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Real-time Barrett’s neoplasia characterization in NBI videos
using an int8-based quantized neural network

Carolus H.J. Kusters®, Tim G.W. Boers?®, Jelmer B. Jukema®, Martijn R. Jong”, Kiki N.
Fockens®, Albert J. de Groof P, Jacques J. Bergman®, Fons van der Sommen?®, and Peter H.N.
de With?

2Department of Electrical Engineering, Video Coding & Architectures, Eindhoven University
of Technology, Findhoven, The Netherlands
bDepartment of Gastroenterology and Hepatology, Amsterdam University Medical Centers,
University of Amsterdam, Amsterdam, The Netherlands

ABSTRACT

Computer-Aided Diagnosis (CADx) systems for characterization of Narrow-Band Imaging (NBI) videos of sus-
pected lesions in Barrett’s Esophagus (BE) can assist endoscopists during endoscopic surveillance. The real
clinical value and application of such CADx systems lies in real-time analysis of endoscopic videos inside the
endoscopy suite, placing demands on robustness in decision making and insightful classification matching with
the clinical opinions. In this paper, we propose a lightweight int8-based quantized neural network architecture
supplemented with an efficient stability function on the output for real-time classification of NBI videos. The
proposed int8-architecture has low-memory footprint (4.8 MB), enabling operation on a range of edge devices
and even existing endoscopy equipment. Moreover, the stability function ensures robust inclusion of temporal in-
formation from the video to provide a continuously stable video classification. The algorithm is trained, validated
and tested with a total of 3,799 images and 284 videos of in total 598 patients, collected from 7 international
centers. Several stability functions are experimented with, some of them being clinically inspired by weighing
low-confidence predictions. For the detection of early BE neoplasia, the proposed algorithm achieves a perfor-
mance of 92.8% accuracy, 95.7% sensitivity, and 91.4% specificity, while only 5.6% of the videos are without a
final video classification. This work shows a robust, lightweight and effective deep learning-based CADx system
for accurate automated real-time endoscopic video analysis, suited for embedding in endoscopy clinical practice.

Keywords: Barrett’s Esophagus, Narrow-Band Imaging, Video Analysis, Quantized Neural Networks

1. INTRODUCTION

Patients suffering from Barrett’s Esophagus (BE) are at an increased risk of developing Esophageal Adenocarci-
noma (EAC), whose incidence is increasing dramatically in the Western World.? EAC has a poor survival rate
when left untreated at the early stages of development. These patients undergo regular endoscopic surveillance to
enable detection and treatment of early-stage neoplasia, which is associated with a good prognosis.?3 However,
neoplasia has a subtle endoscopic appearance® and the current biopsy protocol is associated with a considerable
sampling error,* which complicates early detection during surveillance. Primary detection of suspected lesions
using White-Light Endoscopy (WLE) in overview, in combination with detailed inspection of the area of interest
using optical chromoscopy techniques, such as Narrow-Band Imaging (NBI), is the usual workflow for endoscopic
detection of neoplasia in BE. NBI improves the visualization of vascular and mucosal patterns by using light
of specific wavelengths absorbed by hemoglobin to enhance details of the surface. Despite the improved visual-
ization and availability of clinical classification systems,” ” endoscopists struggle with diagnosis of the applied
imagery while there is low inter-observer agreement, which makes computer assistance for characterization of
NBI BE imagery attractive.

Deep learning-based Artificial Intelligence (AI) techniques have emerged as a promising technique in many ap-
plications, including the development of supportive tools for gastrointestinal endoscopy.®'? For gastrointestinal
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endoscopy applications, these tools may be sub-divided into Computer-Aided Detection (CADe) and Computer-
Aided Diagnosis (CADx), where the first is designed to detect neoplastic lesions and the latter is developed for
characterization of lesions. Several CADe tools have been proposed for primary detection of suspected lesions
in BE using WLE in overview,'3 6 which may attractively benefit endoscopists in first step of BE surveillance.
For the second step of BE surveillance, CADx tools can supplement CADe tools by dismissing false positive
detections and further improve characterization performance of endoscopists. In this study, we aim to develop a
deep learning-based CADx tool for characterization of NBI imagery of suspected lesions in BE.

Several CADx tools for characterization of NBI imagery have been proposed, including colorectal polyp
classification,'”> '® gastric lesion classification'? 2? and characterization of neoplasia in BE.2»?2 These NBI-based
CADx tools are often developed for efficient automated image analysis, or post-hoc video analysis and designed
for execution on desktop workstation PCs, which makes them infeasible for widespread clinical integration. The
real clinical value and application of such CADx systems lies in real-time endoscopic video-based analysis inside
the endoscopy suite, placing demands on robustness in decision making and insightful classification matching
with the clinical opinions. As a consequence, the complexity of neural networks should be constrained and
robustness improved such that they can be fluently incorporated in the endoscopy suite.

In previous work, we have proposed a CADx system for real-time characterization of neoplasia in NBI BE
videos,?® which achieves high performance on the task and outperforms several post-hoc video analysis methods.
However, two main limitations of the work are the possible unstable video classification output and the operation
on a large desktop workstation PC, which makes the proposed method infeasible for clinical integration. For
completeness, the CADx system from this previous work serves as a baseline in this paper. To alleviate the
limitations of our previous work and adhering to the requirements for the ideal outlined application, in this
work, we propose an int8-based quantized neural network for real-time characterization of neoplasia in BE NBI
videos. The proposed neural network is supplemented with an efficient stability function on the output, that
incorporates temporal information embedded in the video frame sequence, as well as providing a continuously
stable video-classification output. The proposed stability function is clinically inspired by identifying high-
confidence and low-confidence predictions of the neural network, as has been used earlier in the clinical BING
classification system,” where a lower diagnostic accuracy is observed for low-confidence predictions. Furthermore,
the quantization of the neural network significantly enhances algorithm efficiency while achieving a small-memory
footprint, which enables operation on edge devices and even on existing endoscopy equipment.

The remainder of this paper is organized as follows. Section 2 gives an overview of the methodology. Section 3
elaborates on the experimental results, followed by an extensive discussion in Section 4. Lastly, the conclusions
are presented in Section 5.

2. METHODS
2.1 Data
2.1.1 Setting

In this study, both retrospectively and prospectively collected NBI imagery is used, collected at 7 international
centers using HQ190 and EZ1500 gastroscopes (Olympus Corp., Japan) in combination with Excera-190 and
X1 processors. The dataset consists of early BE neoplasia and non-dysplastic BE (NDBE) imagery. Early BE
neoplasia is defined as high-grade dysplasia or cancer in the corresponding endoscopic resection specimen, while
NDBE is histologically confirmed in all targeted biopsies.

2.1.2 NBI-Image Dataset

The algorithm training set consists of 1,748 neoplastic BE (336 patients) and 1,762 NDBE images (166 patients).
The internal validation set used for hyper-parameter selection consists of 45 neoplastic BE (22 patients) and
83 NDBE images (31 patients). Performance evaluation is determined on the external test set, consisting of
50 neoplastic BE (20 patients) and 111 NDBE images (31 patients). Data leakage and intra-patient bias is
avoided by separation on patient-basis for testing and training/validation. Four examples of NBI images are
depicted in Fig. 1.
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(A) (B)
Figure 1: NBI imagery examples of targeted inspection. (A) Dysplastic BE lesions (B) Non-dysplastic BE

2.1.3 NBI-Video Dataset

Internal video validation and video hyper-parameter selection is performed on 40 neoplastic BE (19 patients) and
83 NDBE videos (31 patients), of lengths 4-10 sec. The external video test set used for performance evaluation
on unseen data consists of 50 neoplastic BE (20 patients) and 111 NDBE videos (31 patients), of lengths 5-10
seconds. The original videos of targeted inspection of suspected lesions using NBI are in the range of 4-17
seconds, depending on the stability and informativeness of the video feed. For increasing uniformity in video
length, the length of long duration videos is reduced by restricting to the most stable part of the video. Videos
and the corresponding image sets are from the same patients and areas of interest.

2.1.4 Data Pre-Processing for Training and Inference

For training, the central active region of the raw endoscopic images is resized to 256x256 pixels, prior to
normalizing the intensity values by channel-wise subtracting the mean and dividing by the standard deviation
of the training data. The training set size is virtually increased by employing data augmentation techniques
during training, to improve generalization of the algorithm. A random combination is employed of horizontal
and vertical flipping, rotation by 6 € {0°,90°,180°,270°}, contrast/saturation/brightness enhancements, gray-
scale conversion, Gaussian blurring, random affine and sharpness transforms, followed by random corruption
with artificial Gaussian noise. The internal validation set is sampled four times, with each time a different
random combination of the first three previously mentioned augmentation techniques, enabling selection of
hyper-parameters for a robust model.

For Quantization-Aware-Training (QAT)?* and inference, images are additionally converted as pre-processing
into int8 format by normalization with the minimum and maximum pixel value of the training data, followed by
clipping pixel values into the int8 range of [—128, +127].

2.2 Network Architecture, Training and Evaluation
2.2.1 Network Architecture

The proposed neural network architecture is based on the EfficientNet framework.?’ EfficientNet-Litel serves
as the main architecture, which is derived from the full EfficientNet version by removing squeeze-and-excitation
networks, replacing swish activations by ReLUG6 and fixing the stem and head upon scaling up the models, to
facilitate and improve the quality of the quantization process. This sequence of modifications are performed to
1) optimize support of operations on various edge devices 2) facilitate and improve the quality of post-training
quantization and 3) reduce the size and computations of scaled models *. The existing classification head is
adapted by changing the size of the final fully-connected layer to a single neuron. Furthermore, during training,
this final neuron is followed by a Sigmoid activation. The architecture was originally initialized with ImageNet
pre-trained weights, after which a domain-specific pre-training stage is performed using the GastroNet dataset.26
This additional pre-training stage, with 494,355 gastro-intestinal endoscopic images, enables the algorithm to
learn representative features for the target domain of endoscopic imagery, leading to improved performance.?%
After refinement training, the model is fully converted into an int8-based quantized model with a low-memory
footprint of 4.8 MB by post-training quantization. A comparison of the current network architecture with the
architecture of the previously proposed CADx system,?? is presented in Table 1.

*https://blog.tensorflow.org/2020,/03 /higher-accuracy-on-vision-models-with-efficientnet-lite.html
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Table 1: Comparison of network architectures used in this and previous work

‘ Network Architecture Model Size Parameters

Previous work?® | EfficientNet-B4 80.6 MB 20.4 M
This work ‘ EfficientNet-litel 4.8 MB 42 M
Improvement | N.A. -94.0% -79.4%

2.2.2 Training Procedure

The training procedure consists of three steps. First, the algorithm is trained with all available training data for
250 epochs, followed by a fine-tuning training with only prospectively collected data for 150 epochs, finished by
QAT with prospectively collected data for 150 epochs. For each of the stages, convergence on the validation set
has resulted in early stopping. The Adam optimizer with AMS-grad is used with learning rates of 10=%, 107°
and 1076 for the sequential steps, respectively, while (31, 2)=(0.9,0.99) and a gradient clip value of 10 are used.
The loss of the algorithm is evaluated using the Binary Cross-Entropy loss function with a loss penalty weight
of 4.5 for neoplastic imagery and label smoothing of 0.05, using batches of 16 images. The proposed methods
are implemented in Python using the Tensorflow(-lite) frameworks.

2.2.3 Performance Evaluation Metrics

We measure the values of true positive (T'P), true negative (T'N), false positive (F'P), and false negative (F'N)
predictions, where in our case neoplastic BE images/videos are considered positive samples. The following metrics
based on these measured values are employed for evaluation of classification performance, which are defined as

TP+ TN
A A = -1 , 1
ccuracy e TPTFPTFNTTN 00% (1)
o TP
Sen51t1V1ty : Se = m . 100% 5 (2)
o B TN
Spec1ﬁc1ty : Sp = m . 100% . (3)

A receiver operating characteristic curve (ROC) summarizes the relationship between sensitivity and specificity.
The computation of the Area Under the Curve (AUC) for the ROC concludes the list of the employed classifi-
cation performance metrics.

2.3 Video Analysis Method
2.3.1 Default Stability Function

We propose to supplement the quantized neural network with an output stability function to obtain a video
classification. This function ensures incorporation of temporal information embedded in the frame sequence, as
well as providing a stable video-classification output. Furthermore, to ensure real-time feedback of the algorithm,
we propose to sub-sample 50-fps (frames per second) input videos to 25 fps, while 25-fps input videos are analyzed
at the same (input) frame rate. A diagram visualizing the default stability function is depicted in Fig. 2. The
architecture of this stability function is based on three fundamental output states (Under Inference, Neoplasia
and NDBE), with possible state transitions in between. The transitions are dependent on the neural network
output (Strame), which after applying a threshold decides the frame-based predicted class. As inference proceeds,
the current state and the frame-based predicted class decide which transition is made to the next state.

At the start of each video, the stability function is initialized with accumulator variable Siota; = 0, a clas-
sification threshold (7T) for obtaining a video classification label and a dysplasia threshold (Ty) for obtaining a
frame-based predicted class. The complete workflow for a sub-sampled video frame consists of three steps, of
which the first two are not shown in Fig. 2.

First, the video frame is provided to the quantized neural network, which produces a dysplasia score in int8
format, which subsequently is converted to a 32-bit floating-point representation in the range of [0, 1] (Stame),
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Frame-Based Frame-Based
Predicted Class: Predicted Class:

Neoplasia NDBE
Stotal —= Strame Stotal += 1.0 — Sgrame
Under Inference
=T, < Stota< +T¢
Stotal < _Tc v - Stotal = +Tc
_+” Frame-Based Frame-Based ~~_

-~ Predicted Class: Predicted Class: [ video Classification:
NDBE Neoplasia NDBE
Stotal 7= 1.0 — Strame Stotal == Sframe
Stotal = +T¢
Frame-Based Frame-Based
Predicted Class: Predicted Class:
Neoplasia NDBE

Figure 2: Graphical diagram of the default output stability function, supplementing the quantized neural network
for video-frame classification.

using the scale and zero-point quantization parameters of the network and a Hard Sigmoid activation. Second,
Stame 18 compared with dysplasia threshold Ty to obtain the predicted class for the current frame. If Sgame > Ty,
the predicted class is Neoplasia, otherwise NDBE. Third, the update rules for Siota) are according to the diagram.
For subsequent frames, the same steps are performed. The value of e.g. T, = 50 indicates that in the most ideal
scenario, when all frames are classified with Sgame = 0.0 or Sgrame = 1.0, a classification is reached after 50 frames
or 2 seconds. A Neoplasia (state in red block) video classification label is obtained if Siota) reaches the value of
-T., while if Siota reaches +T, a NDBE video classification label (state in green block) is obtained.

For the proposed stability function, several scenarios of reaching final states are possible during a video.
During inference, either one of the states in the red and green blocks, both the states in the red and green blocks,
or neither of them is reached. In the second case, denoted as Multi Cls, the most frequently reached state is
considered as the final video classification, while in the third scenario, no video classification is obtained at all
(No Cls). A typical scenario is that one of the states in the red or green block is reached for a certain duration.
In more extreme cases classification remains uncertain for a longer period, so that during inference the stability
function remains in the state of the gray block or reaches both states in the red and green blocks (note that a
direct transition between these two states is not possible).

2.3.2 Extended Stability Functions

In order to identify low-confidence predictions of the neural network, as was performed in the clinical BING
classification system,” the stability function of Fig. 2 is extended with an additional NDBE threshold (7},, where
T, < Ty). This additional threshold is employed in the second step of the complete workflow for a sub-sampled
video frame. In this case, Sfame is compared with T,, and Ty to obtain the predicted class for the frame. If
Strame > Ty, the predicted class is Neoplasia, else if Sgame < 15, the predicted class is NDBE, otherwise a
low-confidence prediction is obtained (denoted as ‘Indefinite’). Consequently, the impact of these predictions
on the video-classification performance can be investigated. The default stability function, depicted in Fig. 2,
fully weighs low-confidence predictions, since only the dysplasia threshold is employed. Two other variants of
the stability function are considered, with each having a different weight for the low-confidence predictions.
In the first extended variant (denoted as ‘Ext. 1’), the Indefinite predictions are split up into Indefinite” and
Indefinite™ in the second step of the complete workflow for a sub-sampled video frame. If Sgame < (T + T4)/2,
the prediction is Indefinite”, otherwise Indefinite™. The stability function and update rules for Sioal, Where
Indefinite predictions are weakly weighted, are depicted in Fig. 3. In the second extended variant (denoted as
‘Ext. 27), the Indefinite predictions do not contribute to Siota; at all, which uses the update rules of the default
stability function, as shown in Fig. 2. The difference between Ext. 1 and Ext. 2 is that Ext. 1 has state transitions
with small updates on Siota for Indefinite predictions, while Ext. 2 does identify Indefinite predictions but has
no state transitions for Indefinite predictions in the stability function.
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Frame-Based
Predicted Class:
Indefinite” or Indefinite*

Stotal += %Sframe
s _ Sframe
Frame-Based total ™= "o Frame-Based
Predicted Class: [_l Predicted Class:
Neoplasia NDBE

Stotal == Sframe Stotal ¥= 1.0 = Strame

Under Inference

=T < Stota< +Tc

Stotal < —T¢ Stotal = +T¢

. ~

. N
L+ Frame-Based Frame-Based ~~

-“ Predicted Class: Predicted Class:  ~~[ \/deo Classification:
NDBE or Indefinite” Neoplasia or Indefinite* NDBE
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Figure 3: Graphical illustration of the first extended (Ext. 1) output stability function supplementing the
quantized neural network for video classification.

Sensitivity [%]

497.8 95.6 95.6 95.6 93.3 93.3 93.3 93.3 93.3 93.3 93.3 93.3 91.1-

0.15 0.2 0.25 0.3 035 0.4 045 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85
Dysplasia Threshold (Ty)

Specificity [%]

95.2 97.6 98.8 98.8 98.8 98.8 98.8 98.8 98.8 98.8 98.8

0.15 0.2 0.25 0.3 0.35 0.4 045 0.5 055 0.6 0.65 0.7 0.75 0.8 0.85
Dysplasia Threshold (Ty)

Figure 4: Graphical illustration of S. and S), dependencies on the dysplasia threshold to find optimal performance
on the image validation set

3. EXPERIMENTAL RESULTS
3.1 Image-Based Results

The image-based classification performance results are presented in Table 2, while a graphical illustration of the
dysplasia threshold (T};) analysis for the validation set is depicted in Fig. 4. As can be observed in Fig. 4, the
best performance on the validation set is obtained for the range of T,; = [0.45,0.7], given the combined values
of sensitivity and specificity. During training, the neural network is optimized for T,; = 0.5, therefore, this value
is chosen for analysis on the test set. The results show values of A.. = 91.9%, S. = 92.0%, S, = 91.9% and
AUC = 0.980 on the external test set. Furthermore, the CADx system proposed in previous work achieves
Ace = 95.6%, Se = 92.0%, S, = 97.3% and AUC = 0.985 with Ty = 0.5 on the same external test set.

3.2 Video-Based Results

The video-based classification performance results are presented in Table 4. A graphical illustration for the
dysplasia threshold (7};) analysis with the default stability function on the validation set is depicted in Fig. 5,
while graphical illustrations of the analysis for T;; and the NDBE threshold (7},) with the first extended variant
of the stability function on the validation set, are depicted in Fig. 6. It can be observed in Figs. 5 and 6 that the
best performance is obtained for T; = [0.45,0.5] and (T, T;) = (0.25,0.75), as specified in the first and third
row of Table 4, respectively. The optimal thresholds on the video validation set for all other combinations of
stability function and T, are obtained in a similar fashion and are specified in the corresponding row in Table 4.
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Table 2: Image-based classification performance for the previous CADx system?? and the proposed CADx system
using the validation and test set, obtained with Ty = 0.5.

Images ‘ Method ‘ Ace Se Sp AUC
97.6% 95.5% 98.8% 0.997

Val. Set | Previous work?3

Test Set | Previous work?? | 95.6% 92.0% 97.3% 0.985
Val. Set This work 96.9% 93.3% 98.8% 0.987
Test Set This work 91.9% 92.0% 91.9% 0.980

Table 3: Video-based classification performance of our previous CADx system.?? Two different real-time win-
dowing approaches are employed, with corresponding dysplasia threshold (T;) and decision window length (L).

Videos ‘ Approach ‘ Ty L ‘ A S. Sp
Val. Set MA 0.5 10| 97.6% 92.5% 100%
Test Set MA 05 10| 94.4% 88.0%  97.3%

Val. Set | Weighted MA | 0.5 10 97.6% 92.5% 100%
Test Set | Weighted MA | 0.5 10 | 94.4%  86.0%  98.2%

Moreover, Table 3 shows the video-based classification performance results of the CADx system from previous
work, for the two proposed real-time windowing approaches MA and Weighted MA (the abbreviation MA stands
for the well-known Moving Average filtering performed over time along video frames).

For T, = 25, it can be observed that the default stability function outperforms the other methods slightly on
classification performance with an increase of 1.5 pp (percentage points) and 0.1 pp for Sy, respectively, while
also having slightly less cases of No Cls output. However, a single case obtained a Multi Cls output. For
T. = 50, the first extended version outperforms other methods on the classification performance with an increase
of 3.2 pp and 1.0 pp for S, respectively, while S, loses 2.0 pp, but having the least amount of cases with No Cls
output. For T, = 75, the first extended version outperforms other methods on the classification performance
with an increase of 1.5 pp and 1.0 pp for S, respectively. However, significantly more cases with No Cls output
are obtained, compared to the default stability function. In general, five trends can be observed from the results
presented in Table 4. First, for all combinations of T, and stability functions, a significant generalization gap
can be observed between the validation set and test set performance. Furthermore, it can be observed that
with increasing T, the overall classification performance of all proposed stability functions increases as well, the
amount of cases with No Cls output grows and the amount of cases with Multi Cls output decreases. Lastly,
both extended stability functions generally have more cases with No Cls output and less with Multi Cls output,
compared to the default stability function.

4. DISCUSSION

1. Image-Based and Video-Based Results: For the image-based classification performance, an expected gener-
alization gap between validation and test set is observed, since the neural network is internally validated and
optimized on the validation set during training. For the video-based classification performance, the generalization
gap is even larger, since also the hyper-parameters of the stability functions are optimized on the validation set,
which have a large influence on the obtained performance, as can be seen in Figs. 5 and 6. The obtained increase
of No Cls and decrease of Multi Cls with increasing T, can be explained by the fact that more information in
terms of frames is required to obtain a video classification, thereby implicitly making it more difficult to reach a
single classification, let alone multiple. The general increase of classification performance with increasing T, is
inherent with the increase of No Cls, since these cases are excluded from classification performance calculation.
The increased and decreased values of No Cls and Multi Cls, respectively, for the extended stability functions
compared to the default stability function, are explained by the lower impact updates on Siota) for the Indefinite
predictions, thus requiring more information in terms of frames, in order to obtain a video classification. In
conclusion, the default stability function, which fully weighs low-confidence predictions, is preferred over both
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Table 4: Video-based classification performance for different combinations of supplemental output stability
functions and classification thresholds (7). For each combination of stability function and T, the corresponding
optimized NDBE (T;,) and dysplasia threshold (7;) based on the validation set, are listed.

Videos ‘ Variant T, Ty, T, ‘ Ace Se Sp No Cls Multi Cls

Val. Set | Default N.A. 05 25 97.6% 97.5% 97.6% 0.0% (0/123) 0.0% (0/123)
Test Set | Default N.A. 0.5 25| 89.9% 94.0% 88.0% 1.9% (3/161) 0.6% (1/161)
Val. Set | Ext. 1 025 0.75 25 97.5% 97.5% 97.5% 1.6% (2/123) 0.0% (0/123)
Test Set | Ext. 1 0.25 0.75 25 89.8% 94.0% 87.9% 2.5% (4/161) 0.0% (0/161)
Val. Set | Ext. 2 0.2 0.75 25 97.5% 97.5% 97.5% 1.6% (2/123) 0.0% (0/123)
Test Set | Ext. 2 0.2 0.75 25 88.9% 94.0% 86.5% 4.3% (7/161) 0.0% (0/161)
Val. Set | Default N.A. 0.4 50| 98.3% 100% 97.5% 3.3% (4/123) 0.0% (0/123)
Test Set | Default N.A. 0.4 50| 90.7% 95.9% 88.1% 6.8% (11/161)  0.0% (0/161)
Val. Set | Ext. 1 0.3 0.8 50| 98.3% 100% 97.6% 3.3% (4/123) 0.0% (0/123)
Test Set | Ext. 1 0.3 085 50| 92.1% 93.9% 91.3% 5.6% (9/161) 0.0% (0/161)
Val. Set | Ext. 2 0.4 0.7 50| 98.3% 100% 97.6% 3.3% (4/123) 0.0% (0/123)
Test Set | Ext. 2 0.4 0.7 50| 91.4% 93.9% 90.3% 5.6% (9/161)  0.0% (0/161)
Val. Set | Default N.A. 0.65 75 99.2% 100% 98.8% 4.1% (5/123) 0.0% (0/123)
Test Set | Default N.A. 0.65 75 92.8% 95.7% 91.4% 5.6% (9/161)  0.0% (0/161)
Val. Set | Ext. 1 0.4 085 75 99.2% 100% 98.8% 4.1% (5/123) 0.0% (0/123)
Test Set | Ext. 1 04 085 75| 93.8% 95.7% 92.9% 9.9% (16/161)  0.0% (0/161)
Val. Set | Ext. 2 0.4 0.8 75 99.1% 100% 98.8% 4.9% (6/123) 0.0% (0/123)
Test Set | Ext. 2 0.4 08 75 93.1% 95.7% 91.9% 9.9% (16/161)  0.0% (0/161)

extended variants, since it achieves the highest sensitivity (S.) and lowest amount of cases without a classi-
fication (No Cls). Sensitivity (S.) is the most important metric, since such a CADx system is designed for
supplementing the endoscopist or a CADe system for primary lesion detection, by dismissing false positive and
confirming true positive detections. Therefore, avoiding false negative predictions by CADx is more important
than avoiding false positive predictions by CADx, since the first implies missing cancer while the latter only
induces additional biopsies. Furthermore, cases with No Cls are also not preferred, since these are most likely
also inducing additional biopsies, as the algorithm cannot confidently classify within the duration of the video.

2. Proposed CADzx in comparison with previous work: ~When comparing the classification results of the
current CADx system based on a quantized neural network and extra stability functions with the CADx system
from previous work, it can be observed that the latter is slightly superior for both the image- and video-based
classification tasks. However, the sensitivity (S.) of the current CADx system is consistently higher or on-par,
which is the most important metric, as described above. Furthermore, the current approach overcomes the
limitation of providing unstable video classification output by using a stability function, which can be noticed
from the amount of Multi Cls cases. Lastly, the current quantized CADx model realizes dramatic reductions
of 94% and 79.4% for model size and number of parameters, respectively, which paves the way for deployment
on edge devices or even existing endoscopy equipment, thereby highlighting its feasibility for clinical integration.
Note that the CADx model from the previous work always provides a classification, even when it produces low-
confidence predictions due to a non-informative video feed or that the model cannot make a confident distinction
between NDBE and neoplasia. In contrast, the current CADx model has the option to output No Cls. This
option can possibly give the endoscopist extra insight in the confidence of the algorithm at the actual moment.

3. Limitations: A limitation of this study is the usage of relatively short duration videos. Therefore, testing
on videos of longer duration with inherently less stable and informative feed should be performed to investigate
the influence on classification performance and the amounts of No Cls and Multi Cls produced by the algorithm.
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Figure 5: Graphical illustration of S., Sp, No Cls and Multi Cls dependencies on the dysplasia threshold to
find optimal performance on the video validation set for the combination of the default stability function and
T. = 25 (First row of Table 4).
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Figure 6: Graphical 2D illustration of Se, S, No Cls and Multi Cls joint dependencies on the NDBE and

dysplasia threshold to find optimal performance on the video validation set for the combination of the first
extended variant of the stability function (Ext. 1) and T, = 25 (Third row in Table 4).

5. CONCLUSIONS

CADx systems for characterization of NBI imagery of suspected lesions in Barrett’s Esophagus can assist en-
doscopists during endoscopic surveillance. Current research towards these deep learning-based CADx systems
is not focused on the real clinical application and clinical integration of these systems, which lie in real-time
analysis of endoscopic videos inside the endoscopy suite, placing demands on robustness in decision making and
insightful classification matching with the clinical opinions. In this paper, real-time classification of NBI videos
of Barrett’s Esophagus is addressed by a lightweight int8-based quantized neural network architecture, which is
efficient enough to ensure real-time performance. This neural network is supplemented with a stability function
to increase robustness by incorporating temporal information embedded in the frame sequence and providing
a continuously stable video classification. Moreover, the proposed neural network has a low-memory footprint
(4.8 MB), enabling operation on a range of edge devices and even integration into existing endoscopy equipment.
Three different variants of the stability function are experimented with, each weighing low-confidence predic-
tions differently. The obtained results show that the algorithm can accurately classify videos of BE neoplasia
and NDBE. Furthermore, the proposed stability functions ensure a stable output, given that none of the videos
obtained multiple different video classifications labels (for higher values of T.), which is reassuring for the inter-
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action with endoscopists. Moreover, the algorithm is able to output No Cls when it is not able to confidently
make a classification, which can give the endoscopist insight in the confidence of the algorithm and aligns with
often occurring practical clinical cases. In summary, this work shows a robust, lightweight and effective deep
learning-based CADx system for accurate automated real-time endoscopic video analysis. The system bridges
the gap for integration into clinical practice by enabling operation on edge devices or existing endoscopy equip-
ment. Future research should focus on investigating the classification performance and the amounts of No Cls
and Multi Cls of the algorithm when tested on videos of longer duration with inherently lower stability and
informativeness of the captured video. Furthermore, the algorithm should also be tested in a real clinical setting,
in order to investigate the performance and the interaction with endoscopists.
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