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ABSTRACT

Background and study aims Colonoscopy is considered
the gold standard for decreasing colorectal cancer inci-
dence and mortality. Optical diagnosis of colorectal polyps
(CRPs) is an ongoing challenge in clinical colonoscopy and
its accuracy among endoscopists varies widely. Computer-
aided diagnosis (CAD) for CRP characterization may help to
improve this accuracy. In this study, we investigated the di-
agnostic accuracy of a novel algorithm for polyp malignan-
cy classification by exploiting the complementary informa-
tion revealed by three specific modalities.

Methods We developed a CADalgorithm for CRP charac-
terization based on high-definition, non-magnified white
light (HDWL), Blue light imaging (BLI) and linked color ima-
ging (LCl) still images from routine exams. All CRPs were
collected prospectively and classified into benign or prema-
lignant using histopathology as gold standard. Images and
data were used to train the CAD algorithm using triplet net-
work architecture. Our training dataset was validated using
a threefold cross validation.

Results In total 609 colonoscopy images of 203 CRPs of
154 consecutive patients were collected. A total of 174
CRPs were found to be premalignant and 29 were benign.
Combining the triplet network features with all three image
enhancement modalities resulted in an accuracy of 90.6 %,
89.7 % sensitivity, 96.6% specificity, a positive predictive
value of 99.4%, and a negative predictive value of 60.9%
for CRP malignancy classification. The classification time
for our CAD algorithm was approximately 90 ms per image.
Conclusions Our novel approach and algorithm for CRP
classification differentiates accurately between benign and
premalignant polyps in non-magnified endoscopic images.
This is the first algorithm combining three optical modal-
ities (HDWL/BLI/LCI) exploiting the triplet network ap-
proach.

Introduction

Colorectal cancer (CRC) remains a global health burden and is
the third most commonly diagnosed malignancy and the fourth
leading cause of death from cancer worldwide [1].

Colonoscopy is considered the gold standard for detection
and treatment of colorectal polyps (CRPs) and (early) CRC and
therefore decreasing colorectal cancer incidence and mortality.
Optical diagnosis of CRPs, the in-vivo characterization of histol-
ogy of polyps by endoscopists, is of increasing interest for clin-
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ical endoscopy practice. Visual differentiation between benign
and premalignant CRPs is an ongoing challenge in clinical
endoscopy with accuracies of 71% to 90% in the Dutch bowel
cancer screening program, exposing patients to risks of incor-
rect optical diagnosis [2]. Recent studies conducted in commu-
nity-based hospitals, have been disappointing [3,4] with ac-
curacies not reaching the 90 % negative predictive value (NPV)
threshold for preservation and incorporation of valuable endo-
scopic interventions (PIVI) [5]. PIVI thresholds for CRP classifi-
cation are only met in highly selective expert endoscopists.
Therefore, current guidelines recommend to remove all CRPs
except diminutive (<5mm), non-neoplastic rectosigmoid
polyps [5]. To allow implementation of “diagnose-and-leave”
and “resect-and-discard” strategies, optical diagnosis has to
improve. In case of correct optical diagnosis of CRPs, histologi-
cal examination could be omitted which could improve the
time- and cost-effectiveness of colonoscopy and reduce poly-
pectomy-related complications. High-quality endoscopic ex-
aminations are necessary to detect benign and premalignant
CRPs. It is known that diagnostic accuracy can be improved by
the use of optical enhancement techniques such as narrow-
band-imaging (NBI), blue light imaging (BLI), linked color ima-
ging (LCl), by magnifying techniques and by chromoendoscopy
[6]. BLI optimizes the visualization of the superficial vascular
and mucosal patterns by emitting light with a short wavelength
(410nm) [7]. LCI can enhance color separation for red colors
[8].

Computer-aided diagnosis (CAD) of endoscopic images
using artificial intelligence (Al) has attracted attention because
of its potential for better accuracy and lower interobserver
variability; therefore, it can improve non-histological polyp
evaluation and may facilitate endoscopists in CRP differentia-
tion [9]. Furthermore, nonexpert endoscopists may achieve ac-
curacy levels more easily, hopefully meeting the PIVI threshold
[10].

This study aimed to investigate the diagnostic accuracy of a
novel approach and algorithm for CRP malignancy classification
using a triplet network architecture, which helps the network to
better learn similarities between polyps of the same type, while
simultaneously boosting the contrast between polyps of differ-
ent types. To our knowledge this is the first study exploiting
three optical modalities (high-definition white light [HDWL],
BLI, and LCl) for improving the automatic characterization of
CRPs using Al.

Methods
Study sample

Endoscopy images of CRPs were prospectively collected from
consecutive patients who underwent colonoscopy because of
bowel cancer screening programs between October 2017 and
June 2018 in the Catharina Hospital Eindhoven, the Nether-
lands. Consecutive patients were included and for each patient,
each colorectal polyp (CRP) was represented by three serial
images from almost exactly the same position and distance to
the polyp: one HDWL image, and two optically enhanced ima-
ges (BLI and LCl) without magnification. Per CRP only three pic-
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tures were taken. All consecutive images were collected and
were retrieved in lossless TIF format and de-identified. To
achieve optimal classification, a region of interest (ROl) was
drawn for each polyp.The cropped region ensured the cover-
age of the polyp area, as well as its surrounding texture. The in-
put images were normalized using statistics derived from Ima-
geNet (mean, standard deviation) and rescaled to 224 by 224
pixels to match the input size of the network. Data augmenta-
tion was applied for regularization of the models, using a com-
bination of flipping, shifting and +90° rotation.

CRPs were divided into two categories: benign (hyperplastic
polyps [HPs]) and premalignant (adenomas [ADs], sessile serra-
ted lesions [SSAs] and T1 colorectal carcinomas [T1-CRC]) using
histopathology as gold standard. The distribution of histologi-
cal subtypes of CRPs corresponded to the natural occurrence
in the screening population.

Ethics

The study was approved by the Local Institutional Review Board
of the Catharina Hospital, Eindhoven, the Netherlands
(W20.118).

Endoscopic procedure

Colonoscopies were performed as part of screening colonosco-
pies. Patients underwent routine bowel preparation, which
consisted of 10mg bisacodyl and 2L macrogol/electrolytes
(Moviprep, Norgine BV, Amsterdam, the Netherlands) given in
split doses. All procedures were performed by experienced
endoscopists (>5000 colonoscopies). Patients underwent colo-
noscopy under conscious sedation (fentanyl and midazolam in-
travenously) in doses at the discretion of the endoscopist.
Endoscopic examination was performed using high-definition
colonoscopes (Fujifilm Eluxeo 700 series, Tokyo, Japan) and
high-definition monitors. All CRPs detected during examination
were resected using either cold snare or hot snare resection.
CRPs that could not be resected during initial colonoscopy,
were resected during a second colonoscopy using piecemeal
endoscopic mucosal resection, endoscopic submucosal dissec-
tion, or endoscopic full-thickness resection. Histological diag-
nosis of CRPs was made and size was estimated by two expert
gastrointestinal pathologists. The final classification of benign
(HPs) or premalignant (ADs, SSAs, and T1 CRC) was made based
on histological findings according to the revised Vienna classifi-
cation.

Triplet network

Our CADalgorithm was developed to differentiate between be-
nign and premalignant CRPs, using a state-of-the-art deep
learning architecture. Deep learning is a specific category of
machine learning that allows learning of a hierarchical repre-
sentation of data via artificial neural networks multiple layers.
The CADalgorithm is capable of automatically learning unique
visual properties of polyps in order to classify its malignant po-
tential given a colonoscopy image. During the training process,
each CRP-image was compared with histopathological findings.
The learned information of the network was updated based on
the error between histopathology and prediction. This process
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» Fig.1 Workflow of the proposed algorithm in which a triplet network was trained using the triplet loss. From the learned features several
SVMs were trained for each modality (HDWL, BLI, LCl). The combination of all SVMs was used to increase the classification of the model.

was repeated for every image in the training set until the error
was minimal in a process known as backpropagation. Hence,
the lower the error, the closer the network is to predict the cor-
rect histology.

The triplet network architecture consisted of three identical
sub-networks with shared parameters. A triplet contained a
query image (anchor), a positive image (positive), and a nega-
tive image (negative) where the positive image is more similar
to the query image than the negative image. The combination
of anchor, positive, and negative sample is called a triplet. The
network output consisted of the Euclidean (L2) distance be-
tween the anchor and the positive sample, and the anchor and
the negative sample. The triplet loss function was associated
with the triplets and their individual distances (» Fig. 1).

Training dataset

To preserve balanced training for both classes, the same
amount of triplets were selected for both the positive and the
negative class. We assigned the anchor and positive samples
as benign polyps, hence the negative class was referred to as
pre malignant polyps. To achieve balanced training, data aug-
mentation (rotations, horizontal flip, and vertical flip) was ap-
plied during training to successfully obtain an equal amount of
positive and negative samples in each network, only leaving the
anchor sample unaffected. We trained our models using the
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stochastic gradient descent (SGD) algorithm with learning rate
0.001, momentum 0.9, and decay 0.001.

Testing dataset

For internal validation of our training dataset, we used a three-
fold cross validation method. In total three networks were
trained with the exact same hyperparameters. We randomly
shuffled the dataset into three sets (d,, d;, and d,), so that all
three sets were equal size, while respecting the image-patient
association, such that images of the same patient were never
represented in different sets. We combined all modalities
(HDWL, BLI, and LCl) in our dataset. All three modalities of a un-
ique CRP were represented in the same set. For final classifica-
tion of the images, a Support Vector Machine (SVM) was em-
ployed, which was trained on features provided by the triplet
network using a grid-search for hyperparameter optimization
(»Fig.1).

Outcomes and statistical analysis

The primary outcome was the diagnostic accuracy of optical di-
agnosis of colorectal polyps using a computer-aided-diagnosis
(CAD) algorithm. The main outcome measures were accuracy,
sensitivity, specificity, negative predictive value (NPV), positive
predictive value (PPV), and area under the receiver operating
curve (AUC). Diagnostic time was also evaluated. All statistical
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» Table 1 Polyp characteristics.

Polyp characteristics n=203
Size, n (%)

= <5mm 85(41.9)
= 6-9mm 38(18.7)
= 210mm 80(39.4)
Location, n (%)

= Cecum 8(3.9)
= Ascending colon 35(17.2)
= Transverse colon 31(15.3)
= Descending colon 27 (13.3)
« Sigmoid 61(30.0)
= Rectum 41(20.2)
Histology, n (%)

= Hyperplastic polyp 29(14.3)
= Adenoma 156 (76.8)
= Sessile serrated adenomas 12(5.9)
= T1 colorectal carcinoma 6(3.0)

analyses were performed with IBM SPSS Statistics for Windows
version 25 (Armonk, New York, United States).

Results

We developed a deep-learning algorithm using 609 colonosco-
py images of 203 CRPs of 154 prospectively enrolled patients
who underwent a colonoscopy examination. Ninety-four
patients were male (61%) and the mean age was 65.8 years
(£7.95).

Colorectal polyps

In total 203 CRPs were included. » Table 1 shows the character-
istics of these CRPs. 74 CRPs (36.5%) were located in the prox-
imal colon (cecum, ascending colon, and transverse colon) and
129 CRPs (63.5%) were located in the distal colon (descending
colon, sigmoid colon, and rectum). Based on size, 85 CRPs
(41.9%) were diminutive (£5mm), 38 (18.7%) were small (6-
9mm), and 80 (39.4%) were large (210 mm). Regarding histo-
logical evaluation, 29 CRPs (14.3%) were found to be benign
(hyperplastic) and 174 CRPs (85.7%) were premalignant. Of
these premalignant CRPs, 156 were adenomas (76.8%), 12
SSAs (5.9%), and six T1-CRC (3.0 %). » Table 2 shows the preval-
ence of premalignant CRPs according to size.

Algorithm

The combined CAD algorithm correctly characterized 182 of
203 CRPs: The CAD algorithm showed a diagnostic accuracy of
83.3% for HDWL images. This diagnostic accuracy increased to
84.2 % for LCl images and to 89.2% for BLI images. Combining
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» Table2 Prevalence of premalignant CRPs, according to CRP size.

Size (mm) Prevalence of premalignant CRPs, n|N (%)
<5 61/85(71.8)
6-9 34/38 (89.5)
>10 79/80 (98.8)

CRP, colorectal polyp.

triplet network features with all three-image enhancement
modalities resulted in an accuracy of 90.6 % for CRP malignancy
classification, by pooling the normalized decision values of the
three modalities. Of the 174 premalignant CRPs, 156 (sensi-
tivity of 89.7%) and of the 29 benign CRPs, 28 (specificity of
96.6%) were correctly classified. The overall PPV and NPV of
the CAD algorithm were 99.4% and 60.9%, respectively. The
ROC curve for the combined algorithm performance in differ-
entiating benign from premalignant polyps was calculated and
the AUC was 0.932 (» Table 3).

» Table4 shows the diagnostic performance of the CAD al-
gorithm in the diagnosis of diminutive, small, and large CRPs
using a combination of HDWL, BLI, and LCI. The accuracy of
our CAD algorithm was 84.7%, 100%, and 92.5% with a NPV of
65.7%, 100%, and 14.3 %, for diminutive, small, and large CRPs,
respectively. Of the 85 included diminutive CRPs 12 premalig-
nant CRPs were misclassified. Of these 12 CRPs, two images
were blurred and two out of focus (»Fig.2). The other eight
images were good quality.

We included 80 large CRPs in the dataset, 79 premalignant
and one benign. Six premalignant CRPs were classified as be-
nign. Five images of those misclassified CRPs contained SSAs.
The other misclassified CRP concerned a blurred image. When
we focus on small CRPs, our algorithm correctly classified all
34 premalignant and four benign CRPs.

The classification time of our algorithm was approximately
90 ms per image computed on a single GPU TitanXp.

Discussion

In our study, we prospectively collected 609 images of 203
CRPs to evaluate the diagnostic ability of our CAD algorithm.
To prevent selection bias, all consecutive CRP images were in-
cluded in the database, regardless of out-of-focus or blurred
images.

Our results show that combining a triplet network with addi-
tional endoscopic enhancement modalities (HDWL, BLI, and
LCl) improves the overall diagnostic accuracy from 83.3%
(HDWL), 89.2% (BLI), and 84.7% (LC) to 90.6 % for CRP malig-
nancy classification.

Previous studies mainly focused on NBI magnification ima-
ges or endocytoscopy, systems that are not readily available in
current clinical practice [6,11-22]. Little research has been
done on the performance of CADsystems using HDWL, LCI or
BLI techniques without magnification. Comparative studies
presenting different CAD systems with non-magnification ima-
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» Table3 Diagnostic accuracy of CADx based on HDWL, BLI, and LCI.

Diagnostic performance, % (95 % Cl) AUC (95% ClI)
Accuracy Sensitivity Specificity PPV NPV
HDWL 83.3 81.6 93.1 98.6 45.8 0.897
(78.1-88.4) (76.3-86.9) (89.6-96.6) (97.0-100) (36.0-55.5) (0.849-0.938)
BLI 89.2 89. 89.7 98.1 57.8 0.927
(84.9-93.4) (84.8-93.4) (85.5-93.8) (96.3-99.9) (49.3-66.2) (0.887-0.960)
LCI 84.2 82.8 93.1 98.6 47.4 0.895
(79.2-89.2) (77.6-88.0) (89.6-96.6) (97.1-100) (37.7-57.0) (0.839-0.942)
HDWL+BLI+LCI 90.6 89.7 96.6 99.4 60.9 0.932
(86.6-94.6) (85.5-93.8) (94.0-99.1) (98.3-100) (52.4-69.3) (0.894-0.963)

CADx, computer-aided diagnosis; HDWL, high-definition, non-magnified white light; BLI, blue light imaging; LCl, linked color imaging; Cl confidence interval; AUC,
area under the curve; PPV, positive predictive value; NPV, negative predictive value.

> Table4 Diagnostic performance of the CADx algorithm in diagnosis of small and large polyps using a combination of HDWL, BLI, and LCI.

Diagnostic performance, % (95 % Cl) AUC (95% ClI)
Accuracy Sensitivity Specificity PPV NPV
Diminutive polyps 84.7 80.3 95.8 98.0 65.7 0.874
(<5mm) (77.1-92.4) (71.9-88.8) (91.6-100) (95.1-100) (53.5-77.9) (0.778-0.942)
Small polyps 100 100 100 100 100 1.000
(6-9mm)
Large polyps 92.5 92.4 100 100 14.3 0.962
(210mm) (86.7-98.3) (86.6-98.2) (0-34.6) (0.911-1.000)

CADx, computer-aided diagnosis; HDWL, high-definition, non-magnified white light; BLI, blue light imaging; LCl, linked color imaging; AUC, area under the curve;
PPV, positive predictive value; NPV, negative predictive value.

» Fig.2 An example of a blurred image in HDWL, BLI, and LCI.

ges, showed diagnostic accuracies between 75.1 %(HDWL) [23]
and 78.4% (LCI) [8]. Our diagnostic accuracy was higher com-
pared to results of those previous studies, even with out-of-fo-
cus and blurry pictures which were included in our analysis.
Prior studies, with accuracies between 82.5% and 97.8 % which
used BLI or NBlin their algorithm were based on magnified ima-
ges or videos [11,12,14,16,21,22,24,25].

The PIVI initiatives state that a “diagnose-and-leave” ap-
proach is acceptable for a diminutive hyperplastic polyp when
high-confidence endoscopic judgment can achieve 290% NPV

for adenomas [5]. The NPV of our CAD algorithm regarding op-
tical diagnosis of small CRPs is 100 %, in contrast to the NPV of
diminutive or large CRPs being 65.7 % and 14.3 %, respectively.
The difference in NPV between large and small CRPs might be
explained by the presence of SSAs. Eighty-three percent (5 of
6) of the misclassified large (210mm) premalignant CRPs
were SSAs, which are polyps with malignant potential. It is diffi-
cult to diagnose SSAs with a CADalgorithm, with a very high
risk to misdiagnose them as non-neoplastic, since they general-
ly have no nuclear abnormalities and mimic hyperplastic
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polyps. Besides, since we’ve included all consecutive CRP’s,
SSAs occurred limited in our dataset. This might be the reason
that some SSAs were misclassified. In the future, larger datasets
and preferably videos, with higher numbers of SSAs are needed
to train the dataset to achieve a higher accuracy and NPV for
the detection of those lesions. However, SSAs are managed
clinically in a similar fashion as adenomatous polyps. Therefore,
the clinical significance is limited because current guidelines
advice to resect all CRPs proximal to the sigmoid colon [26].

A reason for the difference in NPV between diminutive and
small CRPs might be the significant percentage (30.8 %) of blur-
red or out of focus images in misclassified images, thus gener-
ating false negative analysis. Use of non-magnification images
and the size of the CRP relative to the image could be other ex-
planations. Besides, for a CADsystem a bigger CRP generate
more data and is therefore easier to classify. These findings
suggests that experience in making high-quality endoscopic
images with appropriate distance, cleaning of lesions and clear
focus are particularly important for computer analysis.

Unfortunately, our algorithm was not able to reach the NPV
threshold of 290 % for diminutive CRPs, in contrast to a system
developed by Chen et al. (2018) and Byrne et al. (2017) [11,
24]. There are several possible explanations for the differences
in NPV between these studies. In contrast to our study, Chen et
al. included only high-quality images of diminutive polyps, so
selection bias might have occurred. Secondly, maximum mag-
nification power was used for all diagnoses in their study. How-
ever, magnifying endoscopes are not regularly used for colo-
noscopies and are not commercially available in Western, Asian
or American countries. Byrne et al. used videos of diminutive
CRPs instead of stillimages. With video it is easier for a comput-
er to generate a diagnosis, because the algorithm receives
more information from a video (52 frames/sec) compared to a
single still image. In addition, they excluded all the videos (15%)
that did not develop at least 50 % confidence in the diagnosis by
the Al model which also leads to selection bias. In this study, all
203 CRP images were included, regardless of the algorithm
confidence in diagnosis. Both abovementioned studies also ex-
cluded SSAs in their analysis. Besides, our CAD algorithm used
only color as the single parameter included for analysis. In pre-
vious magnified NBI-based CAD analysis with accuracies=90%,
the accuracy of the CAD algorithm is not based on color as a sin-
gle parameter but also on capillary patterns, microstructure of
the mucosa and magnification of images. Analyses based on
the NBI system which comprises capillary patterns and micro-
structure of the mucosa as well, are more likely to have higher
accuracy than analyses that only consider color for diagnosis
[12,14,21,22].

This study has several strengths. First, to our knowledge this
is the first study combining HDWL, BLI, and LCI as imaging en-
hancement modalities in the development of a CAD algorithm.
Second, we used non-magnification colonoscopy for the devel-
opment of this CAD algorithm, which has practical consequen-
ces as mentioned earlier. Third, we included SSAs in the study
representing real clinical practice, while prior studies have
been criticized for not incorporating SSAs in their analysis.
Fourth, state-of-the-art machine learning techniques and deep

E1502

learning architectures were used to develop the CAD algorithm.
Fifth, because we did not exclude any suboptimal images (e.g.
out-of-focus or blurred images), there is no risk of selection
bias; therefore, the dataset is comparable to colonoscopy find-
ings in daily practice. The increase in diagnostic accuracy by
using the sum of the three modalities is another scientific proof
of the fact that all these modalities contain separate informa-
tion, not always visible to the human eye or appreciated by the
human brain.

This study has also certain limitations. First, we did not reach
the NPV threshold of 290 % for diminutive CRPs. This might be
explained by the presence of blurred or out of focus images, the
size of the CRP relative to the image, the use of non-magnified
images and the small size of (diminutive) CRPs in the training
data. Second, the amount of SSAs was included according to
natural occurrence, but therefore occurred limited in the data-
set. This might be the reason that some SSAs were misclassi-
fied. In the future, larger datasets and preferably videos with
higher numbers of abovementioned CRPs are needed to train
the algorithm to achieve a higher accuracy and NPV for the de-
tection of those lesions. Third, because we included all conse-
cutive images in the dataset, some images were blurred or
out-of-focus. Therefore, the confidence in the prediction of
our CADalgorithm could be underestimated. When the model
is used in a true live patient scenario, endoscopists would be
able to move the colonoscope and change the image in an at-
tempt to allow the model to build up its confidence. Quality
control of images should be implemented in the system when
it is going to be used in clinical practice. Because of inclusion
of consecutive images during bowel cancer screening colonos-
copies, also large (>1cm) CRPs were included. These large CRPs
would be resected in general. However, we’ve included all these
CRPs, because our goal was to generate input for and train our
algorithm, irrespective of size or histology.

Fourth, in the development of the CAD algorithm it was only
possible to analyze benign (HP) versus premalignant (AD, SSA,
and CRC) because of the relatively small number of SSAs and
CRCs in the database. More data are needed to differentiate ac-
curately between CRPs with high-grade dysplasia, endoscopi-
cally resectable early cancers versus deep invasive ones. We
are currently enrolling patients in a prospective trial for this
purpose.

Fifth, we did not use an external test database for validation
of our CADalgorithm, but we used threefold cross validation
with our internal dataset, this limited the validity and general-
izability of this study. As mentioned above, we are including pa-
tients for a prospective trial to validate our algorithm with a test
database nowadays. More data would improve our algorithm.
Sixth, the algorithm’s performance in specific disease states of
the colon such as inflammatory bowel disease or intestinal
bleeding has not been evaluated in the current study as we did
not have sufficient data from this subset of cases. Seventh, for
this analysis, images had be made in all three modalities
(HDWL, BLI and LCl), which could be more time consuming.
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Conclusions

In conclusion, our novel approach and algorithm for automatic
polyp malignancy classification differentiates accurately be-
tween benign and premalignant CRPs in endoscopic still ima-
ges. With an overall accuracy of 90.6 %, our CAD algorithm has
promising diagnostic potential for predicting histopathology of
colorectal polyps based on color analysis. We achieved high ac-
curacy levels compared with similar studies, especially without
magnification. To our knowledge, this is the first study combin-
ing three imaging modalities (HDWL, BLI, and LCl) using a single
Al model based on a triplet network. To meet the PIVI criteria
for the “diagnose-and-leave” strategy in the future, the algo-
rithm should be further improved by increasing the amount of
high-quality images and videos. To increase generalizability, va-
lidation of our CADalgorithm should be performed in a pro-
spective, real-time, multicenter clinical trial. Validation studies
in real patients are ongoing.
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