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摘要

消化道內視鏡檢查過程中的照片記錄是檢查品質的指標之一，但是該指標在

內視鏡檢查中心難以自動測量和審核，而新興的人工智慧技術可能可幫忙解決此

問題。首先，我們將利用深度學習(Deep Learning, DL)依據歐洲胃腸內鏡學會指引

對上消化道內視鏡影像進行分成八個特定解剖位置，然後再評估是否記錄了所有

解剖位置的影像，以照片記錄率的完整性作為內視鏡檢查的自動化品質評估指標。

同時，上消化道影像分類和品質指標系統也將擴展到下消化道內視鏡檢查。然而，

一個好的 DL 模型需要大量的訓練數據來進行模型開發，為了減少醫師標記時間，

我們開發了一種加速數據準備，在此提出的方法中，先使用較小的已標記數據集來

訓練基礎模型，然後由基礎模型對另一個較大的尚未標記數據集進行分類，醫生將

可以快速查看和修改由基礎模型分類的結果，隨後可以使用校正過的數據集重新

訓練增強模型以提高性能，完成的基礎模型和增強模型的準確率分別達到 96.29% 

和 96.64%。在開發了好的分類模型後，我們將利用 12 位內視鏡醫師進行的 472 

次內視鏡檢查進行品質評估指標實驗，可發現腺瘤檢出率較高的內視鏡醫師從咽

部到十二指腸(60.0% vs 38.7%，p<0.0001)和從食道到十二指腸(83.0% vs 65.7%，

p<0.0001)有較高的完整檢查率。而在下消化道內視鏡檢查品質指標實驗中共分析

了 761 個真實世界的報告和大腸鏡檢查影像，電子報告盲腸檢出率為 99.34%，而

所提品質指標系統的盲腸檢出率為 98.95%；使用電子報告和品質指標系統評估息

肉切除率的一致率為 0.87；使用品質指標系統計算的檢查時間與醫生輸入的檢查

時間存在良好的相關性(r = 0.959，p < 0.0001)。由上述實驗結果可得知本研究建立

的內視鏡影像品質自動評估系統應可提升內視鏡檢查品質並為病患提供更好的照

顧。

關鍵字：消化道內視鏡；內視鏡品質；深度學習
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Abstract 

Photodocumentation is one endoscopy quality performance indicator; however, 
manually auditing this indicator is challenging in clinical practice. Artificial intelligence 
technology may help to solve this problem. In this study, the upper gastrointestinal (GI) 
endoscopy images are classified into eight specific anatomical landmarks according to 
the society of Gastrointestinal Endoscopy (ESGE) guideline by the proposed deep 
learning (DL) system. Then, this classification model can be used to assess whether all 
images of anatomical locations are documented and the completeness of the 
photodocumentation rate could be used as the quality indicator. Also, the upper GI 
classification and quality indicator system could be extended to the lower GI endoscopy. 
However, a good DL model requires a large amount of training data for model 
development. In order to reduce the labeling time, we develop an accelerated data 
preparation approach. In this proposed approach, a smaller labeled data set is first used to 
train the base model, and then another larger unlabeled data set is classified by the base 
model. The base model and enhanced model achieve total accuracy of 96.29% and 
96.64%, respectively. After developing a good classification model, we can use this DL 
system to assess whether all images of anatomical locations are documented. The 
photodocumentation completeness rate could be used as the quality indicator for the 
endoscopist performance. A total of 472 upper GI endoscopies performed by 12 
endoscopists are enrolled. The higher adenoma detection endoscopists have a higher 
complete examination rate (83.0% vs. 65.7%). For the proposed lower GI quality 
indicator system, 761 real-world examinations are analyzed. The accuracy of the 
proposed algorithm for the cecal intubation rate is 98.95% and the polypectomy 
agreement rate of the electronic reports and the DL algorithm is 0.87. A good correlation 
of DL withdrawal time between and that entered by the physician is found (r = 0.959). 
From the above experiments, the proposed DL endoscopy quality indicator system could 
help to improve the endoscopy procedure's performance and provide better patient care. 

Keywords: gastrointestinal endoscopy; quality in endoscopy; deep learning 
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Chapter 1. Introduction 

Emerging artificial intelligence (AI) is a technology impacting several aspects of 

health care. AI is now being used successfully to provide a diagnostic aid for 

endoscopists to detect lesions found during endoscopic procedures, such as esophageal 

cancer [1], small bowel ulcers [2], and colorectal lesions [3]. However, technical factors 

such as shorter observation time, ampulla photodocumentation, or inadequate biopsy 

fragments have been reported as predictive diagnostic failure factors [4-6]. Hence, the 

quality of gastrointestinal (GI) procedures should be audited to provide better patient 

care and improve patient outcomes [7, 8]. The systematically acquired photographs 

from specific landmarks are recommended as an endoscopy quality indicator in several 

societies' guidelines [9]. The first photodocumentation guideline was introduced by the 

European Society of Gastrointestinal Endoscopy (EGSE) [8]. Eight specific endoscopy 

landmarks are recommended for acquiring images in the EGSE guideline. Also, a high-

quality colonoscopy should be conducted to reduce colorectal cancer incidence [7, 10-

13]. Several quality indicators such as cecal intubation rate (CIR), adequate bowel 

preparation, and colonoscopy withdrawal time are used in centers with electronic report 

systems to improve colonoscopy quality and patient outcome. Thus, a dedicated AI 

automated colonoscopy quality assessment system can reduce efforts to evaluate the 

quality indicators from captured endoscopy images [14, 15].  

However, auditing the GI procedure quality requires endoscopy experts and may 

need an additional workforce and considerable time to check images, making auditing 

work nearly impossible [16]. Also, most endoscopy units lack a quality evaluation 

computer system. AI is an ideal solution for auditing; therefore, an AI quality indicator 

system for GI endoscopy is proposed in this study. Before developing a quality indicator 
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system, a GI classification system should be developed to classify the endoscopic 

images in each procedure based on their anatomical locations. However, a large 

quantity of data is required to train the AI model. Many open image datasets, such as 

ImageNet [17], and endoscopy datasets, such as the HyperKvasir [18], are available for 

training the DL model. However, there is no available open data for training the 

endoscopic anatomy classification. The trained endoscopists are needed to label the 

images for training a new model. Hence, to save endoscopists' labeling time, a deep 

learning (DL) based endoscopic anatomy classification system [14] with an accelerated 

data preparation approach is developed and validated for potential clinical use in the 

first part of this study.  

Based on the developed anatomy classification system, the systematically acquired 

photographs from specific landmarks could be checked from the classified images. In 

the proposed upper GI endoscopy quality system, the completeness of the 

photodocumentation rate is used as the quality indicator in the second part of this study. 

The completeness of photodocumentation could be determined by whether all the 

images of anatomical locations for each procedure are saved. This completeness of 

photodocumentation automatically computed from endoscopic images is compared 

with the clinical performance indicators. Also, the upper GI classification and quality 

indicator system could be extended to the lower GI endoscopy. Thus, the third part of 

this study aims to develop a DL-based algorithm for screening colonoscopy quality 

assessment. 

Finally, some future works using other AI algorithms are discussed. For natural 

language processing (NLP), there are several well-known methods, such as 

Transformer [19] and Bidirectional Encoder Representations from Transformers (BERT) 

[20]. Based on Transformer, Vision Transformer (ViT) [21], and Shifted Windows (Swin) 
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Transformer [22] have recently been proposed for image classification. In the future, 

we could investigate these new techniques to improve our classification and quality 

indictor systems. Also, self-supervised learning [23-25] has been proposed for 

automatically training models without human labeling for large amounts of data. Hence, 

in the future, a self-supervised learning technique could be further studied to train a 

more robust model using large amounts of endoscopy images without the physicians’ 

labeling. 

The organization of the thesis is as follows. Chapter 2 briefly introduces related 

works on convolutional neural networks, explainable AI, performance metrics, and 

gastrointestinal endoscopy. Chapter 3 introduces the proposed upper gastrointestinal 

endoscopic anatomy classification with an accelerated data preparation approach. 

Chapter 4 illustrates upper endoscopy quality assessment based on the developed 

anatomy classification system. Colonoscopy quality assessment extended from the 

upper endoscopy quality assessment is proposed in Chapter 5. Some future works are 

discussed in Chapter 6. Finally, conclusions are drawn in Chapter 7. 
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Chapter 2. Related Works 

2.1. CNN Models 

Recently, deep learning (DL) has been applied to various medical image analyses 

and research works. In this study, we use the DL technique for the classification of 

endoscopic images. There are a lot of DL techniques proposed by researchers. The 

LeNet [26], which was proposed by Lecun et al. in 1998, is made up of seven layers 

consisting of three convolutional layers, two subsampling layers, and two fully 

connected layers. The eight-layer AlexNet [27], the winner in the ImageNet LSVRC 

(Large Scale Visual Recognition Competition) 2012 contest, was designed to train a 

large convolutional neural network (CNN) to classify the 1.2 million images into 1,000 

different classes. There are several famous CNN architectures such as VGGNet [28], 

ResNet [29], and GoogLeNet (Inception v1) [30]. Later, Inception net has other 

versions v2 [31], v3 [32], and v4 [33].  

2.1.1 ResNet 

The deeper CNN architecture contains several complex parameters and has the 

vanishing gradient problem [34]. To solve this problem, short paths (identity loop) from 

initial layers to subsequent layers [35, 36] are adopted in ResNet [29, 37]. In Figure 1, 

a ResNet building block is shown. 
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Figure 1. A ResNet building block. 

2.1.2 ResNeXt 

The Inception net [30] has an important common property, a split-transform-merge 

strategy. In an Inception block, as shown in Figure 2, the input is split into a few lower-

dimensional 1×1 convolutions, transformed by a set of specialized filters such as 3×3, 

5×5, etc., and then merged by concatenation. The Inception net is a successful multi-

path architecture, and ResNet could be thought of as a two-path network in which one 

branch is the identity mapping. ResNeXt combines the multi-path and short-path 

concepts of Inception net and ResNet, as shown in Figure 3. 

Figure 2. An Inception block. 
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Figure 3. The ResNeXt net. 

2.1.3 ResNeSt 

The Selective Kernel Network (SK-Net) [38] consists of three operators: Split, 

Fuse, and Select. Multiple paths with various kernel sizes are generated by the Split 

operator, the Fuse operator combines and aggregates the information from multiple 

paths, and the Select operator aggregates the differently sized kernel feature maps 

according to the selection weights. The SK-Net is shown in Figure 4. 

Figure 4. Selective Kernel network. 
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The split-attention network (ResNeSt) [13] combines the multi-path and split-

attention concepts of ResNeXt and SK-Net, as shown in Figure 5.  

Figure 5. Split-attention network. 

2.2. Explainable AI and Performance Metrics 
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score, might be a better measure for seeking a precision-recall balance. 

Accuracy= 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶
𝑁𝑁

 (1) 

Precision= 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

(2) 

Recall= 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

(3) 

F1-score= 2×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)

 (4) 

where Corr is the corrected case number, TP is the true-positive case number, FP is the 

false-positive case number, FN is the false-negative case number, and N is the total case 

number. There are two averaging methods, macroaverage and microaverage, for these 

measures for multi-class classification defined as follows. 

Macro_Precision=1
𝐶𝐶
∑ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝐶𝐶
1  (5) 

Macro_Recall=1
𝐶𝐶
∑ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝐶𝐶
1  (6) 

Macro_F1-score=2×𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀_𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀_𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀_𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀_𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)

 (7) 

Weighted_ Precision=∑ 𝑁𝑁𝑖𝑖×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝐶𝐶
1

∑ 𝑁𝑁𝑖𝑖𝐶𝐶
1

(8) 

Weighted_ Recall=∑ 𝑁𝑁𝑖𝑖×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝐶𝐶
1

∑ 𝑁𝑁𝑖𝑖𝐶𝐶
1

 (9) 

Weighted_F1-score=2×𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡𝑡𝑡𝑡𝑡_𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡𝑡𝑡𝑡𝑡_𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
(𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡𝑡𝑡𝑡𝑡_𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡𝑡𝑡𝑡𝑡_𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)

 (10)

where C is the class number, Precisioni is the precisioni for class i, Recalli is the recalli 

for class i. 

2.2.3 McNemar's test 

In this study, McNemar's test [42] is used to compare the predictive accuracy of 

two models. At first, the contingency table of the two tests is defined as Table 1 

reconstructed. The McNemar test statistic is  
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χ2 = (|b - c|-1)2/(b + c) (11) 

where χ2 is chi-squared distribution.  

Table 1. The contingency table for McNemar's test. 

Test 2 positive Test 2 negative 
Test 1 positive a b 
Test 1 negative c d 

2.3. Gastrointestinal Endoscopy 

GI endoscopy is the most used procedure for diagnosing and treating patients of 

GI diseases. Auditing the procedure's quality has been advocated for better patient care. 

2.3.1 Upper GI Endoscopy 

The European Society of Gastrointestinal Endoscopy (ESGE) recommended 

acquiring eight specific endoscopy landmark images [8]. In this study, nine anatomical 

locations are used to classify the upper GI endoscopy images (0: pharynx, 1: esophagus, 

2: esophageal-gastric junction, 3: gastric cardia, fundus or retroflex view, 4: gastric 

body, 5: gastric angle, 6: gastric antrum, 7: duodenal 1st portion, and 8: duodenal 2nd 

portion). The nine anatomical locations in upper GI are shown in Figure 6. 
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Figure 6. Nine anatomical locations in upper GI. 

2.3.2 Duodenal Papilla 

The L8 location can be further evaluated whether the whole or partial area of the 

duodenal papilla is present or not [6]. The ResNeSt model could be used to train the 

images of L8 location to classify into L8A ones without ampulla and L8B ones with 

ampulla. An image of the duodenal papilla is shown in Figure 7. 

Figure 7. Duodenal Papilla. 

2.3.3 White Light Endoscopy and Narrowband Endoscopy 

White light endoscopy (WLE) is the standard endoscopy image, and narrowband 

endoscopy images (NBI) is an advanced optical method to improve the visualization of 
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the mucosal surface architecture and microvascular pattern. The WLE and NBI images 

are shown in Figure 8. 

Figure 8. White light endoscopy (WLE) and narrowband endoscopy image (NBI). 

2.3.4 Colonoscopy Quality Indicators 

A high-quality colonoscopy image should be adopted to reduce the interval 

colorectal cancer incidence. Some quality indicators (Figure 9) have been used to 

improve the colonoscopy quality and patient outcomes. For example, a longer 

colonoscopy withdrawal time has been related to a better adenoma detection rate. Cecal 

intubation rate (CIR) is a complete colonoscopy indicator. To prevent missed polyps, 

adequate bowel preparation can help an endoscopist assess colonic mucosa, and a short 

follow-up interval is needed for inadequate bowel preparation patients. 

Figure 9. The current workflow for quality indicator acquisition. 

Colonoscopy 
Finished 

Enter into 
Electronic 

Reporting System 

Cecal intubation 

Bowel preparation 

Polyp detection 
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Chapter 3. Upper Gastrointestinal Endoscopic 

Anatomy Classification 

3.1. Materials & Methods 

3.1.1 Patients and Data Preparation 

The patients who underwent diagnostic upper endoscopic examination at 

Changhua Christian Hospital from January 2020 to December 2020 are retrospectively 

reviewed. Two expert endoscopists with 15 years of therapeutic endoscopy experience 

reviewed the first white light endoscopy (WLE) dataset with the Olympus 260 or 290 

series. Nine anatomical locations are used to classify the endoscopy images (0: pharynx, 

1: esophagus, 2: esophageal-gastric junction, 3: gastric cardia, fundus or retroflex view, 

4: gastric body, 5: gastric angle, 6: gastric antrum, 7: duodenal 1st portion, and 8: 

duodenal 2nd portion). The second image dataset from endoscopy records of patients 

from September 2020 to October 2020 at Changhua Christian Hospital is obtained for 

subsequent analysis. These datasets contain WLE and NBI. The WLE images constitute 

the majority of images captured in a typical upper endoscopy procedure, and NBI is 

minor. An independent dataset from Changhua Christian Hospital is used to validate 

the DL model. In Figure 10, the images included in this study are illustrated. 
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Figure 10. Flowchart of the images included in this study. 

3.1.2 Preparation of Endoscopy Images for Deep Learning 

In Figure 11, the original images are 640 × 480 pixels and are cropped to size 469 

× 410 pixels. Because transfer learning with the pre-trained ImageNet model is applied 

to reduce training time, the 469 × 410 pixels images are downsampled into 224 × 224 

pixels. 

(a)                              (b) 

Figure 11. (a) original image and (b) cropped image. 
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Dataset)
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764 Cardia

Model Testing
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Model

1887 (with NBI 
images)

1841 (without 
NBI images)
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3.2. Results 

ResNeSt [43] ,which a deep residual network (ResNet) [29] variant, is used to train 

the DL model. This study uses ResNeSt with fifty layers deep pre-trained with 

ImageNet [17]. In order to solve the data imbalance problem, the focus loss function 

[44] is used as the loss function in the training process. The PyTorch framework using

Python programming language on an Intel i7-10700 personal computer with Windows 

10 and Nvidia GeForce RTXTM 3090 GPU is used to develop the proposed system. 

Normalize and RandomResizedCrop in PyTorch package Transforms are used for 

training images. 

3.2.1 Deep Learning Base Model Training on 1st Dataset 

In Table 2, the training, validation, and test subsets are extracted from the first 

8,041 image dataset to build the base model. The training and validation accuracies and 

losses are illustrated in Figure 12(a). Figure 13(a) shows the testing confusion matrix. 

Table 3 lists the base model performance. The total accuracy is 96.29%, the macro-

average precision is 96.17%, and the weighted average precision is 96.41%. The macro-

average recall is 95.42% and the weighted average recall is 96.29%. The macro-average 

F1-score is 95.73% and the weighted average F1-score is 96.22%. 
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Table 2. The image numbers of the training set, validation set, and test set. 

Training Validation Test 
0 Pharynx 168 19 32 
1 Esophagus 800 93 114 
2 Esophageal-gastric junction 638 69 123 
3 Gastric cardia, fundus or retroflex view 929 103 231 
4 Gastric body 909 101 417 
5 Gastric angle 322 35 97 
6 Gastric antrum 1050 120 167 
7 Duodenal 1st portion 422 49 86 
8 Duodenal 2nd portion 681 76 190 

Total number 5919 665 1457 

Table 3. Performance comparison for the base and enhanced models. 

*A p-value less than 0.05 is considered statistically significant.

Metrics Class 

All Macro-

average 

Weighted 

average 

0 1 2 3 4 5 6 7 8 

Base Accuracy 96.29 

Precision 96.17 96.41 96.77 98.21 92.25 97.84 97.81 100.00 89.56 95.18 97.91 

Recall 95.42 96.29 93.75 96.49 96.75 97.84 96.40 89.69 97.60 91.86 98.42 

F1-score 95.73 96.30 95.24 97.35 94.44 97.84 97.10 94.57 93.41 93.49 98.16 

Enhanced Accuracy 96.64 

Precision 96.51 96.68 96.97 97.32 93.65 96.62 97.84 98.86 93.10 96.34 97.88 

Recall 96.02 96.64 100.00 95.61 95.93 99.13 97.60 89.69 97.01 91.86 97.37 

F1-score 96.22 96.63 98.46 96.46 94.78 97.86 97.72 94.05 95.01 94.05 97.63 

p-value 0.53 0.48 1.00 1.00 0.25 0.18 0.68 1.00 0.72 0.68 
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(a) 

(b) 
Figure 12. The training and validation accuracies and losses of training for the base 

and (b) enhanced models. 
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(a) 

Figure 13. The testing confusion matrixes for (a) base and (b) enhanced models. 

3.2.2 Training the Deep Learning Enhanced Model on the 2nd Dataset 

Additional unclassified 6,091 images are added to the training set to improve the 

robustness of the trained model. The 6,091 unclassified images are first classified by 

True C
lass 

Predicted Class 

True C
lass 

Predicted Class 
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the base model and then rechecked by a physician. Only 409 images (6.67%) in the 

6,091 images are reclassified, and 129 images are discarded. Because the base model 

first classifies the unclassified images, the physician's review time is significantly 

reduced. There are 277 NBI images and 132 WLE images in 409 misclassified images. 

Because the base model is trained only with WLE images, most misclassified images 

are NBI images. For WLE images, the base model has already achieved excellent 

results. Moreover, we added 3,424 images that contain locations 2, 3, and 6 from the 

HyperKvasir dataset to enrich the training material [18] to train the enhanced model. 

Table 4 lists the number of images of each class. Figure 3(b) shows the training and 

validation accuracies and losses. Figure 4(b) shows the testing confusion matrix. Table 

3 lists the performance comparison for the base and enhanced models. The total 

accuracy of enhanced model is 96.64%, the macro-average precision is 96.51% and the 

weighted average precision is 96.68%. The macro-average recall is 96.02% and the 

weighted average recall is 96.64%. The macro-average F1-score is 96.22% and the 

weighted average F1-score is 96.63%. The enhanced model is slightly better after using 

more training images than the previous base model. All the p-values are larger than 0.05 

using the McNemar test. 
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Table 4. The image number of training set for the enhanced model. 

Training 
0 Pharynx 364 
1 Esophagus 2166 
2 Esophageal-gastric junction 3228 
3 Gastric cardia, fundus or retroflex view 2247 
4 Gastric body 2070 
5 Gastric angle 551 
6 Gastric antrum 2782 
7 Duodenal 1st portion 777 
8 Duodenal 2nd portion 1120 
Total number 15305 

3.2.3 Model Performance Evaluation for the Internal Test Dataset 

Because the enhanced model includes both WLE and NBI images and the internal 

test dataset includes 46 NBI images, the results without and with NBI images are 

compared in Figure 14, Figure 15, Table 5, and Table 6. For the base model of the 

internal test dataset without NBI images, the total accuracy is 91.25%, the macro-

average precision is 91.80% and the weighted average precision is 92.04%. The macro-

average recall is 88.36% and the weighted average recall is 91.25%. The macro-average 

F1-score is 89.44% and the weighted average F1-score is 91.23%. For the enhanced 

model of the internal test dataset without NBI images, the total accuracy is 93.05%, the 

macro-average precision is 93.91% and the weighted average precision is 93.35%. The 

macro-average recall is 90.89% and the weighted average recall is 93.05%. The macro-

average F1-score is 92.01% and the weighted average F1-score is 92.92%. Compared 

with the performances of two models without NBI images, the enhanced model has 

significantly better overall accuracy and accuracy in classes 0, 2, and 8. 

For the base model of the internal test dataset with NBI images, the accuracy is 

90.46%, the macro-average precision is 90.82% and the weighted average precision is 

90.99%. The macro-average recall is 87.97% and the weighted average recall is 90.46%. 
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The macro-average F1-score is 88.93% and the weighted average F1-score is 90.40%. 

For the enhanced model of the internal test dataset with NBI images, the accuracy is 

92.74%, the macro-average precision is 93.70% and the weighted average precision is 

93.12%, and the macro-average recall is 90.45% and the weighted average recall is 

92.74% The macro-average F1-score is 91.64% and the weighted average F1-score is 

92.62%. Compared with the performances of two models containing NBI images, the 

enhanced model has significantly better overall accuracy and accuracy in classes 0, 1, 

2, and 8. 
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(a) 

(b) 

Figure 14. The confusion matrixes for test dataset #1 without NBI images for (a) base 
and (b) enhanced models. 
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(a) 

(b) 

Figure 15. The confusion matrixes of the internal test dataset containing NBI images 
for (a) base and (b) enhanced models. 
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Table 5. Performance comparison of the internal test dataset without NBI images. 

*A p-value less than 0.05 is considered statistically significant.

Table 6. Performance comparison of the internal test dataset containing NBI images. 

*A p-value less than 0.05 is considered statistically significant.

Metrics Class 

All Macro-

average 

Weighted 

average 

0 1 2 3 4 5 6 7 8 

Base Accuracy 91.25 

Precision 91.80 92.04 97.06 74.39 81.78 99.06 97.05 98.13 90.56 93.48 94.74 

Recall 88.36 91.25 67.35 96.83 82.94 98.13 95.09 76.64 95.22 86.00 97.01 

F1-score 89.44 91.23 79.52 84.14 82.35 98.59 96.06 86.07 92.83 89.58 95.86 

Enhanced Accuracy 93.05 

Precision 93.91 93.35 98.86 86.45 89.20 92.75 95.39 98.97 91.32 93.55 98.72 

Recall 90.89 93.05 88.78 97.88 90.05 99.69 95.66 70.07 96.69 87.00 92.22 

F1-score 92.01 92.92 93.55 91.81 89.62 96.10 95.53 82.05 93.93 90.16 95.36 

p-value <0.01* <0.01* 0.48 <0.01* 0.07 0.82 0.11 0.22 1.00 0.01* 

Metrics Class 

All Macro-

average 

Weighted 

average 

0 1 2 3 4 5 6 7 8 

Base Accuracy 90.46 

Precision 90.82 90.99 97.62 75.20 81.65 96.63 96.76 91.30 90.56 93.48 94.19 

Recall 87.97 90.46 70.09 94.09 79.46 98.13 95.09 76.64 95.22 86.00 97.01 

F1-score 88.93 90.40 81.59 83.59 80.54 97.37 95.92 83.33 92.83 89.58 95.58 

Enhanced Accuracy 92.74 85.47 97.54 89.73 99.69 95.66 70.07 96.69 87.00 92.22 

Precision 93.70 93.12 99.01 84.26 89.33 92.75 95.39 98.97 91.32 93.55 98.72 

Recall 90.45 92.74 85.47 97.54 89.73 99.69 95.66 70.07 96.69 87.00 92.22 

F1-score 91.64 92.62 91.74 90.41 89.53 96.10 95.53 82.05 93.93 90.16 95.36 

p-value <0.01* <0.01* 0.046* <0.01* 0.07 0.82 0.11 0.22 1.00 0.01* 
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The test image heatmaps for class 2 esophageal-gastric junction images generated 

by the Grad-CAM algorithm [18] for both models are shown in Figure 16. Both models 

are correctly classified as class 2, but the enhanced model has higher probabilities of 

96.98% and 91.39% for the WLE and NBI images, respectively. The esophageal-gastric 

junction features are also illustrated as the highlighted spots in this figure. In Figure 17, 

the test result corresponding to the features extracted from the model is visualized by 

the t-distributed stochastic neighbor embedding (t-SNE) [41]. Because there is almost 

no intersection between the clusters, the model's classification accuracy is up to 96.64%. 

3.3. Discussion 

In this study, a high accuracy DL approach is developed for endoscopic anatomic 

classification. At first, manually labeled images are used to train the base model and 

then unlabeled images are added based on the trained base model with better 

performance than the original base model. The approach is feasible for endoscopy units 

with an inadequate workforce of data preparation [19, 20]. On the other hand, as 

datasets are the primary drivers for developing an excellent deep learning algorithm, 

the greater the number of images entered into the model for training, the better the 

model performed. Hence, it is a good research topic to study how many cases are needed 

to achieve the best performance. 
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Prediction 2: 80.28% Prediction 2: 96.98% 

(a)   
Prediction 2: 40.90% Prediction 2: 91.39% 

(b)   
Figure 16. Heatmaps of the test images using base (middle column) and enhanced (right 

column) models for class 2 images. (a) WLE (b) NBI. 

Figure 17. The t-distributed stochastic neighbor embedding (t-SNE) map for 
endoscopy anatomy DL classification. 
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Chapter 4. Upper Endoscopy Quality Assessment 

4.1. Materials & Methods 

4.1.1 Patients and Data Preparation 

The endoscopy records of upper endoscopy screening patients under general 

anesthesia from Jan to Jun 2020 at Changhua Christian Hospital are retrospectively 

reviewed. There are 14 board-certified endoscopists in the endoscopy center and 12 of 

them performed both upper endoscopy and screening colonoscopy. The Olympus EVIS 

LUCERA ELITE 260 or 290 series system is used to perform the endoscopy. Since 

2015, the ADR result for quality assurance has been fed back to the endoscopist to 

improve their performance [45, 46]. 

4.1.2 Deep Learning Model and Endoscopy Image Processing 

15,305 images are used to train Split-Attention Networks (ResNeSt) model [43] 

on an Intel i7-10700 personal computer with Windows 10 and Nvidia GeForce RTXTM 

3090 GPU. In this study, the retrieved original endoscopy images are 640 × 480 pixels 

and the images are cropped to size 469 × 410 pixels. The 15,723 images are tested by 

the trained ResNeSt model. Eight anatomical locations are used to classify all the 

endoscopy images of each procedure (L1: esophagus, L2: esophageal-gastric junction, 

L3: gastric cardia, fundus or retroflex view, L4: gastric body, L5: gastric angle, L6: 

gastric antrum, L7: duodenal 1st portion, L8: duodenal 2nd portion) by the DL model 

according to the ESGE classification. In this study, an additional location of the pharynx 

is defined as L0 and poor-quality images are defined as L9. The L8 location is further 

evaluated whether the whole or partial area of the duodenal ampulla is present or not 

[6]. Hence, in this study, 896 images of L8 location are used to train the second ResNeSt 
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model to classify into L8A ones without ampulla (accuracy rate 92.41%, 134/145) and 

L8B ones with ampulla (accuracy rate 86.08%, 68/79) at the accuracy rate of 90.18%. 

The proposed automatic quality indicator system is shown in Figure 18. 

Figure 18. The proposed deep learning based automatic upper GI quality indicator 
system. L0: pharynx, L1: esophagus, L2: esophageal-gastric junction, L3: 
gastric retroflex view, L4: gastric body, L5: gastric angle, L6: gastric 
antrum, L7: duodenal 1st portion, L8: duodenal 2nd portion, L8A: duodenal 
2nd portion without ampulla, L8B: duodenal 2nd portion with ampulla. 

4.1.3 Complete Photodocumentation Rate Assessment 

The DL model can compute the endoscopy image number at each anatomical 

location. Complete photodocumentation per location is defined as the presence of at 

least one image in a specific location. Complete photodocumentation of the entire 

procedure is defined as the presence of complete examination at all endoscopic 

anatomic locations. Complete ESGE 0-8 photodocumentation requires the presence of 

complete photodocumentation at location L0 to L8 and ESGE 1-8 requires the presence 

of complete photodocumentation at location L1 to L8. 

4.1.4 Statistical Analyses 

Continuous variables are presented as means (standard deviation) or median 
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(interquartile range) according to the normality of the data distribution. Categorical 

variables are presented as proportions and compared by the chi-square test or the Fisher 

exact tests as appropriate. The Medcalc version 19.3 is used for all statistical analyses, 

with p values of <0.05 indicating statistical significance. 

4.2. Results 

4.2.1 Endoscopy Image Data Characteristics 

Four hundred seventy-two upper endoscopy procedures with 15,723 images were 

performed during the study period. The median age of the population is 52 year-old, 

with 55% male patients. Totally, 98 (0.6%) poor-quality images (L9) are recognized. 

The median endoscopy image per examination is highest in the esophagus (L1), 

followed by the gastric body (L4). The pharynx (L0) and gastric angle (L5) had the 

lowest endoscopy image number at each procedure (Table 7). In Table 7, complete 

examination rate is 100% in the esophagus (L1) followed by L2 (98.9%), L6 (98.9%), 

L8 (98.9%), L3 (98.5%), L4 (97.9%), L7 (94.7%), L5 (85.8%) and L0 (66.7%). The 

overall complete photodocumentation rate is 78.0% from esophagus to the duodenum 

(location L1-L8) and 53.8% from pharynx to the duodenum (location L0-L8). The 

duodenal ampulla (L8B) photodocumentation is found in 287 procedures (60.8%). 
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Table 7. Metrics of 9 anatomy site photodocumentation during EGD. 

4.2.2 Characteristics of Endoscopist Performance 

In this study, 12 endoscopists perform 18 to 63 endoscopy procedures for analysis. 

Table 8 summarizes the screening colonoscopy performance metrics after positive fecal 

immunochemical tests from 2018 to 2020. The ADR rate ranges from 43.57% to 

67.74%, and the polyp detection rate (PDR) ranges from 55.37% to 74.19%. The 

captured endoscopy image number per procedure by the individual endoscopist ranges 

from 19.71 to 51.55 images that are all above the recommended at least 10 photos by 

the ESGE [47]. The complete photodocumentation rate ranges from 0% to 95.0% for 

location L0-L8 and 55.6% to 95.0% for location L1-L8. 

Endoscopy Location Median Photo Number per 
Exam, n, IQR 

Complete Examination Rate of 
the Location 

0 Pharynx 1 (0-2) 315/472(66.7%) 
1 Esophagus 7 (5-10) 472/472(100.0%) 
2 EGJ 5 (3-6) 467/472(98.9%) 
3 Retroflex view 3 (2-4 ) 465/472(98.5%) 
4 Gastric body 5 (2-8) 462/472(97.9%) 
5 Gastric angle 1 (1-2) 405/472(85.8%) 
6 Gastric antrum 4 (2-6) 467/472(98.9%) 
7 Duodenum 1st 2 (1-3) 447/472(94.7%) 
8 Duodenum 2nd 2 (1-3) 467/472(98.9%) 
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Table 8. Performance of endoscopists on screening colonoscopy in 2018-2020. 

ADR: Adenoma detection rate; PDR: Polyp detection rate.  
Note: The ADR and PDR rates for screening colonoscopy after a positive fecal occult 
blood test are audited annually in the unit.  

4.2.3 Comparison of Endoscopist Colonoscopy Performance and 

Completeness of Upper Endoscopy Examination 

Photodocumentation 

All the endoscopists in the unit have an ADR rate above the national average ADR 

rate of 39.5% [48]. The overall ADR is 53.6% in the recent multicenter Asia-Pacific 

study [49]; therefore, a goal is set for achieving ADR above 55% for further quality 

improvement. The endoscopists are divided into high ADR (Endoscopist A-H) and low 

ADR (Endoscopist I-L) groups according to their ADR detection rate at a 55% cut-off 

for subsequent analysis in Figure 19. High ADR endoscopists have higher complete 

photodocumentation rates at locations L0-L8 (60%) and L1-L8 (83%) compared with 

low ADR endoscopists. The duodenal ampulla photodocumentation is similar among 

Endoscopist 

Screening 
Colonoscopy 
Procedures in 

2018-2020 

ADR PDR 

EGD 
Procedures 

in this 
Analysis 

Mean EGD 
Images per 
Procedure 

(Mean, SD) 
A 22 67.74% 74.19% 18 22.56, 0.28 
B 151 67.46% 84.13% 20 51.55, 0.12 
C 202 62.23% 70.59% 63 34.65, 0.17 
D 271 60.96% 72.80% 51 30.71, 0.18 
E 131 60.33% 73.91% 50 30.32, 0.21 
F 318 58.81% 73.46% 37 46.89, 0.21 
G 134 57.64% 63.76% 42 24.14, 0.25 
H 132 55.38% 71.79% 54 48.53, 0.16 
I 91 53.90% 69.50% 28 33.57, 0.23 
J 57 52.38% 60.00% 47 21.98, 0.18 
K 36 46.15% 75.00% 28 32.50, 0.26 
L 346 43.57% 55.37% 34 19.71, 0.21 
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these two endoscopist groups. 

Figure 19. Comparison of endoscopist performance on colonoscopy and the 
completeness of photodocumentation during upper endoscopy. The rate of 
complete photodocumentation is significantly higher for doctors with high 
adenoma detection rates (ADR) from pharynx to duodenum and from 
esophagus to duodenum (*** p < 0.0001). The ampulla 
photodocumentation rate is similar. 

In Table 9, the differences in the photodocumentation completeness at each 

endoscopy location are compared. High ADR endoscopists have higher complete 

photodocumentation rates at L0, L5, L6, and L7 than low ADR endoscopists. Table 8 

lists the median number of images captured by individual endoscopists. 
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Table 9. Comparison of endoscopist performance on colonoscopy and the 
completeness of photodocumentation at each endoscopy location. 

Location, number of complete 

examination/total examination
High ADR Doctors Low ADR Doctors p-value

L0 233/335(69.6%) 82/137(59.9%) P = 0.0426* 
L1 335/335(100%) 137/137(100%) P =1 
L2 333/335(99.4%) 134/137(97.8%) P = 0.1254 
L3 332/335(99.1%) 133/137(97.1%) P = 0.0990 
L4 328/335(97.9%) 134/137(97.8%) P = 0.9453 
L5 295/335(88.1%) 110/137(80.3%) P = 0.0283* 
L6 334/335(99.7%) 133/137(97.1%) P = 0.0117* 
L7 325/335(97.0%) 122/137(89.1%) P = 0.0005* 
L8 330/335(98.5%) 137/137(100%) P = 0.1510 

* A p-value less than 0.05 is considered statistically significant.

4.3. Discussion 

This study is the first report for a thorough check-up quality of endoscopy 

photodocumentation using a robust endoscopic anatomic classification DL model in 

this study. The endoscopists with better colonoscopy performance have a higher 

complete photodocumentation rate. This finding can support the photodocumentation 

rate as an endoscopy quality indicator [50, 51], as it became feasible in the era of 

artificial intelligence [52, 53]. 

Accurate upper GI endoscopy photodocumentation was recommended as one of 

the top 6 quality indicators in the 2019 survey [16]. A performance target of 98% [7] is 

set by the American Society of Gastrointestinal Endoscopy (ASGE), and a minimal 

photo-documentation rate of 90% is recommended by ESGE [47] via yearly sampling 

of 100 consecutive UGI endoscopies reports [46, 47]. However, automated information 

capture is lacking in most units, and auditing this quality indicator is impossible [16, 

54]. 

Based on captured endoscopy images, we utilize the DL model for this endoscopy 
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automatic quality auditing. The proposed system could count the classified endoscopy 

photos per endoscopy procedure and the quality auditing results are generated 

immediately. AI is a promising tool for improving medical care [53, 55]. The current 

AI development in endoscopy mainly focuses on lesion detection or classification, such 

as colon polyps, esophageal cancer, or gastric cancers [56]. For endoscopy quality 

control, there are few AI studies as photodocumentation as in our study. CNN for the 

anatomical classification of still images into four anatomy sites was firstly proposed by 

Takiyama et al. [57]. Other groups [58, 59] and our reported DL model found such an 

AI approach could achieve a high accuracy rate for photodocumentation quality control 

in esophagogastroduodenoscopy. This study is the first to implement its use for reports 

generated in daily practice, and the ampulla photodocumentation rate was previously 

not reported. 

Although adequate photodocumentation is generally accepted, no studies link the 

photodocumentation rate to improving patient outcomes or diagnostic yield [47, 54, 60]. 

Longer withdrawal time is associated with more high-risk gastric lesions during 

endoscopy, as shown in previous studies [5, 6, 61, 62]. The more images are taken, the 

higher the complete photodocumentation rate should theoretically correlate with a 

longer procedure time because it takes time for the endoscopist to capture the clear 

endoscopic image. In this study, depending on each endoscopist, there is a variation in 

the average image number of an EGD procedure. Despite theoretically the more 

endoscopy images were taken, the high photodocumentation rate can be achieved. We 

do not find a correlation between the endoscopist performance with the captured image 

number. One reason is that the endoscopist might take several images at one anatomical 

site, such as, in this study, the esophagus with the highest image number; in contrast, 

other anatomical sites are neglected. Hence, the photo number may not be a good 
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endoscopy quality indicator; instead, the well-known ADR rate [48, 63-65] is used as 

an endoscopist performance indicator to explore its relationship to the 

photodocumentation quality in this study. We can find that high ADR endoscopists have 

a significantly higher complete photodocumentation rate, especially in specific 

locations. 

There are some advantages for endoscopy units in the development of AI systems 

for auditing quality indicators. First, using the AI system as in this study may allow 

real-time quality metric feedback to endoscopists to improve examination quality, as 

we have learned from colonoscopy quality improvement [45]. Secondly, the system 

may explore the potential endoscopist blind spots and be used as an evaluation tool for 

the trainee endoscopist competence. For instance, in the study, all endoscopists have a 

lower number of photos taken from the gastric angle (L5). Understanding this might 

help the endoscopist improve their performing endoscopy to increase the upper GI 

diagnostic yield in the future. Third, to upgrade the existing endoscopy operation 

system, the AI system may not require additional costs. The DL model with an 

accelerated approach [14] will be feasible and applicable to any endoscopy unit. 

In this study, there are some limitations. Firstly, this study retrospectively analyzes 

the real-world endoscopy documentation rate using a DL model. This model is trained 

based on the Olympus endoscopy system and diagnostic endoscopy with general 

anesthesia. Further studies are needed before its broad generalization to other different 

endoscopy systems and other units. Second, no generally accepted outcome indicator 

exists for subsequent risk of esophageal or gastric cancers during screening upper GI 

endoscopy, and a limited case number is enrolled in this study. Hence, we cannot use 

the gastric neoplasia detection rate as the outcome target due to its low incidence in 

Taiwan. Third, we only assess the AI model performance in the eight anatomy location 
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proposed by the ESGE and BSG [8, 66]. In the future, there is a further development 

need to extend the DL model's ability to recognize the more complex anatomical 

locations, such as 28 anatomy locations proposed by the world endoscopy association 

[54, 67]. 
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Chapter 5. Colonoscopy Quality Assessment 

5.1. Materials & Methods 

5.1.1 Patients and Data Preparation 

Three hundred patients who underwent diagnostic colonoscopy examination were 

retrospectively reviewed at Changhua Christian Hospital from January 2020 to 

December 2020. The Olympus 260 or 290 series system is used for all the endoscopic 

procedures. Two expert endoscopists with 15 years of experience in therapeutic 

endoscopy assess the retrieved images for subsequent analysis. A discussion with 

another independent endoscopist resolves a disagreement between reviewers. Five key 

intraprocedural quality indicators, including withdraw time, bowel preparation, cecal 

intubation, polypectomy or biopsy, and rectal retroflexion proposed by the UK quality 

assurance standards [11] are selected as a possible DL measurable target. 

Initially, the retrieved endoscopy images of each colonoscopy procedure are 

classified into eight classes: 0, patient information images; 1, endoscopy information 

images; 2, the anal rectal region images; 3, poor-quality images (such as out-of-focus 

images and those with excessive light reflection); 4, instrument images, such as 

polypectomy snare and biopsy forceps; 5, colon images; 6, cecum images; and 7, rectal 

retroflexion images. Then, class 5 images are further classified according to the bowel 

preparation level: 5A, Boston Bowel Preparation Scale (BBPS) scores of 2-3 and 5B, 

BBPS scores of 0-1 [68]. 

Because, in real-world endoscopy reports, the numbers of those with a BBPS score 

of 0-1 cecal, rectal, and retroflexion images are relatively low, these three-class images 

from the Hyper-Kvasir open dataset [18] are included for model training.  
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5.1.2 Preparation of Endoscopy Images and Model Training 

The 469 × 410 regions of interest are cropped from the original 640 × 480 pixels 

images to contain colonoscopy images alone. The 469 × 410 images are rescaled into 

224 × 224 images due to the pre-trained ImageNet model is used for transfer learning 

to reduce training time. Figure 20 shows the number of endoscopy images in the trained 

model. 

Figure 20. Endoscopy image number in the trained model, external test dataset, and 
real-world report. 

The DL model is trained by the Split-Attention Networks (ResNeSt) [43]. In this 

study, ResNeSt with 50 layers pretrained with ImageNet [17] is used. Figure 21 depicts 

the manual quality indicators of the electronic endoscopy reporting system and the 

automatic proposed DL-based quality indicators. Accuracy, Precision, Recall, and F1-

score of the trained model are calculated. For multi-class classification, two average 

methods are used to obtain the different measures, macro-average and micro-average 

[69]. Additionally, both Grad-CAM [39] and anchor image [40] are applied to assess 

the model prediction visually and interpretably. The test result is also visualized by the 

t-SNE [41].

Model Training

Images from CCH

0 (1591 images); 1 (1581 images)
2 (1078 images); 3 (622 images)
4 (327 images); 5 (2113 images)
6 (3083 images); 7 (22 images) 

Images from Hyper-
Kvasir Open Dataset

Cecum (1009 images)

Bowel preparation
(BBPS 0-1: 609, BBPS 2-3: 1148)

Retroflex rectum (391 images)

External Dataset for 
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Procedures

Real World Report

761 Procedures with 
34040 images
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5.1.3 Deep Learning Model Performance with External Testing Image 

Data 

As shown in Figure 20, a 130-patient independent dataset is utilized as external 

testing for the developed DL model. 

 

 

 

 

(a) 

(b) 

Figure 21. (a) The current workflow in the endoscopy quality indicator report. (b) 
Automatic quality indicators in the proposed deep learning-based system.

5.1.4 DL model Performance with Real-world Colonoscopy Reports 

Real-world colonoscopy images and reports from May 2020 to December 2020 

are manually reviewed, as shown in Figure 20. Two endoscopists checked the captured 

colonoscopy images for the performance comparison of the electronic report, our 

developed DL model, and captured images. 

Colonoscopy 
Finished 

Enter into Electronic 
Reporting System 

Cecal intubation 

Bowel preparation 

Polyp detection 

Current Workflow for Quality Indicator Acquisition 
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5.1.5 Statistical Analysis 

The extracted data are organized using Microsoft Excel and analyzed using PS 

IMAGO Pro 7. Kruskal-Wallis test is used to compare the distribution of proportions 

of good preparation images per procedure at different bowel preparation grades with 

Dunn's post hoc tests. The strength of association between withdrawal times from the 

record and from our DL model is measured by Spearman's correlation analysis. 

5.2. Results 

5.2.1 Performance of Trained Model 

13,574 images are divided into the training, validation, and testing subsets to 

establish the model, as shown in Figure 20. The accuracies and losses of training and 

validation, confusion matrix, and t-SNE map are shown in Figure 22. The model 

performance is listed in Table 10. The overall accuracy is 96.72%, and the macro-

average precision is 96.82% and the weighted average precision is 96.73%. Further, the 

macro-average recall is 96.94% and the weighted average recall is 96.72%. The macro-

average F1-score is 96.86% and the weighted average F1-score is 96.72%. Figure 23 

depicts the Grad-CAM, anchor, and t-SNE images.  
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(a) 

(b)

(c)
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(d)

(e)

5A: BBPS score 2–3, 5B: BBPS score 0–1 
(f)

Figure 22. The training and validation accuracies and losses for classes 0–7 (a) and 
classes 5A and 5B (d). The confusion matrix of testing for classes 0–7 (b) 
and 5A and 5B (e). The t-SNE map of our deep learning model for classes 
0–7 (c) and 5A and 5B (f). 
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Table 10. Performance for the trained model. 

5.2.2 Model Performances of External Test Dataset 

An independent dataset is used to evaluate the trained model. The overall accuracy 

is 94.71%. The macro-average precision is 96.14% and the weighted average precision 

is 94.79% and the macro-average recall is 94.06% and the weighted average recall is 

94.71%. The macro-average F1-score is 94.98% and the weighted average F1-score is 

94.65%, as shown in Table 11. Performance for the external test dataset model.

Table 11. Performance for the external test dataset model. 

Metrics Class 
Testing All Macro 

average 
Weighted 
average 

0 1 2 3 4 5 6 7 5A/5B 

ACCURACY 96.72 94.57 
PRECISION 96.82 96.73 100.00 99.68 96.20 95.80 92.75 95.11 96.24 98.77 93.33 

RECALL 96.94 96.72 100.00 99.37 97.12 91.94 98.46 95.60 95.45 97.56 93.90 
F1-SCORE 96.86 96.72 100.00 99.52 96.66 93.83 95.52 95.35 95.84 98.16 93.62 

 

Metrics Class 
Testing All Macro 

average 
Weighted 
average 

0 1 2 3 4 5 6 7 5A/5B 

ACCURACY 94.71 94.62 
PRECISION 96.14 94.79 100.00 100.00 95.10 90.91 100.00 88.34 94.79 100.00 99.07 

RECALL 94.06 94.71 100.00 100.00 100.00 77.78 92.93 93.36 97.09 91.30 90.60 
F1-SCORE 94.98 94.65 100.00 100.00 97.49 83.83 96.34 90.78 95.92 95.45 94.64 
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(a) (b) (c) 
Figure 23. (a) Original images. (b) Grad-CAM images. (c) Anchor images.
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5.2.3 DL Model in Assessing Real-world Colonoscopy Images and 

Reports 

Seven hundred sixty-one electronic endoscopy reports and their captured images 

(mean: 44.7 per procedure) are included in the analysis. The median patient age is 57 

years, and 54.7% are males. The CIR is 99.1%, the polypectomy rate is 36.8, and bowel 

preparation is graded as excellent (29.3%), good (63.9%), fair (5.9%), and poor (0.9%). 

Based on the reviewed image, the physician's electronic report CIR accuracy is 

99.34% and the CIR accuracy of the DL system is 98.95%. Table 12 depicts the CIR 

based on the electronic report and the proposed DL system with a human assessment. 

The DL system accuracy for accessing the polypectomy rate is 93.56%, based on an 

electronic report. The polypectomy agreement rate based on the electronic reports and 

DL system is 0.87 (95% confidence interval: 0.83-0.90). According to the electronic 

reports and the proposed DL system, the biopsy and polypectomy results are listed in 

Table 13. 

Table 12. Cecum intubation comparison of the electronic report and proposed DL 

systems with the photo documentation of cecal image 

Photo Documentation of Cecal 

Image 

No Yes 

Cecum 

intubation by 

electronic report 

No 6 1* 

Yes 4** 750 

Cecum 

intubation by DL 

system 

No 3 1 

Yes 7 750 

* Typing error of exam result
** No photodocumenetation of cecal image
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Table 13. Comparison of biopsy or polypectomy at the electronic report with proposed 
DL system. 

Biopsy or 
Polypectomy at Electronic 

Report 

Instrument detected by DL system 

No Yes 

No 448 32 

Yes 16* 265 
* 9 of the 16 procedures have no image evidence of biopsy or polypectomy after

review of the procedure image.

According to different bowel preparation levels (excellent, good, fair, poor) from 

the electronic report, the images obtained per procedure in terms of the proportion of 

well-prepared images [5A / (5A + 5B)] are compared in Figure 24. 

Figure 24. Median proportion of good preparation images per procedure with the 
levels of bowel preparation based on the electronic report. 
**p<0.01,****p<0.001 

The proposed DL model could classify each captured image with its timestamp. 

The DL-based withdrawal time, which is the time interval between the first cecal image 

and the last colon image during each procedure, and that entered by the physician in the 
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electronic report are compared with a good correlation (correlation coefficient: 0.959, 

p< 0.0001) in Figure 25. 

Figure 25. Withdrawal times are calculated using the DL and those entered by the 
physician. Correlation coefficient: r =0.959, p < 0.0001. 

5.3. Discussion 

The current study develops a high-accuracy DL-based model for auditing 

colonoscopy quality. Colorectal cancer is the fourth leading cause of death worldwide, 

and colonoscopy can effectively reduce the incidence and mortality [70]. However, 

colorectal cancer screening is based on high-quality colonoscopy to identify lesions [11, 

71]. A novel image-based system is proposed to assess colonoscopy quality. The 

accuracy of identifying cecal, instrument, and retroflexion images is 95.45%, 98.46%, 

and 97.56%, respectively, and that of differentiating different bowel preparation 

statuses is 94.57%. The feasibility of the DL model is shown in this study. The proposal 

DL model could automatically extract the colonoscopy quality indicators based only on 

captured colonoscopy images. 

Yao et al. [72] recently reported the endoscopy quality control systems, which 
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require the integration of endoscopic images, endoscopic descriptions, and pathology 

reports, to improve endoscopist performance. CNN was used to identify cecal images 

in their studies. The entire captured endoscopy images rather than the single image are 

analyzed for quality evaluation in our novel model. Also, the proposed model can 

identify invalid images with a high accuracy rate, such as patient information, scope 

type, and poor quality images. The accuracy rate of rectal retroflexion identification 

could achieve 97.6%. The identifying cecal images rate is 95.59%, which is better than 

a previous report [73]. For cecal photodocumentation, the DL accuracy rate is 98.95% 

compared with the electronic report. One entering error was found with confirmed cecal 

photodocumentation and no cecal intubation was found in the electronic report. Also, 

there are four procedures in electronic report cecal intubation documentation that lack 

cecal photodocumentation during the reviewing process. 

ADR is a crucial colonoscopy quality indicator related to interval colorectal cancer 

[13, 71, 74]. However, a combination of information associating pathology and 

endoscopy reports is required to calculate this ADR indicator [75]. Polyp detection rate 

had been considered a surrogate marker of ADR [10, 76, 77] and could be obtained 

from the endoscopy electronic reporting system after each procedure. Although DL had 

been applied to detecting polyps during colonoscopy procedures to improve ADR [78, 

79], the false-positive polyp results from the captured images [77] may overestimate 

ADR. Because endoscopists will obtain high-quality images during polyp therapy, 

identifying instruments such as biopsy forceps and polypectomy snare could be a 

reliable marker for biopsy or polypectomy. The instrument detection accuracy rate is 

92.93% and 93.56% for external test image data and real-world data, respectively. Also, 

a good correlation between colon withdrawal time can be obtained by using the DL 

model. Hence, the proposed AI system may improve the endoscopy practice workflow. 
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As the primary procedure indicator is automatically calculated, endoscopists can focus 

on carefully examining the colonic mucosa and capturing adequate images. 

The current study has several limitations. First, it uses images from a single 

endoscopy system; therefore, whether the system works on other endoscopy systems 

remains unknown. Second, only screening endoscopy images are included and patients 

with inflammatory bowel disease or surgically resected colon are not included in the 

model training. Third, the poor-quality image classification (class 3) is subjective. Due 

to no standard for evaluating the captured image quality, an ambiguous classification 

between classes 3 and 5 might occur. Fourth, in the current study, bowel preparation is 

only divided into two classes rather than four classes based on the BPS score. Also, the 

proposed DL model could not assess bowel preparation status at different bowel 

segments, which requires extra information on colonoscope movement [80]. 
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Chapter 6. Future Works 

In the future, other advanced machine learning methods will be further 

investigated to improve the performance of the proposed DL model. In natural language 

processing (NLP), the Transformer by Vaswani et al. in 2017 for machine translation 

[19] has become the state-of-the-art method in many NLP tasks. The Bidirectional

Encoder Representations from Transformers (BERT) [20] is designed to pre-train deep 

bidirectional representations from the unlabeled text. As a result, the pre-trained BERT 

model can be fine-tuned to create state-of-the-art models for a wide range of tasks. The 

Vision Transformer (ViT) [21] has recently demonstrated promising results in image 

classification. On image classification, ViT achieves an impressive speed-accuracy 

tradeoff compared to convolutional networks. Recently, based on the ViT architecture, 

the Shifted Windows (Swin) Transformer [22] was proposed using the shifted window 

partitioning technique. Recently, Facebook AI Research enhanced the standard 

ConvNet (ResNet) as ConvNeXts [81] according to the design of the Swin Transformer, 

and the ConvNeXt can outperform the Swin Transformer. Hence, we can try to 

implement the Swin Transformer and ConvNeXts for the GI colonoscopy image 

classification.  

The proposed accelerated data preparation approach is similar to semi-supervised 

learning [82]. In semi-supervised learning, only a small amount of labeled data is used 

to train the model, and then the trained model is used to predict the unlabeled data. Then, 

the model trained with labeled data can be retrained by using labeled data and predicted 

unlabeled data. In this study, the physicians recheck the predicted unlabeled data. 

Recently, self-supervised learning [23-25] has been proposed for automatically 

generating labels without human intervention for large amounts of data. Contrastive 
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learning is a self-supervised learning technique to find similar and dissimilar 

information from a dataset. For example, Momentum Contrast (MoCo) [83],  Pretext-

Invariant Representation Learning (PIRL), Google’s SimCLR [84, 85], and WAV2VEC 

[86] are contrastive self-supervised learning techniques. For GI endoscopy with large

amounts of images, self-supervised learning might help reduce the physicians’ labeling 

works. 
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Chapter 7. Conclusion 

This study aims to resolve the unmet needs of upper and lower GI endoscopy 

quality indicator systems to improve the endoscopy procedure's performance and 

provide better patient care. A good endoscopy quality indicator system is based on a 

successful GI image classification system. Hence, we have proposed a DL model for 

classifying upper GI endoscopy images according to the anatomical locations with an 

accelerated data preparation approach in the first part of this study. At first, a base model 

is trained from a smaller data set labeled by the endoscopists in order to save their 

labeling time. Then, the base model is used to classify another unlabeled data set, and 

the classification results are reviewed and revised by the endoscopists. Combining the 

first smaller data set and the revised data set, an enhanced model is retrained to improve 

the classification performance. Because the enhanced model is also validated with 

another dataset with high accuracy, the model could be used in practical clinical uses. 

Also, such an accelerated data preparation approach can help endoscopy units quickly 

build automatic upper GI endoscopy image classification systems. The proposed 

accelerated data preparation approach is also applied in the third part of this study, the 

DL-based colonoscopy quality model, to reduce the radiologist's labeling time. The

picture archiving and communication system (PACS) could combine the proposed AI-

based classification system for endoscopists to extract images at a specific location for 

reviewing. 

In the second part of this study, we report the first report for a thorough check-up 

of endoscopy images for the photodocumentation quality with a robust endoscopic 

anatomic classification DL model in the first part of this study. From the experiments, 

better performance endoscopists have a higher complete photodocumentation rate. This 
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supports the photodocumentation rate as a quality indicator, and it becomes feasible in 

the AI era. There are some advantages for endoscopy units using AI-based auditing 

quality indicators. The AI system may allow real-time quality metric feedback to 

endoscopists to improve examination quality and explore the potential endoscopist 

blind spots. 

In the third part of this study, we propose a novel DL-based quality assurance 

model based only on captured colonoscopy images. The entire captured endoscopy 

image sequence is analyzed by the proposed novel model rather than the single image 

for quality assurance evaluation. Without additional integration of different reporting 

systems, it can be used in real-world settings. Several key colonoscopy quality 

indicators are accurately evaluated by the model and it is feasible in clinical practice. 

Because the colonoscopy quality indicators are automatically calculated after each 

endoscopy procedure, endoscopists can focus on careful inspection of the colonic 

mucosa and capturing adequate images rather than inputting data into the reporting 

system after the procedure. Because the endoscopy units in the national colonoscopy 

screening program need to be routinely accredited, the endoscopists have to input some 

quality indicators in daily examinations manually. The proposal DL model could 

automatically extract several colonoscopy quality indicators based only on captured 

colonoscopy images. The automatic quality indicators will be more objective and 

reliable than manual ones. 

In the future, using other AI algorithms will be further studied. For example, Swin 

Transformer and ConvNeXts could be used to improve the performance of GI 

colonoscopy image classification. Also, the new self-supervised learning technique 

could be explored to train a more robust model using large amounts of endoscopy 

images and reduce the physicians' labeling works. 
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