MH for 
UC (MES 0-1) with 94.5% accuracy and complete MH (MES 0) 
with 89.0% accuracy. Although the number of training images 
was small, the results from combined deep learning and machine 
learning, with subsequent ensemble learning, are satisfying. Each 
classifier achieved >80% accuracy (Tables 1 and 2). The ensem-
ble learning test performance was superior to that of all the indi-
vidual classifiers. Ensemble learning is used to aggregate multiple 
classifiers,13 and the result of ensemble learning is better than that 
of any one classifier. DNN was not the best-performing classifier 
in testing. Classifiers other than DNN available on Inception-v3 
worked well and demonstrated better performance than DNN.

In comparing DLML-CAD and human endoscopists, the 
performance of DLML-CAD reached the level of the IBD 
endoscopists and was greater than that of the non-IBD and 
trainee endoscopists. Additionally, DLML-CAD appeared to be 
correlated with the experiences in the IBD field but not the expe-
riences in the field of general endoscopy. However, more data are 
required to make this conclusion.

Some limitations of our study should be addressed. First, the 
number of images was small. To improve the performance and 
stability of DLML-CAD, more data are required. More data 
should be added to increase the training data amount and update 
the model. The DLML-CAD could then be updated and provide 
better performance. Second, this is a retrospective study con-
ducted only in one medical center. There could be biases influ-
encing the quality of the input images. Third, the result of this 
study was only shown as a (binary) classification between two 
groups (MES 0-1 vs MES 2-3, then MES 0 vs MES 1). Multiclass 
classification results using this system (for MES 0-3) were lack-
ing. Further, the assessment of MES is subjective and needs more 
validation. We had two experienced endoscopists assess the train-
ing and testing images. We minimized the influence of subjective 
judgement as much as possible; however, this limitation remains. 
More collected images assessed by a broader pool of experienced 
IBD endoscopists are needed to decrease this confounding factor.

In conclusion, we developed a DLML-CAD system to accu-
rately diagnose both MH and complete MH from endoscopic 
colon images. Combining deep learning and machine learning 
with transfer learning, using three qualifiers, ensemble learn-
ing achieved 94.5% and 89.0% accuracy, respectively, for MH 
and complete MH. In future, this DLML-CAD system could be 
extended to the multiclass classification of MES (0-3) and real-
time scoring in different parts of the colon while performing 
colonoscopy on UC patients.
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Table 3

Performance comparison of DLML-CAD and human 
endoscopists in classifying mucosal healing (MES 0-1 vs MES 
2-3) and complete mucosal healing (MES 0 vs MES 1) from the 
endoscopic colonic images of UC patients

 
 

MES 0-1 vs MES 2-3 MES 0 vs MES 1

Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

DLML-CAD 0.846 0.969 0.938 0.823 0.922 0.891
IBD endoscopists
  Senior 0.871 1.000 0.933 0.900 0.933 0.917
  Junior 0.849 1.000 0.917 0.833 1.000 0.900
Non-IBD endoscopists
  Senior 0.750 0.950 0.817 0.732 1.000 0.817
  Junior 0.833 1.000 0.900 0.714 0.944 0.783
Trainee endoscopist 0.714 0.944 0.783 0.769 0.952 0.833

DLML-CAD = deep learning and machine learning computer-aided diagnosis; IBD = inflammatory 
bowel disease; MES = Mayo endoscopic subscore; UC = ulcerative colitis.
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