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Abstract

Artificial Intelligence, smart applications, machine learning and the Internet of
Things, are now revolutionizing virtually every aspect of our lives. Healthcare
applications are currently one of the most promising areas for machine learning
specialists, with emerging approaches that aim to modernize medical practice. This
book, aims to introduce readers to the latest technological advances in the field of
deep learning, and more specifically its applications in the diagnosis and surgical
management of colorectal cancer. Colorectal cancer is used as a template condition
through the book, largely due to its nature as one of the most well-studied types of
malignancy; it offers a unique combination of high prevalence and radical treatment
potential through surgical approaches. The applications presented here, include
studied and tested methods, many of which have already found their way into
everyday surgical practice. This book aims to be a valuable resource for all healthcare
researchers, Al-specialized computer scientists, surgical trainees and clinicians alike.
We have strived to outline the latest and most promising advances of Al in surgical
practice, while emphasizing why physicians still have to play a central, pivotal role in
rolling out such advances. Al is expected to define the future of personalized
healthcare delivery, and enhance patient safety and satisfaction.

Key- words:. Artificial Intelligence, smart applications, machine learning, Internet of

Things
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Preface

Artificial Intelligence, smart applications, machine learning and the Internet of
Things, are now revolutionizing virtually every aspect of our lives. Healthcare
applications are currently one of the most promising areas for machine learning
specialists, with emerging approaches that aim to modernize medical practice. This
book, aims to introduce readers to the latest technological advances in the field of
deep learning, and more specifically its applications in the diagnosis and surgical
management of colorectal cancer. Colorectal cancer is used as a template condition
through the book, largely due to its nature as one of the most well-studied types of
malignancy; it offers a unique combination of high prevalence and radical treatment
potential through surgical approaches. The applications presented here, include
studied and tested methods, many of which have already found their way into
everyday surgical practice. This book aims to be a valuable resource for all
healthcare researchers, Al-specialized computer scientists, surgical trainees and
clinicians alike. We have strived to outline the latest and most promising advances of
Al in surgical practice, while emphasizing why physicians still have to play a central,
pivotal role in rolling out such advances. Al is expected to define the future of
personalized healthcare delivery, and enhance patient safety and satisfaction.
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1 Introduction

1.1 Scope of our thesis

The most often diagnosed disease worldwide and the main cause of morbidity and
mortality in humans is colorectal cancer (CRC). It is the second most deadly disease
overall, accounting for 9.4% of all cases of global death from cancer, and the third-
highest incidence cancer, accounting for 10% of newly identified cases. Only 1.93
million new cases of cancer incidence and 0.94 million cancer-related deaths were
predicted to occur globally in 2020, or one in every ten new cancer incidences,
morbidities, and deaths. Additionally, it is anticipated that by 2040, there would be
3.2 million fresh cases worldwide. Early and accurate diagnosis can considerably
lower this number.Therefore, rapid, accurate CRC detection is essential to improve
therapy effectiveness and increase patient survival rates. However, the growing
prevalence of CRC around the world is causing significant problems for the global
healthcare systems.

Hematoxylin and eosin (H&E)-stained histopathological specimens obtained from
frozen or formalin-fixed paraffin-embedded (FFPE) tissues acquired during biopsy or
surgery are used to make the most common diagnosis of CRC. This diagnosis requires
a thorough visual examination by pathologists who are eminently qualified in this
field. The primary difficulty in analyzing digitized pathology images is the data
variability, which includes vast and erratic differences in the size, shape, texture,
staining, and sectioning of the diagnostically crucial parts, such as glands, nuclei, etc.

The lack of standardization in the tissue preparation steps of staining and scanning
led to even more huge patterns emerging from the basic tissue type, which also
contributes to the digital variability. Examples of histopathological pictures that
demonstrate the existence of variety are shown in Fig. 1. These difficulties make the
diagnosis procedure difficult and time-consuming.

» - ""“‘) 9
T Y ,} 7{"

Figure 1. Exemplar variability exists in H&E-stained Colon Histopathological images.
(a) Images depicting variations belonging to the Benign Class and (b) Images
depicting variations belonging to the Malignant Cancer class.

In contemporary pathology departments, the typical consultation effort increases by
5 to 10% annually. As a result, each pathologist must work harder to care for more
patients. Due to this, there is a great likelihood that their routine job will be
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inadequate, and the pathology labs would therefore malfunction. Additionally, there
is a strong need for specimen examinations in gastrointestinal clinics, but
pathologists often need to complete more than 10 years of training. These current
patterns point to an impending pathologist shortage on a global scale. Therefore, it is
imperative to create trustworthy methods for pathological image analysis that can
enhance clinical competence in determining CRC diagnosis without the introduction
of any unintentional human bias.

Deep learning (DL), a recent innovation in artificial intelligence approaches, has been
shown to be effective in classification and prediction tasks. There are many DL
applications that have been put into practice, particularly Convolutional Neural
Network (CNN), which is used to efficiently analyze histopathological image data for
tumor cell detection and classification, grade classification, and survival prediction
for various cancers. The majority of these currently used CNN architectures for CRC
histological image processing are focused on pathology tasks following cancer
diagnosis. The employed dataset size is frequently small and does not significantly
represent the multiple clinically-defined histologic variations of CRC, despite the fact
that they are successful in obtaining high accuracy levels.

Additionally, deep neural networks frequently have problems including an unfocused
feature refinement process, the loss of crucial spatial information, declining gradient
and resolution, as well as other things that could restrict their potential. When used
in conjunction with other independent datasets with various clinical situations, these
limitations increase prediction errors. The majority of the models that are now being
offered, however, were developed solely using datasets from a single source, with
no other datasets used for validation. The classification of either the textural tissue
structures or the cancer grades in the patches is the extent of these planned study
efforts; tissue structure analysis is not included.

Additionally, it is unclear how frequently they can be applied to the CRC diagnosis in
various clinical scenarios including various platforms and picture qualities. Therefore,
it is still necessary to develop a DL-based method that can be used to routine
pathology diagnosis, reduces the clinical burden on pathologists, and improves
diagnostic precision.

Therefore, an automated deep learning-based classification technique offering
clinical information, incorporating referential secondary opinion, and minimising
human errors is presented in this paper to address these issues with digitized
histopathological image analysis and to fill these cited research gaps. Here, a CNN

architecture with three unique modules—enhanced convolutional learning modules
(ECLMs), attention learning modules (ALMs), and transitional modules (TMs)—is
suggested, drawing inspiration from the recent success of multi-scale feature fusion,
residual learning, and attention learning. These modules are combined to create the
proposed CNN architecture, which improves focused multi-scale feature extraction
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and facilitates accurate categorization of tissue architectures and cancer grades in
H&E-stained CRC histopathology images.This makes the suggested model extremely
useful for enhancing the accuracy and competence of CRC diagnosis and its therapy.

The following statement sums up the suggested categorization model's key
contribution:

1. The suggested classification model is integrated with better learning
potential, focus-refinement ability, and infusion of deep multi-scalar features
to counter the data-hungry aspect and combine effective textural analysis. As
a result, the tissue architectures of the H&E-stained Colon histopathology
pictures are precisely and effectively classified, together with the cancer
grades.

2. Five different datasets from various scan sites are employed here to reduce
digital variability that exists in clinical data. In order to develop the network's
invariance against the presence of artifacts, noise, mimics, the impact of
various staining and scanning procedures, and the magnification scale
present in actual clinical data, a variety of stain-invariant pre-processing
approaches are also used. This also makes a considerable improvement to
the proposed classification model's robustness and generalizability.

3. Here, along with quantitative analyses and visualizations of activation
mapping, the pathologists' validation score is used to show clinical
comparability and usefulness of the proposed model. Pathologists are
included at every level of the proposed study effort because their
engagement in nearly all of the preceding work was neglected. This is done to
close the gap between deep learning-based classification models and real-
world clinical approaches. The ultimate purpose of automated categorization
algorithms is to help pathologists, therefore this is done.

This thesis serves as one of the few opportunities to delve deeper in current
applications and future implications of artificial intelligence and machine learning in
the surgical world, using colorectal cancer as a working example for innovations
already proven advantageous to patients and physicians alike. Through this work, we
aim to concentrate reviews of existing applications of artificial intelligence in surgery,
and colorectal surgery, as well as include our own proposition on a novel
classification algorithm for pathological slides.

1.1.1 Structure of the thesis

The present work was structured with a framework of a working textbook on
deep learning applications in surgical approaches in mind. As such, our work
is split in four large subsections, containing both a thorough review of the
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literature regarding deep learning applications in surgery, building up to our
own work of a proposed architecture for a novel classification algorithm for
colorectal carcinoma pathological slides.

The first part of the thesis focuses on literature reviews of the most
prominent current applications of deep learning in the Surgical Sciences,
including but not limited to applications regarding colorectal cancer patients.
Among the concepts presented, are applications of Information and
Communication Technology in Surgical Practice, the world of Internet of
(Surgical) Things and were it stands today, and Computer Vision applications
in everyday surgical practice.

The second part provides a focused review of current literature, regarding
the use of artificial intelligence in image processing of pathological slides of
colorectal cancer patients. This is utilized as a stepping stone towards the last
part of the book, were we explore in depth, a proposed algorithm for the
classification of benign / malignant pathological specimens based on
pathological slides.

2 Information and Communications Technology (ICT) in Surgery

Information and communication technology is used to cover a broad category of
things rather than a single specific item. In terms of ICT, it refers to all devices,
networks, and systems that facilitate interaction with the digital world. Although ICT
sometimes gets confused with IT (information technology), ICT encompasses more
components, including data, internet access, software, hardware, and
communications technologies. In addition, ICT embraces combining those
technologies and applying them. As ICT capabilities have developed, vendors have
been able to develop and deliver a variety of technologies at a lower cost, while also
offering new market opportunities. In medicine ICT has a broad spectrum

Information and communications technology (ICT) has revolutionized the practice of
surgery and has created tremendous potential for improved patient outcomes. ICT
involves the integration of hardware, software and networks for the purpose of
managing, monitoring and sharing medical information. [1] It has enabled health
care professionals to utilize modern mobile, wearable, and Al-powered devices to
diagnose, treat, and monitor the health of patients. [2]
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2.1 Definitions of ICT in Surgery

ICT in Surgery encompasses a wide range of technologies that are used in the
practice of surgery. This includes but is not limited to, digital imaging technologies
such as X-ray and magnetic resonance imaging (MRI), telemedicine technologies
such as remote video consultation, robotics and automation and data acquisition,
storage and retrieval systems.

Predictive modeling is a type of ICT technology that can be used in surgery to help
predict outcomes and develop treatment plans. This technology relies on data
analytics to identify patterns and trends in patient data, which can then be used to
forecast future outcomes. This information can be used by surgeons to develop
more personalized and effective treatment plans for their patients. predictive
modeling is therefore a powerful tool that can help improve the quality of care in
surgery [3,4].

Robotic surgery leverages ICT technology to perform highly precise and minimally-
invasive surgeries. This type of surgery uses robotic arms controlled by a surgeon to
perform delicate operations with great precision. Robotic surgery often results in
less blood loss, fewer complications, and shorter hospital stays for patients when
compared to traditional surgical techniques. [5,6]

Image guided surgery uses ICT technology to provide surgeons a detailed map of the
operating area, allowing for greater precision in their operations. This technique
makes use of images generated by MRI or CT scans to create a 3D model of the
patient’s anatomy. This information is then used by the surgeon during the
operation to ensure they are operating on the correct area. Image guided surgery
has been shown to significantly reduce surgical errors and improve patient safety.

Electronic medical records allow for the easy and secure sharing of medical
information amongst doctors, nurses, and medical staff involved with the patient’s
care. This system allows for all members of the healthcare team to have access to
up-to-date.

2.2 Applications of ICT in Surgery

Applications of information and communication technology (ICT) in surgery are
becoming increasingly common. ICT can be used in a number of ways to support
surgical procedures, including preoperative planning, intraoperative guidance, and
postoperative analysis.

Preoperative planning using ICT can help to improve the accuracy of surgical
procedures. Intraoperative guidance can provide real-time visualization of the
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operative field, helping surgeons to avoid potential complications. Postoperative
analysis can help to identify any areas where improvements could be made. [7,8]

One application of ICT (Information and Communications Technology) in surgery is
telesurgery, wherein operations are remotely performed by surgeons at different
locations.(9)This technology allows collaboration between surgeons, medical
professionals and experts in different locations and provides patients with quick
access to healthcare in remote areas.[ 5,10]

A second application of ICT in surgery is the use of robots and robotic systems. These
systems are used to aid surgeons in conducting operations, as well as providing
precise positions, instrument control and maneuvering. [11] In addition, robotic
systems provide surgeons with real-time imaging, the ability to perform complex
operations, better precision and the ability to reach difficult surgical sites.

A third application of ICT in surgery is minimally invasive surgery. This type of surgery
uses endoscopes, imaging technology and computer-assisted surgical devices to
minimize the need for large incisions and minimize

Information and Communication Technologies (ICTs) have revolutionized the
practice of surgery, making it an increasingly safe and efficient medical procedure.
ICT-based tools and applications have enabled improvements in surgical accuracy
and instrument control, enabling surgeons to plan, execute, and monitor operations
from remote locations. Furthermore, such technological solutions are helping to
make precision surgery more accessible, particularly in rural or remote areas. By
leveraging advances in machine learning, computer vision and artificial intelligence
capabilities, ICT solutions are helping to improve decision making for minimally
invasive surgery, automate routine processes, and increase the speed and accuracy
of diagnosis. In addition, ICTs can improve pre- and post-operative workflows,
speeding up patient flow while enhancing safety, offering better opportunities to
provide quality care. [12]

The use of ICT in surgeries is thus an invaluable tool in modern medicine, with its
potential to revolutionize how the operations are performed and how additional
digital health components are integrated. The use of ICT in surgery is subject to strict
regulation, as patient safety is of paramount importance. However, the benefits of
ICT are becoming increasingly apparent and it is likely that its use will continue to
grow in the future.

2.3 Review of loT in Surgery
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A Smarter Health through the Internet of Surgical Things

Introduction

Advances in surgical practice have been rapid and non-stop for the past few
centuries. From the groundbreaking idea by Joseph Lister that postoperative deaths
might be attributed to certain invisible pathogens that could be combated with
antiseptic solutions, to the popularization of robotic surgery in many modern
medical centers, progress has been continuous. Many related advances came in the
form of technological milestones that changed the shape of surgical practice as we
know it today. The latest in a series of breakthroughs in the smart health domain is
the utilization of the Internet in everyday surgical practice, the role of which is ever-
expanding.

To systematically study the technological advances in a particular sector, attributed
to the utilization of the Internet, the term “Internet of Things” (loT) was introduced.
While not strictly defined, loT describes a network of Internet-based connected
things equipped with (embedded) sensing and actuating devices, with data
production, processing, and consumption abilities. The utilization of the Internet and
loT in medical practice can take many shapes and forms. Ranging from the awe-
inspiring telesurgical procedures [13,14] to complex Al machine learning applications
that aid in medical decision making [15], to a simple email containing a preoperative
CT scan, the Internet of Surgical Things (IoST) is here to stay. A representative
example of the 10ST is a smart ingestible sensor (pill) that is activated after being
swallowed [16], “travels” in the body through the colon and sends data to outer
devices such as computers and smartphones when it detects a threat for cancer.
Such a device can be used instead of colonoscopy for people who cannot obtain a
colonoscopy due to psychological and physiological problems. In the broader aspect
of the 10ST context, |0ST entities are different types of connected entities that “live”
in this smart setting,

such as surgical things (e.g., a connected surgery tool) [17], organs (e.g., a connected
colon, an artificial heart) [18], humans (e.g., a connected patient or doctor) [19],
smart devices [20] (e.g., a connected heartbeat monitoring device, a smart pill, an
ingestible sensor), services [21] (e.g., a connected telemonitoring service), data (e.g.,
a connected data steam of heart monitoring data), etc. In this extensive survey, we
aim to present an overview of current uses of loT-embedded surgical practice by
focusing on Telesurgery and Surgical Telementoring. As a secondary research
guestion, we also briefly review the latest advances in loT-associated image guided
surgery, and surgical patient telemonitoring by utilizing the loT paradigm.

Current literature on the Internet of Medical Things (IoMT) includes a multitude of
heterogenous reports of Internet-based applications within the medical/healthcare
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domain. Most of the related articles present network(s) of sensor arrays and data
processing stations, with or without actuating devices, interconnected via the
Internet infrastructure. There is, however, a lack of a systematic approach within the
existing literature as to how the loT concept has revolutionized the surgical world
towards smarter health. To fill this gap in current knowledge, the present systematic
literature review studies the Internet of Surgical Things (IoST) domain by focusing on
the three most prominent areas of application: (a) image-guided surgery, (b)
telesurgery and telementoring in surgery, and (c) surgical patient monitoring [22,23].
Between these three areas of applications within the surgical discipline, the
applications of Telesurgery and Surgical Telementoring are undoubtedly the most
influenced by the lIoMT concept. Therefore, our systematic review will be centered
around studies of these applications. Additionally, we will briefly discuss the current
literature on patient monitoring and loT applications in image-guidance.

In this review, we systematically discuss a novel concept (the 10ST) that is being
rapidly incorporated into surgical practice. This is one of the first systematic review
manuscripts covering this area. By focusing on the three applications described
above, we provide a thorough understanding of the feasibility and effectiveness of
different 10ST applications. In addition, this paper also summarizes known and
emerging weak points in loST ecosystems that should be the focus of future research
efforts. Finally, by incorporating data from system development studies, we offer
insight into promising future uses of the 10ST that are yet to be popularized but have
the potential to be groundbreaking advances.

While there is a lack of a universally accepted definition for the Internet of Things,
for the purposes of this review, we considered studies looking into ecosystems of
interconnected computing devices, digital screens, sensor-bearing instruments,
robotic surgery systems, mobile phones, 5th generation mobile networks, and can
even include people (in our case either operators or patients. We have focused our

attention on systems operating within the surgical world, connecting two or more
“Things” (as defined above), via a certain, defined, and dedicated network. Looking
into our specified research questions, some examples of 10T applications would be,
for instance, a network comprising a preoperative imaging modality (e.g., MRI
scanner), a processing station, and software within a specialized robot or specialized
augmented reality glasses that ultimately aim to facilitate a procedure by
superimposing real-time image guidance. Telementoring/Telesurgery systems
usually comprise specialized working stations connected to a user that are capable of
transmitting audiovisual cues and/or controlling a surgical robot at a distant location.
Finally, telemonitoring is carried out by an interconnected series of sensor-bearing
devices that centripetally transmit patient data, either directly to the physician, or to
a dedicated data-gathering station.
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The structure of the paper is as follows: Section 2 presents the research
methodology, Section 3 presents an overview of the main results/findings of this
survey, Section 4 discusses open issues and challenges, and, finally, Section 5
concludes the paper.

Materials and Methods

To meticulously look through the current literature concerning loT in surgical
practice, we have formed one primary and two secondary research questions that
allow us to produce a thorough literature review. These research questions are as
follows:

Primary:

1. What is the latest experience of telesurgery and surgical telementoringwith regard
to the loT concept? (See Supplemental Figure S1).

Secondary:

1. What are the current applications of loT technology in image-guided surgery? (See
Supplemental Figure S2).

2. How can the loT be utilized for patient monitoring outside the operating room?
(See Supplemental Figure S3).

The presented literature review was conducted using the PubMed (Medline) and
Web of Science (Clarivate) directories. The search queries for each research question
as well as universal inclusion and exclusion criteria are presented in Table 1. We have
used relevant keywords/phrases that characterize the articles of interest, for each of
the research questions. To collect as many published articles as possible, we have
incorporated additional articles from less specific queries, which can be viewed in
Table 1. This was necessary mainly due to the lack of terms “Internet” or “Internet of

Things” within the related keywords. Additionally, due to most of the loT-related
applications involving specialized sensor data inputs that lead to data-driven action,
we have added a separate relevant query for all questions, thus capturing any
surgical-specific system that would have been missed by the other search queries.
The PRISMA flowchart of this additional search is presented in Supplemental Figure
S4.

Table 1. Search Queries.

Research Question Queries Used in Medline Queries Used in Web of Science

What are the -current(image-guided surgery) and(ALL = (image guided surgery) and (ALL =
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applications of loT((internet of things) or (internet)) (internet of things) or ALL = (internet)))
technology in image-
guided surgery?

(telesurgery) and ((internet of

ALL = (telesurgery)) and ALL = (internet
things) or (internet)) ( ( gery)) ( )

What is the latest
experience of telesurgery+
and surgical ALL = (telementoring)) and ALL = (surger

. . 8 (telementoring) and (surgery) ( ( gl (surgery)
telementoring with regard

to the loT concept? +

+

+

ALL = (telesurgery)
(telesurgery)

tel itori d
How can the loT network(( € e.monl oring) and (surgery))
and (internet)

be utilized for patient ((ALL = (telemonitoring)) and ALL = (surgery))
monitoring outside the+ and ALL = (internet)

operating room?
P 8 (surgery) and (internet of things)

Supplemental Query for(sensors) and (surgery) and((ALL = (sensors)) and ALL = (surgery) and (ALL
all Research Questions ((internet) or (internet of things)) = (internet) or ALL = (Internet of Things)))

Inclusion and Exclusion Criteria

Articles that described clinical or feasibility studies of modalities incorporating
Inclusion Criteria the loT framework. Articles that described a system in development, were able
to demonstrate potential real-life application.

Case reports of previously known modalities. Literature reviews. Opinion or
Editorial articles. Lack of clarity regarding the utilization of an internet-based
network. Articles focusing on technical developments rather than surgery-
oriented application potential. Unavailability of text. Articles solely in non-
English languages. Articles from pre-print servers or online-only publication
platforms.

Exclusion Criteria

The presented review includes articles dating from 2010 to 2021. Through these
years, the development of the Internet was constant, and, as a direct consequence,
so was the incurrence of loST-related publications. We have decided to include all
relevant publications, even when reported methods seemed outdated for today’s
standards (e.g., the use of dedicated land connections). By doing so, we have
collected all reports of loST-related concepts and showcased that the idea of an
ecosystem of computing devices transferring data without the need for human
interaction was present in the surgical sciences and practice long before high-speed
or wireless Internet connections gave birth to loT. Chronologically, we incorporated
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studies from 2010 onwards. This decision regarding the period was made largely to
the fact that the loT is a novel concept, mainly developed within the past decade.

Our search for related literature included articles published in peer-reviewed
journals, as well as published presentations from conferences organized by notable
scientific societies with a documented history of loT expertise. We have included
articles describing the clinical applications of the 10T concept specifically for surgical
practice. Study designs that were considered for inclusion within the systematic
review included clinical trials, case series, and animal trials. Several feasibility and
prototype model studies were also incorporated if they presented clearly defined
and well-supported potential for clinical application.

The exclusion criteria of the survey concern the following article types: opinion or
editorial articles, articles presenting a singular case report of previously a published
methodology, and literature reviews of a subject. Such articles were deemed as low-
quality articles that would not aid in forming a subjective overview of the loST. We
also decided to exclude articles that failed to indicate the presence of Internet-based
interconnected devices. Articles that focused on technical developments rather than
clinical applications (e.g., latency-lowering methods, advances in the security of loT
networks, advances in specific hardware or software components of a network, etc.)
were also not included due to the clinically oriented nature of the review. Lastly, we
excluded articles that were published in non-peer-reviewed platforms such as
several online-only journals or pre-print platforms, due to concerns regarding their
methodological quality.

The reference management tool EndNote was used for detecting duplicates. The
PRISMA flowchart for each research question was developed, as can be seen in the
corresponding Figures. In the first step of the selection process, our research team
excluded detected duplicate entries and articles that were clearly labeled as one of
the study designs incorporated within the exclusion criteria. Screening of the records

in the second step of the elimination process was carried out by revising available
abstracts for any obvious signs of mismatching with the inclusion criteria (technically
oriented studies, singular case reports). All studies deemed appropriate for further
evaluation were sought for full-text retrieval. The fourth and final step of the review
process included the evaluation of the full manuscripts, where the more specific
exclusion criteria were applied (lack of clarity, unavailability of potential clinical use,
etc.). This review process was the same for each of the three research questions.
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Figure 2.Connected 10ST entities and workflow of an 10ST-based
Telementoring/Telesurgery System.
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Figure 3. Connected |oST entities and workflow of an loST-based Image-Guided
Surgical System.
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Figure 4. Connected |oST entities and workflow of an 10ST-based Telemonitoring
System.

3. Results

Following a literature search and a gradual article elimination process, a total of 48
studies were selected for reviewing regarding our primary research question
(Supplemental Figure S1). Of these studies, 36 were observational studies conducted
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within a clinical environment, evaluating either patients or healthcare professionals.
Twelve studies were classified as feasibility or system development studies. In total,
the studies included in this review incorporated data from 219 patients, and 757
healthcare professionals, and concern studies that use loT in Telesurgery and
Telementoring. The utility and main findings of each study is highlighted in the
corresponding column of the supplemental tables. The studies in the field of 10ST are
rather few, and seemingly characterized by a high degree of heterogeneity regarding
variables, study designs, and outcome types; therefore, it is not easy to identify a
formal and systematic way to synthesize and report a cumulative and quantitative
outcome. In that respect, in this paper we present a narrative review of the 10T in
Telesurgery and Surgical Telementoring.

Regarding our secondary research questions on Image-Guided Surgery (IGS), and
surgical patient Telemonitoring, we systematically gathered 14 and 19 studies,
respectively. Studies regarding the loT in IGS incorporated experimental data from
111 patients and 35 patient models in total. Of the included studies, 7 were clinically
based, and another seven were system development/feasibility studies. As for the
loT in surgical patient Telemonitoring, of the 19 studies, 15 were clinical studies, and
4 discussed newly developed loT-based telemonitoring systems.

2.3.1 The Internet of Telesurgery and Surgical Telementoring

Perhaps the most impressive advancement the technological applications were able
to provide in the surgical world is the incurrence of the telesurgical procedures.
When discussing the prospects of loT applications within surgical theaters, there are
two key concepts in existence to keep in mind: telesurgery, and telementoring.
While telesurgery describes the performance of a surgical operation by a remotely
located surgeon, utilizing a network of devices with the aim of transferring the
surgeon’s haptic commands to a robotic surgery system, telementoring is the
performance of live surgery on-site, with the live assistance of a more experienced
surgeon, located off-site [21-37]. In order to achieve the latter, a network of
connected cameras, microphones, screens and computers is necessary [37-43]. A
fundamental outline of the network and crosstalk required is depicted in Figure 1.
This connection is mostly provided through the Internet nowadays, and with new
and emerging technologies, such as the fifth generation of mobile networks,
implementation of teleservices is expected to grow (Supplemental Table S2). A 2017
systematic review of the literature on telementoring in the operating room revealed
that operating times and complication rates were the same when compared to on-
site live mentoring of younger surgeons [44]. This showcases that telementoring
possibly has the potential to supplement live surgical training and might allow
trainees to even surpass their educational goals when mentored remotely.
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In addition, telementoring has the potential of long-distance consultation with senior
and specialized surgeons who can provide live assistance in the operation rather
than a simple preoperative consultation, or the costly option of transferring difficult
to manage cases in specialized units [27-32]. Systems that are developed for surgical
telementoring in live surgery can also be expanded with an array of biosensors for
physiological parameter monitoring that is transmitted directly to the mentoring
surgeon [39], allowing for the complete monitoring of the surgical patient, rather
than just the surgical procedure. Studies evaluating the satisfaction outcomes of
surgical trainees whenever live proctoring from a distance was used reveal
universally high satisfaction rates [40-37] that were common to both mentors and
mentees. Participants of said studies felt that telementorship sessions with more
experienced surgeons would be a useful addition in surgical education curriculums
[45-52]. Even when utilized for teleconferencing and simple audiovisual transmission
of an operation for teaching purposes, participants rated positively to their
experience more than 90% of the time [45,53-55]. This goes to show that the
introduction of the Internet in the everyday surgical practice can have a pragmatic
impact in the education of younger surgeons, particularly at low costs and without
complex institutional requirements. Telementoring in surgery allows the safe
transfer of knowledge and skill aptitude from a more experienced surgeon to a
younger mentee.

Studies reporting telementoring techniques within the OR were split broadly in the
two categories of the studied teaching method. The simplest form of surgical
telementoring includes the live observation of a surgical procedure by a distant
senior surgeon who can provide audiovisual guidance through an Internet
connection, or a more advanced form of proctoring including the distant
manipulation of a camera-bearing surgical robotic arm.

A study by Hinata et al. [40] compared in a systematic manner the perceived
differences in live mentoring with telementoring in robotic surgery. Apart from
requiring a stable and fast internet connection being the single drawback, all of the
postoperative parameters of the surgical patients were the same between the
differently mentored groups in almost all the included studies. In another
comparative study of internet-based telementoring versus in-person telementoring,
not only were the postoperative results the same between the two groups of
mentees, but the mentors also showed a significant trend towards telementoring
[39], while in some studies, mentees achieved better postoperative results when
distance-mentored [55-60]. In a report on telementored trainees that performed
bariatric surgery procedures, those that utilized Internet-based mentoring achieved
fewer complications, shorter operative hours, as well as shorter hospitalization time
[13]. In addition, Altieri et al. studied whether delivering a surgical skills course over
the Internet would be less effective than live mentorship [41]. After the course was
completed, the trainees were also found not to perform similarly in the post course
assessment, but also showed non-inferior skill decline patterns for a few weeks after
the course. These results prove that internet-based mentoring in surgery can be
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similarly effective in the long-term skill-honing process and is not confined in short-
term positive outcomes. Additionally, they found that within every study describing
an internet-based telementoring system, there were almost no unexpected intra-
operative complications [59]. This proves that the use of the Internet as a mentoring
tool can be a safe alternative, even when within a high-risk environment such as the
operating room (OR).

With the incurrence of high-speed network connections, the handling of larger data
transmissions at no expense of the perceived live mentoring was made possible.
Utilizing such connections, several research teams were able to integrate AR within
surgical telementoring. In these publications, authors describe the use of specialized
AR glasses by the mentees [22,45-47,55-62]. The glasses were equipped with
cameras providing live feeds of the surgical field that were transmitted through the
Internet to a distant mentor. The mentoring station on the other end includes
motion tracking sensors and cameras that capture the mentor’s movements. These
movements are superimposed on the mentee’s field of view and on to the surgical
field through the specialized glasses in order for the mentee to closely follow along.
The trainees assigned to be mentored with this system achieved higher scores on
operational evaluation and were prone to less mistakes [22,48,55-58,61-64]. In one
clinical study, AR telementoring was compared with simple telementoring through
audiovisual transmission and audio guidance [56,60]. People mentored with the AR
system made less mistakes and were more accurate. However, in several similar
studies, authors noted that mentees on such systems required more time to
complete the simulated procedure [44,46,54,56,]. Additionally, we must not forget
the increased cost of such systems, as they require not only high-bandwidth internet
connections, but sophisticated equipment for the mentor and mentee stations. Such
equipment may not be readily available at most institutions. Andersen et al. [22]
took the AR systems a step further by incorporating pre-recorded footage of similar
operations that could be viewed directly onto the mentee’s display. Operative
results were encouraging; however, the individual variability in patients posed a
drawback, since the pre-recorded operations could not account for variability.

More advanced telementoring systems include the ability of the remote mentor to
assume control of part of the operating system, most commonly the laparoscope-
containing arm of the surgical robot [52,54,57,59]. Advantages of this setup is the
ability to provide direct feedback to the mentee and demonstrate the appropriate
handling of the instruments, even though the mentor is located remotely. In our
group of studies evaluating similar setups, all reported operations were carried out
successfully by the mentored surgeons without intra-operative complications.
Mentees also reported that they preferred the distant mentoring to on-site
mentoring. In a study by Prince et al. on simulated surgical tasks [26], mentored
surgeons that utilized the telementoring system who allowed for instrument control
by the mentor scored higher on dexterity assessment tests than those who did not.
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Telementoring with the use of Internet connections in surgical specialties, however,
is not limited to the operating room. Authors have reported utilizing telementorship
to organize skill stations, assess the work of mentee surgeons, broadcast live
operations for teaching purposes, teach postgraduate courses, conduct virtual grand
rounds, etc. [45-53,62—65]. In all of these activities, the mentees rated their
experience almost universally positively. A recent endeavor by Greenberg et al. [51]
evaluated a novel surgical skill simulation course that incorporated AR. Post-course
evaluation revealed not only satisfied students, but increased aptitude as well.
Suzuki et al., developed a surgical training system, using software that could provide
an accurate virtual surgical case and robotic controllers that could be connected to
the mentee’s PC for a training session. In addition, the software, in addition to the
patient models, was available as a cloud-based product, meaning that the exact
same simulation can be accessed from anywhere in the world.

Indeed, distance mentoring with the use of the Internet also has certain drawbacks.
Firstly, as it is often underlined by authors, all the systems described here require a
stable, and, in many instances, high-bandwidth Internet connections. This is often an
issue with smaller institutions, or institutions at developing countries. In addition,
many of the systems included here, require much more than a webcam and a
microphone. Complex setups for surgical telementoring often include robotic
systems, expensive software, AR glasses, specialized simulation instruments and
more. All the above can prove to be a substantial cost that reaches prohibitive status
in certain healthcare systems. Trainees that make use of telementoring systems
outside the operating room, have also reported that the experience, although
positive, could never replace their presence within the OR [51]. In several studies,
authors report one or more instance of technical difficulties with the remote
mentoring systems, such as audio or video failure, latency times or interruption of
connections [54]. Seeing that these studies are mostly dated prior to 2015, we can
hypothesize that such difficulties were a result of inferior internet capabilities, an
issue largely resolved in today’s practice, where fast internet speeds are widely
available. Scheduling of the mentoring sessions can also prove to be a minor issue
when the mentor and mentee are in different time zones. However, this is not
something that careful planning cannot address. Lastly, there is also an additional
hindrance mentioned by authors in telementoring and telesurgery. This is none
other than legal considerations that must be addressed. Although not expected to
differ significantly than standard practice, there is still a gap of specific legislation
around telemedicine in general that will need to be filled before telemedicine
services are offered as a standard of care.

Telesurgery is closely related to another relatively recent advancement in the
operating room: robotic surgery. In fact, robotic surgery (the next logical step to
laparoscopic surgery) was crucial in planting the idea that if a surgeon can command
a machine and perform a procedure from a few meters away, why not apply the
same principle in larger distances, perhaps even transatlantic ones. In theory, by
utilizing a complex internetworked system of cameras, video streaming, feedback
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data and data processing and transmission devices, the remotely situated surgeon is
able to operate the robotic surgery system and provide real-life, quality surgical
outcomes. In this scenario, the loT concept is mainly applied in the collection,
transmission and exploration of the collected data, as well as within the bidirectional
transmission of signals. The data processed and transmitted include audio, video,
and images. In some experimental systems, where remote control of robotic surgery
modalities is involved, the data also include feedback related to the positioning of
the robotic arms, the surgeon’s hand positioning and movement. The major
impending factor in achieving this, however, was none other than the delay, caused
by relaying large amounts of data in a wireless manner over large distances. The first
recorded instance of a long-distance surgical procedure was an experimental
cholecystectomy performed by the team of Marescaux et al. on swine specimens
[52]. In their experimental study, all operations were successful, and the measured
latency between the command given by the remotely located surgeon, and the
observed response was 155 ms, indicating future perspectives where such surgeries
might be part of the everyday practice. The first validation that performing surgical
procedures from a distance was feasible and safe came in 2002 from the same
research team [90] that performed the first ever cholecystectomy on a real patient,
utilizing a robot that was controlled overseas.

Since then, the telesurgery concept has come a long way, with one major milestone
being added recently, namely, the incorporation of 5th generation mobile networks
in surgical practice. Study groups evaluating the feasibility of remote-controlled
robotic surgery systems have found that it is a realistic option for performing surgical
operations, with no additional risk for the patient and comparable surgical outcomes
[54-65]. The feasibility of remote surgery application is such that surgical teams
have achieved successful operations with optimal postoperative results from a
remote site of more than 3000 km away from the primary site where the operating
suite is located. This means that patients are now able to receive specialized surgery
without having to relocate to a specialized surgical center. Utilization of high-speed
internet connections is usually in the form of fiber optic connections, or more
recently 5G mobile networks, and allow minimal latency within surgical practice,
meaning increased safety for the patient as the operator is confident of their
movements within the surgical field [51. Within the included studies, all of the
authors report no intra-operative complications, in addition to no further time
delays of the surgery. Therefore, we can only expect for direct telesurgery with
remote handling of surgical robots to be further expanded in the future, making
surgical care available for less developed areas in a safe and highly efficient manner,
comparable to live surgery. However, before widespread implementation, key issues
of telesurgical systems need to be addressed [53—62]. These include further
limitation of latency between stations, addressing safety concerns regarding cyber
security, as well as the newfound liability due to medical damage caused by remotely
operated robotic surgery systems. Financial imbalances between populations and
countries are perhaps the greatest obstacle to the popularization of long-distance
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surgery. However, as the years progress, the availability of stable and fast Internet
connections is on the rise and the costs of medical infrastructure, while substantial,
can be surpassed by the cost-effectiveness of such advances [60].

Authors have also compared the different options of Internet connections that were
applied to telesurgical procedures, namely, land cable connection with satellite
connection. No differences in operative parameters such as blood loss or total
operational time were found, and the participants felt equally confident with both
modalities. In one study, the satellite Internet connection produced significantly
greater latency times between the operator and the surgical robot; however, they
were not sufficient to constitute the operation as unsafe.

Table 2: Studies evaluating the 10T in Telesurgery or Surgical Telementoring

Studies Type of Evaluated No of Proposed Limitations
Evaluating  Study approaches  Participa Advantages
the IloT in — Connected nts
Telesurgery loT entities
or Surgical
Telementor
ing
Patel et al Study on Surgical 21 The system The
(2021) Trainees Training Students was  easily mentoring
Tasks  with understood laptop and
the aid of by students. the robotic
webcam- High system's
delivered satisfaction screen
mentorship.— scores when meant that
Connected grading the the
Mentors, teaching participant
Mentees and system. No had to avert
Presentation problems their gaze.
Tools with Some
audio/video  instances of
feed. video quality
temporarily
dropping.
Morohasi et Simulation Evaluation of 12 The recorded -
al (2021) of Surgical the Surgeons delays were
Tasks connection minimal, and

between 2
hospitals in a
distance of
150km  was

were not
expected to
have any
impact on
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tested.— real-life
Connected scenarios.
Surgeon to
Surgical
Robot
Chu et al Feasibility Remotely- 3 Swine Surgeries
(2021) Study on controlled Patient carried out
Animal robotic Models successfully.
Models surgery No
system. postoperativ
Connection e
between complication
operator s. Critical
station and structures
the were easily
controlling identified
terminal was and
achieved preserved.
utilizing the Delay
5G wireless recorded at
network - 250ms.
Connected
Surgeon to
Surgical
Robot
Huang et al Develome Augmented - User-friendly

(2021) nt of
Prototype
System

reality was
utilized to
superimpose
preoperative
3D models of
the  target
organ. The
augmented
reality
overlay, was
transmitted
over the live
feed of the
camera, to a
remote
operator
location -

system.
Potential for
reduction of
surgical
times.
Potential for
similar
accuracy as
conventional
methods.
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Connected
Preoperative
Imaging,
Remote
Surgeon and
Surgical
Robot
Sachdeva et Develome A novel - System was System lacks
al (2020) nt of approach for accurate in depth
Prototype tracking the perceiving perception.
Model robotic tools the
in positioning
telesurgery, of the arms.
with the aid Total latency
of a deep time was 299
learning ms. Can
neural further
network that lessen
allowed for latency times
optical in
rather than telesurgery,
sensory to include
recognition — areas  with
Connected lower
Tracking internet
Sensors  to speeds.
Data
Collection
Module
Wirz et al Feasibility Telesurgery - No Concerns
(2015) Study approach for additional over
the removal surgical sterilization
of pituitary times, low of the
tumors over observed equipment
a distance of latency at required.
800km - 10,37ms.
Connected
Surgeon to
Surgical
Robot
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Zheng et al Clinical Integration 4 Patients All surgeries Need for

(2020)% Study of the 5G were further,
network on completed larger
the successfully.  studies on
telesurgical No humans.
approach of postoperativ  Surgical
laparoscopic e systems
surgical complication need to be
procedures. s.  Minimal more
Distance blood loss compact to
between was facilitate
centers was recorded. telesurgery.
at 3000 km — Latency of Gaps in
Connected 264ms  did medical laws
Surgeon to not interfere need to be
Surgical with the addressed.
Robot procedures.

Glenn et al Survey A survey 159 The vast Financial

(2016)3 among rural Surgeons majority of concerns
surgeons, to surgeons were
determine reported common
views on that they among
telementorin viewed surgeons.
g, via high telementorin  Unavailabilit
speed g as a vy of reliable
internet positive internet
connections addition to connection
— Connected their surgical was raised as
Mentors, practice. an issue.
Mentees and High interest Lack of
Presentation was investments
Tools recorded for in

live-feed specialized

intraoperativ
e

telementorin
g, as well as
for trauma
consultation.

telementorin
g systems.
Legal
consideratio
ns.
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Agrawal et Study on Several 38 90% of the Concerns
al (2014) Trainees teaching Surgeons  participants  over
methods found  the whether
were done in implementat tele-
a  distance ion helpful in consultation
learning knowledge would be
fashion transmission. viable in
utilizing low-resource
internet settings.
connection.—
Connected
Mentors,
Mentees and
Presentation
Tools
Lenihan et Clinical Use of 28 All surgeons Some
al (2011) Study internet Patients found the problems
connection, proctoring with
in order for a extremely intraoperativ
distant helpful in e audio
surgeon to bettering transmission
observe and their
proctor technique.
trainees on a Costs were
robotic avoided, as
surgery live
system - mentorship
Connected would have
Surgeon to been
Surgical expensive.
Robot No change in
surgical
outcomes.
Park et al System Developmen - The system Some delays
(2012) Developm t of a setup were
ent telesurgical allowed for recorded.
robotic feasibility in
system. real-life use.
Incorporates
connection

of operator
to robot, via
the Internet
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— Connected
Surgeon to
Surgical
Robot

DeKastle Study on Application 60 The Many
(2009) Trainees of the Students interactive students
broadcast of lesson, was pointed out
a live-feed deemed that this
surgical influential experience
operation to for the did not
nursing choice of substitute
students, future being taught
with career. within  the
simultaneous Almost all of operating
on-site the trainees, room itself.
teaching - found the
Connected live feed
Mentors, video helpful
Mentees and in their
Presentation development
Tools
Prince et al System Developmen 14 The mentor -
(2018) Developm t of a system Trainees  could
ent for assume
telementors control of
hip  during the trainee's
live system.
laparoscopic Instrument
surgery.— movement
Connected of the
Mentors, mentor
Mentees and could be

Presentation
Tools

replayed for
the mentee.
The system
can compare
performance
s and
provide

feedback to
the mentee.
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The trainees
that used the
system,
scored
higher on
the dexterity
assessment
than those
who did not.

Acemoglu Feasibility  Application - The surgeon -
et al (2020)  Study of a 5G- reported
based confident
telesurgery control of all
system, with instruments.
a robotic The
surgery operations
interface.— were
Connected successful.
Surgeon to Maximum
Surgical delay  was
Robot 140ms.
Tian et al Clinical Application 12 All Surgeons
(2020)%4 Study of a 5G- Patients operations must be
based were carried trained in
telesurgery out robotic
system, with successfully.  surgery.

a robotic
surgery
interface. -
Connected
Surgeon to
Surgical
Robot

No
postoperativ
e
complication
S were
recorded.
Accuracy
was optimal.

Telesurgery
is not yet

tried in
complex and
difficult
cases.
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Hinata et al Clinical Comparison 30 The Requires
(2014) Study of Patients  telementorin reliable and
telementorin g system was fast internet
g versus live- reliable, with connection.
mentoring in no
robotic interruptions
surgery - of audio or
Connected video
Mentors, recorded. All
Mentees and postoperativ
Presentation e
Tools measuremen
ts of the
patients,
were
comparable
between the
two groups.
Safier et al Study on Evaluation of 21 Significant -
(2015) Trainees a remote Trainees  positive
monitoring feedback
and from
supervision residents.
system by Trainees
surgical reported
trainees  — comfort with
Connected no negative
Mentors, impact on
Mentees and patient
Presentation safety. All of
Tools them felt
comfortable
proceeding
without live
supervision.
Shin et al Study on Comparison 55 Mentors 17% of the
(2014) Trainees of live Patients chose wireless
operationg remote over telementorin
room (OR) on-site g  sessions
mentoring, mentoring. were
with Skill interrupted
telementorin assessment  due to
g practices — scores were connection
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Connected similar in the issues.
Mentors, two groups.
Mentees and
Presentation
Tools
Din et al Clinical Evaluation of 3 Both the -
(2021) Study a Surgeons  surgeons and
telementorin the proctor
g platform evaluated
for  corneal the
eye surgery. experience
The platform as extremely
utilized 5G positive and
network, to helpful. No
transmit technical
video to a issues were
distant recorded.
experienced
surgeon—
Connected
Mentors,
Mentees and
Presentation
Tools
Schalachta Clinical Telementore 20 The long- -
etal (2010)  Study d Patients distance
laparoscopic mentoring
surgery, with had a
the wuse of positive
the Internet effect on
for video and surgical
audio times.
transmission
— Connected
Mentors,
Mentees and
Presentation
Tools
Rojas- System An AR - First -
Munoz et al Developm telementorin responders
(2020) ent g system, trained with

where a

the system,

AtAdwuatikn AtatptBri MM péow Epevvac « Evpun Suothuata MAnpogopikric» tou 8

poutntr ®PANTSESK MOYAITA



[TANEITIZTHMIO

&5 AITAIOY

Francesk Mulita

Image Processing and Deep learning for Colorectal Cancer Diagnosis

distant
experienced
surgeon
could view a
live feed of
an operating
view, and in
turn  could
provide
instructions.
— Connected
Mentors,
Mentees and
Presentation
Tools

scored

higher in
surgical skills
evaluationsa
nd
demonstrate
d safer
techniques.

Liu et al System
(2021)%° Developm

ent

An AR
telementorin
g system,
where a
distant
experienced
surgeon
could view a
live feed of
an operating
view, and in
turn  could
provide
instructions.
— Connected
Mentors,
Mentees and
Presentation
Tools

The trainee, -
could
accurately
replicate the
mentor's

hand
motionsand
succeeded in

a mock
procedure.
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Altieri et al Study on Randomized 65 Post-course  Costs of such
(2020) Trainees Clinical Trial, Trainees assessment  events might
comparing was similar be higher
the live between the when
teaching of two groups. telementorin
surgical Long-term g is used.
energy performance
devises use, decline was
with the non-inferior
correspondin in the
g telementore
telementore d group.
d teaching —
Connected
Mentors,
Mentees and
Presentation
Tools
Tel et al Study on Surgical 90 Satisfaction
(2020) Trainees procedures Trainees  index of 90%
were was
broadcast achieved. No
live for quality losses
surgical in image
trainees at a were noted.

distance. The
broadcast
was
projected on
an
interactive
whiteboard,
where
participants
could use
their smart
devices, to
annotate
during
surgery
Connected
Mentors,
Mentees and

the
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Presentation
Tools

Rojas- An AR 20 The study -
Munoz et al telementorin  Trainees  group
(2020) g system, assigned to
where a the
distant telementorin
experienced g system,
surgeon achieved
could view a higher
live feed of procedure-
an operating related
view, and in scores, and
turn  could were prone
provide to less
instructions. errors.
— Connected
Mentors,
Mentees and
Presentation
Tools
Rojas- An AR 20 The study The
Munoz et al telementorin  Trainees  group telementorin
(2020 g system, assigned to g group,
where a the required
distant telementorin  more
experienced g system, guidance
surgeon achieved time on
could view a higher average.
live feed of procedure-
an operating related

view, and in
turn  could
provide

instructions.
— Connected
Mentors,

Mentees and
Presentation

scores, and
were prone
to less
errors.

participants
with  fewer
experience,
performed
better when

AutAwpoatikn Atatpi8n NMMZ uéow Epeuvac «Eupun Suotiuata [TAnpo@opLkic» Tou 1

poutntr ®PANTSESK MOYAITA



[TANEITIZTHMIO

) AITAIOY

Image Processing and Deep learning for Colorectal Cancer Diagnosis

Francesk Mulita

Tools trained using
the AR
system.
Lacy et al Clinical The 2 Patients The mentees Not enough
(2019) Study mentored rated with datain order
surgical team an almost to
was perfect systematicall
monitored score, both vy allow for
with cameras the image pure
and transmission telesurgical
microphones and the procedures.
, that mentoring Surgeon
transmitted quality. Both experience is
data via a 5G surgeries connected
network, The were with the
mentor also completed feasibility of
received live without the method.
image feed complication
of the S.
laparoscope

and provided
live feedback
and
annotated
guidance -
Connected
Mentors,
Mentees,
Smart
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Devices and

Surgical
Tools
Netzer et al Study on Comparison 33 The Performance
(2019) Trainees of Trainees  telementore of
telementorin d group, was thoracocent
g  support, significantly  esis took
with no more longer in the
support in efficient in telementore
BLS- diagnosing d group.
instructed and treating
military pneumothor
medics - ax.
Connected
Mentors,
Mentees and
Presentation
Tools
Mitsuno et Feasibility An AR 1Trainee Successful -
al (2019) Study telementorin completion
g system, of operation.
where a High
distant satisfaction
experienced reported
surgeon from trainer
could view a and trainee.

live feed of
an operating
view, and in
turn  could
provide
instructions.
— Connected
Mentors,
Mentees and
Presentation
Tools
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Andersen et Study on An AR 10 Participants  Variability in
al (2019) Trainees telementorin  Trainees in the patients,
g system, telementorin make  pre-
where a g group, recorded
distant achieved operations
experienced higher less reliable.
surgeon operative
could view a scores, and
live feed of less surgical
an operating times.
view, and in
turn  could
provide
instructions.
— Connected
Mentors,
Mentees and
Presentation
Tools
Kirkpatrick  Study on Comparison 7 More people -
et al Trainees of Trainees in the
(2019)%8 telementorin telementore
g  support, d group were
with no able to
support  in perform the
BLS- task. The
instructed mentors
military reported
medics - high
Connected satisfaction
Mentors, rates.
Mentees and
Presentation
Tools
Rojas- Study on Comparison 20 The AR Trainees
Munoz et al Trainees of AR Trainees  system with simple
(2019) telementorin resulted in telementorin
g methods less errors, g achieved
with  simple and less less surgical
audio and shifts from times.
video the target
telementorin position.

g f—
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Connected
Mentors,
Mentees and
Presentation
Tools

Dawe et al Study on Evaluation of 4 All -
(2018) Trainees telementorin  Trainees  participants
g, in non- were
medical successful in
participants the tasks at
in hand.
performance Participants
of  surgical felt that
tasks - telementorin
Connected g enhanced
Mentors, their
Mentees and capabilities.
Presentation
Tools
Talbot et al Study on An AR 4 Out of 16 Drops in
(2018) Trainees telementorin  Trainees  simulated bandwidth
g system, fasciotomies, caused
where a 14 were blurred
distant successful. videos at
experienced several
surgeon instances.

could view a
live feed of
an operating
view, and in
turn  could
provide
instructions.
— Connected
Mentors,
Mentees and
Presentation
Tools
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Pia Poretta Clinical Comparison 49 No Re-operation
etal (2017)  Study of a remote Patients differences rates were
telementorin in lower when
g  protocol postoperativ  telementorin
was e outcomes. g was not
evaluated implemente
with on-site d.
mentoring —
Connected
Mentors,
Mentees and
Presentation
Tools
Nguen et al Study on Evaluation of 15 The overall Scheduling
(2018) Trainees a Trainees  experience limitations
telementorin of the between
g system that mentors and mentors and
utilized the mentees mentees.
audiovisual was rated at
information, the highest
to assist in level. All
sleeve operations
gastrectomy were
surgery - successful
Connected
Mentors,
Mentees,
Smart
Devices and
Surgical
Tools
Moore et al Study on After 18 Feasibility of -
(2017) Trainees receiving Trainees  asynchronou
training on S
operative telementorin
techniques, g.
novice
surgeons
submitted
online videos
of their

operations in
order to be
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assessed —
Connected
Mentors,
Mentees and
Presentation

Tools
Anderson et Study on An AR 20 Increased High
al (2017) Trainees telementorin  Trainees  focus bandwidth
g system, through the required.
where a integration
distant of mentors’
experienced commentary,
surgeon and no need
could view a for attention
live feed of shift.
an operating
view, and
provide
instructions
by drawings
that were
superimpose
d on the
operators’
field of view.
— Connected
Mentors,
Mentees and
Presentation
Tools
Snyderman  Study on Evaluation of 10 Adequate -
et al (2016) Trainees a Patients audio and
telementorin video
g system that connection
utilized was
audiovisual maintained
information, throughout.
to assist in Mentees
endoscopic rated the
endonasal experience
surgery - with a
Connected perfect
Mentors,
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Mentees and score.
Presentation
Tools

Andersen et Study on An AR 20 The AR Trainees

al (2016) Trainees telementorin  Trainees  system with simple
g system, resulted in telementorin
where a less errors, g achieved
distant and less less surgical
experienced shifts from times.
surgeon the target
could view a position.
live feed of
an operating
view, and
provide
instructions
by drawings
that were
superimpose
d on the
operators’
field of view.
— Connected
Mentors,
Mentees and
Presentation
Tools

Kirkpatrick  Study on Comparison 12 Mentees Significantly

et al (2015) Trainees of a remote Trainees reported more
telementorin increased simulated
g  protocol self- blood loss,
was confidence. occurred
evaluated with the
with on-site remote
mentoring — telementorin
Connected g group.
Mentors, Telementori
Mentees and ng group,

also utilized
more
surgical
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resources.

Fuertes- Clinical Evaluation of 20 Telementori -

Guiro et al Study a Trainees ng of

(2016) telementorin surgeons
g system that resulted in
utilized shorter
audiovisual hospital
information, stays,
to assist in shorter
bariatric operative
surgery - times and
Connected less
Mentors, complication
Mentees and S.
Presentation
Tools

Forgione et Clinical After 2 Patients Successful -

al (2015) Study receiving completion
training on of both
operative operations.
techniques, a The same
novice surgeon
surgeon continued to
performed 2 operate
operations in without the
a remote need for
area, with further
telementorin guidance.

g assistance
— Connected
Mentors,
Mentees and
Presentation
Tools
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Artsen et al Clinical Evaluation of 7 Patients All -
(2021) Study a participants
telementorin reported
g system that high
utilized satisfaction
audiovisual with the
information, application.
to assist in Surgical
gynecological times were
surgery - shorter
Connected compared to
Mentors, live
Mentees and mentoring.
Presentation No
Tools difference in
complication
rates.
Shabir et al System Developmen - The mentee -
(2021) Developm t of a was able to
ent telementorin see and
g system, replicate the
which tool
includes the movements,
superimposit without the
ion of virtual mentor
laparoscopic having to use
tools actual
controlled by surgical tools
the remote on a patient.
mentor—
Connected
Mentors,

Mentees and
Presentation

Tools
Greenberg  Study on At home 14 All Most of the
etal (2021) Trainees surgical skills Trainees  participants  trainees
course. were reported
Utilization of eventually logistic
a virtual able to issues with
mentoring participate in the course.
platform. the course. Cost of the
The mentor Post-course course
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used live
video feed
and AR

interface to
annotate and
guide the
mentee -
Connected
Mentors,
Mentees and
Presentation
Tools

evaluation
showed a
high
satisfaction
rate.

increased

significantly.
Coordination
was an issue.

TrujiloLoliet Study on At home 40 A notable -
al (2021) Trainees surgical skills Trainees  increase in
course. skill was
Utilization of noted after
a video call the course.
platform - Relatively
Connected low cost of
Mentors, the system.
Mentees and
Presentation
Tools
Yanni et al System Utilization of - Intraoperativ -
(2020) Developm an loT sensor e monitoring
ent network for of basic
intraoperativ patient
e monitoring parameters

of the
surgical
patient.—
Connected
Mentors,
Mentees and
Monitoring
Sensors

is expected
to better the
outcomes of
telesurgery
and
telementorin

g Potential
to include
more

sensors for
other
biological
parameters.
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2.3.2 Image-Guided Surgery in the loT Era

The basic principle of Image-Guided Surgery (IGS) is constituted by the utilization of
a tracking device, alongside pre or even intra-operative imaging, to aid the surgeon
in the spatial orientation during a surgical process. (Supplemental Table S1). Authors
of relevant publications have used loT networks to incorporate patient imaging, as
well as preoperative planning, into the operating room.

The network-based sharing of data and the creation of a workflow through
sequential data appraisals and data provision towards the next component makes
IGS a prime example of an loT application in surgery. An IGS system built around the
loT approach usually consists of input of preoperative imaging data of the surgical
patient. These data are then used to make reconstructed models of the anatomical
area of interest. Such models are then transmitted wirelessly to a modality of choice,
ranging from augmented reality (AR) glasses to the viewing screen of a surgical robot
[54-59]. A simplified schematic illustrating the workflow of these systems can be
seen in Figure 2., encompassing the idea of the 10T concept defined as a network of
inter-connected devices that process and exchange data.

Current literature in IGS is heavily referred to as advances in the neurosurgical field.
In this aspect, Internet-based IGS has a lot to offer by incorporating data from
various sources and making them available to the surgeon in real-time. Augmented
reality systems make use of the Internet to transmit preoperative renderings and
patient imaging after registering these data with on-site patient images onto
specialized smart glasses [54,55,60]. Coupling preoperative patient imaging with the
image-guided system usually involves using certain sensors for the tracking of
specific markers within the patient [55]. Studies on real-time surgery indicate that
IGS has been very helpful in the identification and preservation of vital structures
[58,59,61]. Almost all of the reports included here report that AR imaging systems
allowed the preservation of vital structures in real-life patients [60—64], significant
accuracy when utilized to assist in biopsies or electrode insertion [54-59] and real-
time compensation for brain shift during neurological surgery [54], a novelty not
achievable otherwise. In a study by Watanabe et al. [60], the intra-operative tablet
devices, used to provide live camera views of the surgical field were also tracked in
space by an overhead multi-angle camera system and special tracking spheres [60—
64]. Internet use within the surgical suit enabled authors to utilize pre- and intra-
operative patient imaging to create a live overlay of anatomical areas of interest
(such as tumors or sensitive nearby structures) by connecting the preoperative
image repository with an image processing software that returned the final image
data either to a monitor or another specialized apparatus (e.g., smart glasses) [59].

Eftekhar et al. [63] took the AR integration within the surgical suite a step further by
introducing a lesion-tracking smartphone app for mobile phones. The software will
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utilize the smartphone’s camera to register anatomic landmarks of the patent’s head
surface that will be used to align the postoperative imaging with the live image.
Therefore, we can see that the Internet can be used, not only as a “data highway”
for short-term data handling, but as a connection to large servers, allowing direct
access to a repository of patient data.

Related work by Guo et al. [20] and Li et al. [66] describe the integration of surgical
robots within IGS systems. The coupling between the intra-operative MRI imaging,
the surgical robot, the central processing unit and the end-display of the processed
imaging data is achieved by utilizing wired or wireless Internet connections. Despite
lacking trials on their performance in real-life surgery in humans, it is safe to say that
the Internet in this case, has provided reliable interconnectivity with multiple
appliances at once, and has the potential to become the unseen substrate of modern
neurosurgical breakthroughs.

Ushimaru et al. [17] utilized RFID tracking tags placed on laparoscopic instruments in
order to track usage in general, as well as the activation times of each tool. Data
from the tags were transmitted onto RFID readers within the operating room. The
RFID readers then transmitted the recorded data to specialized computer software
that converted the electrical current readings to “on/off” indications and activation
times. This experimental setup was successful in capturing the usage patterns of
surgical instruments during cholecystectomy. This short proof of concept study
opens the door towards incorporating network-based tracking systems within the
everyday surgical practice that will capture surgical instrument use and possibly aid
the surgeon in spatial navigation. Possible implications of this could include coupling
a similar tracking system with an Al network that can aid in intra-operative, real-time
decision making, or an in-hospital data accumulation system that will be able to
measure surgical performance. A research group was recently able to combine the
tracking of virtual laparoscopic instruments operated by a distant mentoring surgeon
with the live feed image of the laparoscope and the real surgical instruments
operated by a mentee [70]. Meier-Hein et al. also managed to construct a tracking
algorithm for laparoscopic instruments by using sensor data and an Internet-based
integration status. Their system was successful in producing an algorithm that could
automatically detect and accurately annotate the laparoscopic surgical instruments,
as well as their usage status in real-time operations.

On the other hand, the cost of implementation of such technological advances might
prove to be restricting for certain institutions [66—70]. One of the biggest drawbacks
of the systems described in the literature is that the vast majority of them report
small patient cohorts and lack a direct comparison with other, more traditional
surgical methods. Some authors even reported comparable accuracy when they
compared novel IGS systems with their simpler, older counterparts [71]. Other
reports that describe exciting new advances in the field of IGS, with promising results
in simulations of surgical operations, lack a patient application altogether [20,72]. In
that aspect, the precise effect the Internet has had on the evolution of IGS is harder
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to quantify. Still, we cannot deny that advances in the connectivity of devices

achieved by an

internet connection

is a major component towards the

modernization of medicine services in general, and surgery in particular.

Table 3: Studies on Image-Guided Surgery incorporating loT developments

Studies
Evaluating Proposed
Image-Guided Evaluated Method — No of P Limitations of
Type of . Advantages of
Surgery Connected IoST patients I10ST Image-
. . Study . . I0ST Image- .
incorporating entities studied . Guided Surgery
Guided Surgery
IoT
developments
Interactive analysis
of MRI data to
Connected assist.in deeP—brain
Preoperative stimulation. Lack of large
Padilla et al In Silico Tool Ima I;n and Identification of santities i ¢
(2015) Development §Ing an the placement of qua
Intraoperative . patient data
. the microelectrode
Surgical Tools X i
in real-time.
Registration of 3D
brain models.
- Visualization of
Feasibility . . . .
. instrument use in 5 Porcine All surgical
Ushimaru et al study on R K .
. laparoscopic Patient instruments were -
(2019) animal
surgery. — Connected Models tracked accurately.
models .
Surgical Tools
MRI device Able t.o perform in
R confined space,
connected with a
. tests on DBS
surgical robot, both R .
electrode insertion ..
connected to a X Lack of clinical
show optimal .
System central computer . trials for
Guo et al (2018) - accuracy, direct .
Development system - Connected K M evaluation on
R visualization,
Preoperative humans.
. telesurgery, saves
Imaging and R X
. on operating times,
Intraoperative
. as well as on
Surgical Tools .
nursing costs
MRI-guided robotic Interactive updates
system. MRI device of the anatomy,
ted with tability f
connected with a accountability for Lack of clinical
surgical robot - intracranial .
. trials for
. System Connected - structure shift. .
Liet al. (2015) i K evaluation on
Development Preoperative High accuracy,
: . . humans.
Imaging and time efficient when
Intraoperative compared to CT-

Surgical Tools

MRI coupling
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Luis et al (2021)

Extended reality
(XR)system, that
provided VR
preoperative
planning, and AR
intraoperative

Clinical
Study
assistance—
Connected Pre- and
Intra-operative
Imaging

Aided in the
identification of
vital structures,

49 and their
Patients preservation. Real
time functions,
improved spatial
awareness

No comparison
group included
in the study. No
measures of
accuracy or
surgical times.

Ivan et al (2021)

Augmented Reality
glasses, that
incorporated
preoperative MRI
imaging,. Open Site
is used for the
generation of a
holographic surface
through importing of
the MRI imaging
from an online cloud
service — Connected
Pre- and Intra-
operative Imaging

Clinical
Study

Accuracy
improved with
experience. AR

provided real time
information on the
3D imaging of the
tumors. Wireless
application, not
overly costly.

11
Patients

Not significantly
more accurate
than traditional
navigation. The
value of AR
guidance needs
to be evaluated

in larger studies.

Fan et al (2016)

Updated MR
imaging generation
intraoperatively, by

Clinical utilizing

intraoperative
Study P

stereovision images —
Connected Pre- and
Intra-operative
Imaging

Improved accuracy
and alignment,
effective
decompensation
for brain
deformation
during surgery

20
Patients
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CT scans were

No significant

imported in an AR Accuracy increase of
generating 30 significantly accuracy when
Kiarostami et al Pre-Clinical HoloLens, simulated increased for the compared to
(2020) study more traditional
Connected Pre- and attempts . . .
Intra-operative inexperienced surgery, in the
Imaging surgeon. experienced
surgeon.
AR - assisted image Use of a real-life
guided endocranial Easy model-to- tracker was
surgery. The live . necessary.
video was Patlen,t Instances of
System incorporated with ;zizz:[;?:é manual
Huet al (2013) Development preoperative scans,. - equipment recalibration
Includes a live- Expected to l'je were noted, that
tracked marker. — . can cause
Connected Pre- and sulta?le for real- reduction of the
Intra-operative life use. system's
Imaging accuracy.
Integration of a
neuronavigator Anatomical
system, with a 3D Accurate landmarks must
. .. model creation be chosen
Momi et al Clinical L 12 assessment of K
application, . . . carefully in order
(2015) Study . X Patients intraoperative /
intraoperatively— brain shift. to not interfere
Connected Pre- and with the
procedure.

Intra-operative
Imaging
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A system for liver
surgery planning.
Incorporates
preoperative CT
imaging and CT

System angiography.
Luoet al (2016) Development Utilizes 3
interconnected

server systems.—
Connected Pre- and
Intra-operative
Imaging

Successful creation

of 3D model,
including

intrahepatic

vessels. Expected i

to provide
guidance in

hepatectomy.

. Preoperative
imaging data was
incorporated with an
intraoperative
guidance system and
a video capture
Clinical system. The
integrated images
were then projected
through a wireless
cloud system. —
Connected Pre- and
Intra-operative
Imaging

Yoon et al
(2017) Study

No complications
were recorded.

Limited
K Short battery life
obstruction of
. X K of the system.
surgical field view. . .
. Size of display
Voice-controlled .

svstem can be tricky.

Y Method requires

Confirmation of
positioning and
tracking of the
catheter trajectory
in real time.

validation in
larger studies.

Incorporation of a
mobile app, within
IGS for
neurosurgery.
Preoperative
imaging can be
downloaded within
the application.
Overlapping of
preoperative image
on the camera feed—
Connected Pre- and
Intra-operative
Imaging

Clinical
Eftekhar (2016) Stllr::;;

Anatomic
landmarks to be

Availability of
t phones used are often
smat” phones difficult to
Application is free aporeciate
11 of charge. No need PP '
Manual

for head fixation.
No requirement of
training.

adjustment of the
overlay. Limited
number of
patients.
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Watanabe et al
(2016)

Preoperative
imaging utilized to
render 3D models for
the operation.

Clinical Images were

Study Intraoperatively

overlaid in the live
feed of a tablet's, —
Connected Pre- and
Intra-operative
Imaging

Volumetric, three
dimensional
navigation was
possible. No need
to alter the
surgeon's gaze
between field and
screen. No blind
spots in
navigation.

System does not
compensate for
brain shifts
during surgery.
Alag of 0,4
seconds between
the physical
movements of
the tablet, and
the
corresponding
image change

was recorded.

2.3.3 The Role of the loT in Telemonitoring the Surgical Patient

In order to complete our appraisal of the IoT concept in surgical specialties, we
would be remiss if we did not include the potential uses outside the operating room
(Supplemental Table S3). Medical telemonitoring usually consists of a specialized
“smart” device that captures target parameters and transmits them through a
wireless Internet connection, either directly to the referring physician, or to a
centralized repository from which they can be accessed (Figure 3). The role of the
Internet here is more straightforward: instead of being the network substrate that
interconnects a variety of operating stations, data repositories and data processing
modalities, here, it is used as a unidirectional “data highway” that runs towards the
physician. In contrast to previous advances, telemonitoring has been widely
implemented in some healthcare systems.

Within the surgical patient subgroup, there have been a few clinical studies looking
into the applicability of telemonitoring, usually in the postoperative period [15,77—
92] (Supplemental Table S3). Patients enrolled in an at-home monitoring program
after chest wall surgery were also monitored effectively by utilizing the Internet to
input certain parameters in an online platform [77,79] Cardiac surgery patients were
also studied in an 10ST rehabilitation program that included wearable biomedical and
motion tracking sensors [80]. The physician was therefore able to monitor the
patients’ activity levels and their performance in rehabilitation exercises. In a 2021
study by Cos et al., patients scheduled to undergo pancreatic surgery were
monitored preoperatively by using a wearable smart device that was able to record
heart rate, activity status, etc., and through an internet connection, transmit them to
a central server. Not only did patients adhere to this novel concept, but the data that
were automatically collected were of such quality that the research team developed
an accurate predictive model for postoperative outcomes [15]. Biosensor-based
systems are able to wirelessly transmit data on physiological parameters of the
patients in order to assist with postoperative monitoring. Authors have reported the
incorporation of pulse rate, blood pressure and activity tracking sensors as being
successful in monitoring the rehabilitation process of surgical patients [81-89].
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Reported advantages, include successful vital signs readings, short training period of
nurses and patients alike, less unplanned office visits, and predicting unplanned
postoperative complications by indirect monitoring of vital signs [20]. Kim et al.
successfully developed a Doppler cuff that could be remotely monitored, allowing
remote monitoring of the blood flow of skin flaps. This resulted in superior graft
survivability rates [18]. Results such as these are indicative that we have come to a
point at which smart devices with Internet connections can provide fast and accurate
measurements of clinical parameters in a reproducible manner and have the
potential to effectively substitute an in-office visit for routine monitoring. In addition
to the universally observed accuracy of the requested parameter measurements,
distance monitoring saves time for the patient and the physician alike, prevents
missed appointments and is generally preferred by patients [90-92]. When studying
the response of bariatric patients postoperatively, regarding the telemonitoring
process, Vilallonga et al. found that patients themselves would prefer the
telemonitoring option [83].

Postoperative monitoring of physiological parameters with the use of biosensors can
be further expanded to include automated action after the received sensor signal. In
an example by Wang et al. [87], patient-controlled analgesia was administered after
indications from a biosensor feedback system that measured physiological responses
to pain. Postoperative pain and nausea were reduced in the patients treated with
this system. An ostomy alert sensor was developed by the team of Rouholiman et al.
[92] that was capable of alerting nurses, patients, and physicians alike of the content
status of the ostomy.

The vast array of remote monitoring systems described in the literature could very
well be applied to a pre- or post-operative surgical patient, even if there are
currently no studies for this specific cohort of patients. Systems used to monitor
diseases such as heart failure, hypertension, pregnancy-related complications and
more can easily be applied to the surgical patient in the future. A recently developed
smartphone application could aid in the distant monitoring of COPD patients and
could be useful in the detection of acute exacerbations and advise timely
hospitalization [86]. All the above-mentioned modalities for long distance patient
monitoring rely on the Internet for data transmission and could very well see their
way in surgical patient monitoring or consultation in the not-so-distant future.

There are of course some hurdles still left in the way of universal internet-based
patient monitoring. The biggest of which seems to be the reported difficulties elderly
patients have with operating such systems [86—90]. Technological illiteracy is a
persistent issue that seems harder to address than the technicalities of the systems.
Patients of older age, of mental burden and patients without a reliable Internet
connection that is readily accessible are in danger of being left out of such
technological advancements, an observation reported in the majority of clinical
studies. What is more, home-based distance monitoring relies entirely upon the
adherence of the patient in data recording and the use of the instructed devices.
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Table 4:Studies evaluating the loT in Surgical Patient Telemonitoring

Studies Type of Evaluated No of Proposed Limitations
Evaluating  Study Approaches — Participa  Advantages
the loT in Connected nts
Surgical loST entities
Patient
Telemonitor
ing
Omboni et al Clinical An internet- 1200 Most The
(2019) Study based Patients patients requiremen
telemedicine remained t for
platform that consistent additional
allowed for with the oscillometer
the recording study use brought
of blood requirement about some
pressure, s. The in- technical
laboratory office visits difficulties.
results, were
anthropomet reduced.
ric data, as The vast
well as majority of
personal patients
medical were able to
history. A use the
portable platform
oscillometer efficiently.
device  was
coupled with
the platform.
— Connected
Monitoring
Sensors to
Distant
Physician
Wildemeers  Clinical An enhanced 29 Telemonitori Some
ch et al Study recovery Patients ng at home adherence
(2018) programme was difficulties
after  chest achieved at on behalf of
wall surgery, the vast the patients
based around majority of were noted.
patient patients.
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monitoring
and
education—
Connected
Monitoring
Sensors to
Distant
Physician

Msayib et al System A - The system -

(2017) Developm  postoperative is expected

ent , at-home to simplify

monitoring postoperativ
system for e
knee monitoring,
arthroplasty enable
patients.— telemonitori
Connected ng and
Monitoring automate
Sensors to the
Distant postoperativ
Physician e period.

Paysson et al Clinical An Internet 59 Agreement  Patient

(2015) Study based Patients of adherence
system, for spirometry proved to
transmission values was beanissue.
of home- satisfactory,
spirometry between in-
measurement hospital and
s for patients home
post lung measureme
transplantati nts.
on . -
Connected
Monitoring
Sensors to
Distant
Physician
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Jonker et al Clinical Evaluation of 65 Within  the Such

(2020) Study a Patients participants, methods
telemonitorin postoperativ are not
g system for e data were available for
postoperative collected the
patients that with ease. technologic
underwent ally
cancer- illiterate,
related those
surgery. without
Participants internet
utilized a access and
mobile elderly
application patients
connected to with  high
several smart mental
devices that burden.
recorded
postoperative
parameters
— Connected
Monitoring
Sensors to
Distant
Physician

Cos et al Clinical A wearable 54 The It is possible

(2021)3 Study device Patients collected that elderly
connected to data could patients will
the Internet accurately be left out
was used for predict of such
the postoperativ initiatives.
preoperative e outcomes
evaluation of when used
patients for  model
undergoing creation.
pancreatecto Patient
my. - adherence
Connected was
Monitoring excellent.
Sensors to
Distant
Physician
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Cornelis et al Clinical A home- 20 All of the Need for
(2021) Study based Patients patients Internet
exercise adhered to access.
programme the
delivered programme.
through the Near-perfect
Internet with satisfaction
the aid of scores.  All
wearable claudication-
devices,. - related
Connected parameters
Monitoring were
Sensors to improved.
Distant
Physician
Zetterman Clinical Preoperative  No of The majority About 1 in
etal (2011)  Study evaluation of patients of patients 10 patients
patients in a inaccessib preferred would  still
virtual le the virtual to prefer a live
environment . live preoperativ
— Connected evaluation. e
Monitoring No technical assessment.
Sensors to difficulties
Distant were
Physician recorded.
Mullen- Clinical Comparison 361 Teleconsulti -
Fortino et al Study of Patients ng saved
(2019) preoperative time for
assessment in patients and
the form of providers
teleconsultin alike. All of
g, with live the patients
assessment. — were happy
Connected with  their
Monitoring evaluation.

Sensors to
Distant
Physician

There were
no
appointmen
t
cancellation
s in the tele-
evaluation
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group.
Kim et al Clinical A Doppler 18 Real-time -
(2018) Study cuff was Patients monitoring
implanted of the skin
distal to flaps,
blood vessel allowed for
anastomoses, greater
for the survivability
creation  of rates of the
skin  flaps.— grafts. Real
Connected time
Monitoring monitoring
Sensors to was
Distant available
Physician everywhere.
Vilallonga et Clinical Comparison 10 More than Lack of
al (2013) Study of at-home Patients 90% of the Internet
follow-up, patients access and
using the reported Computer
Internet, with high knowledge
standard satisfaction is  limiting
follow-up and availability.
after bariatric positively
surgery. - evaluated
Connected timesaving.
Monitoring
Sensors to
Distant
Physician
Caggianese System A - Long -
et al (2017) Developm rehabilitation distance
ent system  for patient
cardiac monitoring.

surgery
patients.

Input consists
of motion
tracking and

Creation of a
patient data
repository

utilization of

biomedical
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biomedical signals.
sensors
attached to
the patient.—
Connected
Monitoring
Sensors to
Distant
Physician

Wang et al Clinical Comparison 6.191 Moderate or Major

(2020) Study of wireless, Patients Severe pain safety
intelligent was lower concerns
system  for with the Wi- regarding
postoperative PCA group. the nature
PCA with Postoperativ of analgesia
traditional e nausea drugs and
PCA. - was also their
Connected reduced. managemen
Monitoring Coupling the tbyanA.l
Sensors to system with
Distant biosensors
Physician has the

potential to
create  an

A.l.-
controlled
analgesia
delivery
system.
McGillion et Clinical Utilization of 11 Both trained Some
al (2020) Study a biosensor- Patients nurses and patients
based patients experienced
wireless would highly difficulties
system for recommend with using
long-range the system the system.
postoperative after the Practice was
patient trial period. needed
monitoring. — All patients prior to
Connected managed to engagemen
Monitoring connect t.
Sensors to their devices
Distant and obtain
regular vital
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Physician sign
readings.
Rouholiman  System Use of an 20 Anticipated -
et al (2018) Developm ostomy alert Patients to improve
ent sensor that quality of
could life,
measure infection
ostomy rates and
output reduce
connected inpatient
wirelessly to visits.
a smartphone
user
interface. —
Connected
Monitoring
Sensors to
Distant
Physician
Colomina et Clinical Use of an 29 Patients in Need for
al (2021) Study Internet- Patients  the  study patients to
based group had be
preoperative 50% lower technologic
monitoring unplanned ally adept.
platform visits to
coupled with their
an  activity- physician.
tracking
sensor. -
Connected
Monitoring
Sensors to
Distant
Physician
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Holmes et al Assessment 3 Patients The system Need for
(2020) of movement, could simplified
location, and identify data
posture trends in visualization
sensor data sleep for
(transmitted quality, healthcare
over the movementa professional
Internet) nd mobility s.
from of the
postoperative patient.
— Connected
Monitoring
Sensors to
Distant
Physician
Kong et al Remote 24 The system -
(2021) postoperative Patients was able to
patient detect
monitoring, postoperativ
using e
portable complication
wireless s efficiently.
sensors— Medical
Connected staff
Monitoring responsible
Sensors to for system
Distant handling,
Physician reported
excellent
satisfaction
scores.
Ohta et al Development Avoidance
(2015) Developm of an NFC- of  surgical
based procedure in
wireless order to
sensor  that implant an
can be indwelling
swallowed sensor. The
and sensors

magnetically

anchored to
the gastric
wall. Wireless

were able to
successfully
record ECG,
heart rate
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data and gastric
transmission pH in a
is continuous. preliminary
— Connected study.
Monitoring Avoidance
Sensors to of the
Distant inconvenien
Physician ce used by
the
wearable
devices.

2.3.4 Discussing Open Issues and Challenges

The present literature review showcases current uses of the loT paradigm within
surgical practice, mainly by exploring the concept of telesurgery and surgical
telementoring.

Telesurgery and surgical telementoring are undoubtedly the most impressive of the
listed loT applications within the surgical practice. Looking into the included particles
of the presented survey, we can safely say that long-distance surgery on real-life
patients is now feasible, although it seems to be scarcely performed. Authors do not
mention any surgical safety compromises when loT networks were utilized to
perform telesurgery, which is most definitely the first hurdle that a newly emerging
technique must overcome on its way to popularization. However, the most
significant drawback of these applications, is the requirement of fast, stable Internet
connections that will allow minimal latency and data loss. Paradoxically, such
Internet connections may be lacking in the areas that are most in need of
telesurgical and telementoring applications, such as rural and distant institutions
that are not able to provide expert surgical consultations. Popularization of 5th
generation (5G) mobile Internet networks is expected to be a big step towards that
direction that will guarantee minimal latency and maximal connection stability.
Particularly for telesurgical applications, there is also the issue of legal implications,
as is underlined by several authors. The lack of specific legislature regarding long-
distance surgery might prove to be grounds for liability of the providers, which is not
previously described or covered by insurance. Due to the rapid implementation of
such systems that is expected to follow, we must tackle such issues rapidly so that
providers feel confident in partaking in long-distance operations or consultations.
Financial costs are once again a key factor in play here. Teleconsultation or
telementoring might not require much more than an audiovisual connection over
the Internet; however, telesurgery itself requires surgical robots in order to transfer
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the instrument movements as instructed by the surgeon. Once again, these are not
available everywhere on the globe, and rural centers in need of distant expert
consultation are not likely to have robotic surgical systems available. From the
above, it can be concluded that the feasibility and reliability of a new paradigm such
as the |oST in telesurgery are not guarantees for its widespread application. There
are still major logistic problems to overcome before telesurgery becomes part of the
everyday surgical practice. Our research team aims to set up the first surgical
telementoring system in Greece that will begin by providing a real-time audiovisual
connection between an expert and a novice surgeon with live intraoperative
guidance. This system will be evaluated against the traditional live mentoring of
more inexperienced surgeons in order to provide a proof-of-concept. Further steps
within our goals also include the introduction of more surgical centers to the said
system in view of establishing a network of interconnected hospitals that provide
regular surgical consultation over the Internet.

Image-guided surgery is one of the most developed forms of operative strategy due
to the minimization of tissue damage, blood loss, operative hours and postoperative
pain. By making use of serial interconnected data processing modules, researchers
are able to construct loT networks that greatly facilitate image-guidance in surgery.
The real-time integration of preoperative imaging is the main goal in this case. The
tracking of the imaging-specified patient anatomy in real-time surgical operations
has proved highly significant in increasing surgical accuracy, and, in many cases, in
assisting the prevention of accidental tissue damage. Despite encouraging results
from proof-of-concept studies, however, these systems seem to be lacking adequate
investigation in large-scale patient cohorts. As such, it is not safe to state with
confidence that image-guided surgery incorporating the loT paradigm today is widely
accepted for clinical use. Still, we can safely conclude that loT-based tool-tracking
sensors will be proved valuable in the near future, especially for the surgeons that
require maximum precision in instrument or anatomical landmark tracking. A major
advantage of these systems, as already mentioned by a large number of authors, is
the capability of 10ST to account for interpersonal variability in anatomical structures
in a real-time manner. Despite the lack of explicit reference in any of the included
studies, acquisition of the necessary tool-tracking sensors and software is surely
expected to be a major issue for several institutions. Therefore, the scientific
community ought to aim for larger studies on surgical patients that will not only
include image-guidance systems similar to those mentioned here but will randomize
patients between image-guidance systems in order to better delineate the proposed
advantages over older systems.

Long-distance monitoring using 10T is also one of the most common applications in
medicine and healthcare. There is a limited number of articles including
telemonitoring of the surgical patient specifically; however, such systems have
proven their value in patient comfort and effective physiological parameter
monitoring. The major challenge in the widespread implementation of said systems
is the technological literacy of the patient population, as well as its Internet access.
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While improving Internet access is an ongoing global strife, researchers must focus
on constructing adaptable and more intuitive user interfaces of such applications in
order to appeal to older patients not comfortable with the everyday use of
technological applications, wearable sensors and smart devices. Patient adherence is
a challenge within these studies. The popularization of long-distance monitoring, in
addition to patient education for these systems, will assist with the wider adoption
of loT-based monitoring of the surgical patient.

Conclusions

The aim of the present literature review is to collect and analyze the available
knowledge on the most prominent fields that the loT paradigm finds application to
the surgical practice, i.e., the Internet of Surgical Things. Technological advances
allow the incorporation of rendered preoperative data to the live surgical field, the
valuable from-a-distance mentorship of younger from more experienced surgeons,
the realization of a surgical procedure by remotely controlled robots, and the
monitoring of surgical patients without the need for hospital visits. Despite the
availability of reliable and fast Internet being a requirement for the actualization of
these concepts in more areas of the world, the seamless incorporation of “smart”
functions within the surgical world with the aid of the Internet is on a steady route to
becoming a reality towards smarter and more efficient health services.

This study faces certain methodological limitations which arise from the narrative
structure of most of the included literature. To begin with, this is a narrative
systematic review, meaning that there are no statistical deductions to be made or
pre-specified comparisons between different methodological approaches. The 10ST is
a concept, rather than a method, and therefore tangible comparisons can only be
made in very specific applications. Current literature on 10ST is lacking in
comparative studies that produce results one can use to reach safe conclusions.
Despite adhering to specific selection criteria, our study selection process was
amenable to an unavoidable degree of bias, arising mainly from the lack of specific
clinical applications in many of the screened publications. Finally, our inclusion of
feasibility and animal model studies needs to be interpreted as a showcase of
potential future applications, rather than everyday uses of the 10ST concept. The
review’s findings can be summarized, per the research question, in the following
paragraphs.

Telesurgical applications are undoubtedly the primary example of 10ST systems.
Their validity has been repeatedly evaluated over the years and the literature reveals
that telesurgical networks are routinely incorporated in many surgical centers.
Within such systems, there is a wide adoption of sensorial arrays that transmit data
to distant locations. Telementoring is an even more inclusive concept in surgical
education. Evaluation of distant teaching in surgery has revealed that it is a viable
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alternative to traditional teaching, which is at times preferred over in-person
assistance. Recent literature also points out the incorporation of 5th generation
cellular networks that are able to effectively eradicate latency times and connectivity
issues.

[0ST in image-guided surgery is currently an “under development” application that
has produced tangible results in only a few clinical studies. Intraoperative use of 10ST
networks mainly focuses on superimposing preoperative imaging on live surgical
camera feeds to assist surgeons in precision-requiring tasks. Despite being
investigated mainly in neurosurgical procedures, these networks are predominantly
software-dependent, thus making it possible to also be incorporated in more
procedures in the years to come.

Patient telemonitoring involves the utilization of network-connected biosensors that
track physiological patient parameters that are observed by a distant physician. Such
sensorial ecosystems seem to be highly successful at detecting specified cutoff
points and providing alerts to the physicians. Additionally, such systems can shorten
hospital stays and lessen routine in-office patient visits, without compromising
patient safety. Lastly, telemonitoring has relatively few requirements, considering
the availability of biosensors in everyday technological products and “smart”
wearable devices.

2.4 The role of deep learning in diagnosing colorectal cancer

Introduction

The colon is one of the most commonly affected by malignancy organs. In particular,
colon cancer is the third most common malignancy in both men and women [93-97].
Since 2020 there are approximately 2 million new cases diagnosed on an annual
basis, and despite the existing advanced screening tests, colorectal cancer (CRC) is
the second most common cause of death by cancer worldwide with approximately 1
million deaths on a global scale [98,99]. Unfortunately, according to the International
Agency for Research on Cancer and the World Health Organization, the overall
burden of CRC between 2020 and 2040 is expected to increase by about 56% and the
annual number of associated deaths by about 69% [98]. Furthermore, while it was
thought to affect most countries that have adopted a western- type lifestyle, new
studies suggest that CRC is an emerging public health issue even in other parts of the
world, such as sub-Saharan Africa [100]. Therefore, early diagnosis and receiving
proper treatment are necessary for preventing deaths caused by CRC. Artificial
intelligence (Al), and its’ subtype called “deep learning (DL) in particular, is one of
the newest tools for achieving this goal [101-103].

The term Al in general refers to all technological applications that under ordinary
circumstances require human skills, such as decision-making and visual perception
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[104—-106]. DL is a subfield of Al, and its’ function is inspired by the function of the
actual animal nervous system: Artificial neurons are trained to find patterns in a
limited amount of data, in order to progressively extract higher-level features from
them, such as histologic images diagnosis and classification. Al and DL have been
massively adopted over the years in medicine, in order to assist and/ or add
precision to diagnosis, patient stratification, drug discovery, and biomedical research
in general [104-106]. Diagnosing CRC could not make an exception to this rule [95,
107, 108]. In fact, the increasing interest concerning the use of DL in an attempt to
diagnose CRC is reflected in a parallel increase in the number of published research
regarding this issue. For instance, although the first paper on applying DL to CRC
management appeared on the search engine PubMed in 2015, there was a
significant rise in published articles: From 1 in 2015 to 3 in 2016, 5 in 2017, to 57 in
2021, and 51in 2022.

DL has been incorporated in all diagnostic processes regarding CRC, from
histopathological classification and endoscopic tumor identification to radiological
diagnosis through CT scans and CT colonoscopy, and further serological screening
tests. This review aims to summarize the achievements of DL application in
diagnosing CRC and discuss practical benefits along with eventual drawbacks of
applying such technology to CRC diagnosis.

2.4.1 Deep Learning and histopathological diagnosis of CRC

Pathology was among the first subfields of medicine to embrace Al to its benefit.
Therefore, making a CRC diagnosis out of histological examination would make no
exception to this rule. According to current diagnostic guidelines, histologic samples
are required to be examined by pathologists in order to precisely diagnose the
presence of malignancy and identify the exact histologic type and grade of the
histologic lesion that is under investigation [95, 109, 110]. The usual protocol
requires the application of a special stain onto the tissue samples, most commonly
used hematoxylin and eosin (H&E) before microscopic examination. However, both
tissue sample preparation and microscopic examination can be quite tedious and
time-consuming [102, 111-113]. Moreover, the diagnostic verdict made by
pathologists may have significant variability among different examiners [114]. Aiming
toward quicker and more precise diagnosis, DL can assist in the pathologic
identification of CRC in various ways.

The vast majority of studies regarding the diagnosis of CRC with assistance by DL
have been conducted through convolutional neural networks (CNN), a form of
supervised DL with multiple layers of artificial neurons, in which, each “neuron” of
one layer is connected directly with all neurons of the upper layer. To achieve
diagnosis it is necessary to train a CNN to identify the presence of malignant tissue.
The result would be either diagnosing cancer or not, or diagnosing and determining
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the exact type of CRC t once [115-117]. Either way, two training strategies have
been proposed, all with reported sensitivity over 90% [111, 117, 118]: training the
CNN with manually selected pre-annotated images extracted from parts of
pathology slides ( whole slide images — WSI) with previously diagnosed CRC or with a
minimum load of information from annotated WSI, since current data from WSI
appear to be relatively limited and because manual pre- annotation and selection of
pathologic areas (either randomly or intentionally selected sub-regions) in WSI can
be extremely time-consuming as the traditional pathological examination, as a whole
[112,113, 115, 119, 120]. Surveys on both tactics have reported an accuracy of up to
96% [112, 118, 119]. Overall, depending on the dataset of reference, DL has been
reported to achieve up to 99.12% sensitivity in diagnosing DL [102, 115, 120].
Interestingly, apart from the extensively researched supervised CNN, Sari et al
proposed in 2019 a totally semi-supervised DL strategy for unsupervised final feature
extraction from WSI of pathology slides, reporting sensitivity levels non-inferior to
supervised CNN [121]. Further research could yield interesting further data regarding
this DL alternative.

However, apart from mere diagnosing CRC from WSI, DL has enabled the extraction
of more diagnostically valuable features from histologic slides. First of all, diagnostic
protocols with the assistance of DL have been proposed in order to directly predict
directly, and without any further testing and/or staining resulting in time waste,
from the H&E slides the underlying molecular status of CRC, something that is crucial
for the optimal treatment selection based on accurate patient-stratification and the
determination of the overall prognosis of a patient at the exact time of the primary
diagnosis of CRC [122, 123]. Therefore, thanks to DL it is feasible to detect if the
underlying CRC is related to K-RAS, TP53, and BRAF mutations and define the CRC
subtype based on the underlying gene expression profile with the reported area
under the receiver operating characteristics (AUROC) from 0.73 to 0.86 depending
on each tested mutation, directing clinicians early to the appropriate treatment and
follow-up options, even if testing for those mutations is not available at their existing
laboratories and hospitals [124-127]. Furthermore, DL has been used to successfully
test WSI for microsatellite instability (a status of genetic hypermutation due to
severe DNA repair mismatch, that requires administration of immunotherapy as a
first-line treatment option), without further preparations on H&E stained slides, with
a reported AUROC of up to 0.865 and sensitivity up to 76%, exceeding the AUROC
and sensitivity of the control group consisted by experienced pathologists [128-132].
What is more, DL via CNN has been proven efficient in extracting further information
regarding the cellular characteristics of CRC and spatial features regarding the
tumor’s microenvironment, such as the stroma-tumor ratio, the presence and/or the
type of white blood cells infiltrating the peritumoral region, avoiding the into
observational variability. For this purpose, in order to avoid artifacts caused by the
H&E staining, according to various researchers infrared microscopy could be a non-
inferior alternative; infrared microscopy could enhance details regarding the
molecular background of the existing CRC and information concerning the spatial
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features of the tumor [133-136]. For this purpose, both direct infrared microscopic
observation of H&E slides or image editing through Fourier- transformation have
yielded quite promising outcomes, reporting an AUROC up to 0.83 and sensitivity
ranging from 69% to 83% depending on the tumor grade [114]. Taking advantage of
the data derived from the intervention of DL in extracting data associated with the
tumor architecture, such as the characteristics of the submucosal adipose tissue,
could also provide estimations regarding patient survival; in 2021 Wulczyn et al
developed a DL protocol able to predict patient survival with an accuracy up to 87-
95.5% [137-139].

Finally, DL has enabled the estimation of the possibility of distant lymph node
metastasis directly from WSI; Schiele et al in 2021 reported a CNN architecture using
binary images from H&E slides and clinical data from patients with metastasized CC,
achieving a sensitivity of about 75.6% in successfully predicting metastatic disease
[140]. Interestingly, one year before Tsirikoglou et al reported that it is also feasible
to detect lymph node metastases in CRC with minimal or absolutely no clinical data
of metastasis, only by taking advantage of the histological characteristics of the
pathologic sample [141]. Further research could provide a deeper insight into
metastasis prediction of CRC in the future. Overall, the interference of DL and CNN in
examining pathology slides has transformed CRC diagnostics.

2.4.2 Deep Learning and endoscopic diagnosis of CRC

In order to obtain a histologic specimen of an underlying CRC it is necessary first to
locate the exact area of the lesion, and then to perform a biopsy on it. This is
achieved through a colonoscopy and endoscopic process that is considered the
golden standard for making a diagnosis of CRC possible. Although the exact time of
performing a colonoscopy varies according to current guidelines, it is commonly
suggested as a check-up in adults above the age of 50 years old, and the interval
between each colonoscopy session is shorter if a large number of lesions and/or
lesions of considerable size (more than 10 mm) are diagnosed at a first place [93, 99,
142, 143]. In general, CRC presents as lesions in colonic mucosa protruding into the
enteric lumen, called polyps, and less frequently as mucosal ulcers [142-146]. The
majority of polyps are usually benign. Malignant or pre-malignant polyps are called
adenomas. Overall, larger lesions are easier to detect. However, it is crucial not to
miss even smaller lesions, particularly smaller than 5 mm, from which up to 16%
might be endoscopically missed; it is estimated that every 1% increase in adenoma
detection rate (ADR) is associated with a 3% drop in CRC incidence 147]. The
experience of the person that performs a colonoscopy session is an inevitable factor
contributing to successful adenoma diagnosis and localization. However, even
experienced endoscopists cannot perform with 100% diagnostic success; in fact, up
to 26% of polyps remained undiagnosed within a single colonoscopy session [143,
147]. In addition to that, CRC can develop during the interval between two

AumAwpatikn AtatptBr MMIS péow Epsuvac «Evpurn Suothuata [Anpogopikric» tov 4 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

f&? AITAIOY Francesk Mulita

colonoscopy sessions according to standard guidelines, leading to almost 58% of CRC
patients with advanced disease at the time of diagnosis, even with compliance with
the screening guidelines [149]. Therefore, it is of crucial importance to maximize ADR
and polyp detection capacity and minimize the existing diagnostic variability among
endoscopic doctors and DL has made some significant contributions to this [143,
150].

Overall, DL can assist in accurate CRC diagnosis in two different ways: either lesion
localization and/or diagnosing whether it is adenomatous or not, a task quite
challenging even for experienced endoscopists. The majority of the conducted
studies have heavily focused on polyp detection and localization, and for this
purpose, they have proposed numerous CNN protocols. The reported results are
quite promising, despite the initial concern that CNNs were mostly trained with
static images from recorded colonoscopies instead of a real-time video: In all studies,
DL has demonstrated a decrease in adenoma miss rate and an increase of up to 80%
in ADR, which was higher when the CNN was compared to less experienced and/ or
trainee endoscopists, exactly as if DL functioned as a “second pair of eyes” for
doctors [150-161]. The reported CNN models appear to have reached an accuracy
ranging from 93.6% to 96% in detecting polyps in real-time and a negative predictive
value of up to 92.6% [108,154-157]. In addition to all above, DL has also been
applied to improving polyp detection in water-exchange colonoscopy, a relatively
new endoscopic technique that uses water currents instead of air-assisted bowel
distension; in a review published by Hsieh et al in 2019, combining DL protocols and
water-exchange leads to overall increased ADR, providing a diagnostic modality that
could be of particular benefit for less experienced and/or trainee doctors [158]. And
apart from mere polyp detection, DL has the capacity to progress diagnostically one
step further: In 2021 Minami et al developed a DL protocol able to diagnose
submucosal invasion directly from endoscopic data with sensitivity up to 87.2% and
AUROC 0.758; this piece of information does provide valuable insight in planning and
managing future operative management of CRC patients even at the early stages of
CRC [137].

At the same time, quite promising results come from the application of CNNs in
perfectionating polyps’ optical biopsy, in other words differentiating adenomatous
from non-adenomatous lesions. Beginning in 2017, Komeda et al proposed a CNN
architecture for primary optical biopsy, resulting in 70% accuracy and an AUROC of
about 0.751 in a non-real-time polyp detection study [159]. One step further was
achieved in 2018 by Misawa et al, who reported a DL protocol of real-time polyp
optical biopsy, with a sensitivity reaching up to 90% and AUROC of about 0.87 [148].

Furthermore, along with the above studies that have been conducted with RGB-
colored images, binary in gray-scale editing of colonoscopy images can be an
interesting alternative; in 2021, Hsu et al reported a CNN architecture trained with
grayscale colonoscopy images, resulting in higher detection and diagnostic real-time
accuracy in comparison to RGB images (95.1% to 94.1% respectively), taking
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advantage of the higher processing speed when computers and DL receive grayscale
images [160].

Interestingly, DL can assist in improving CRC diagnosis through a parallel path: by
dealing directly with the traditional technical parameters, such as the level of colon
preparation and distension, the size of the inspected colon surface, and the quality
of the existing endoscopic view. For this purpose, in 2020 Thakkar et al proposed a
CNN model that could provide real-time metrics regarding endoscopic technical
parameters and interact with the performing endoscopist by giving real-time
feedback regarding his/her actions for obtaining ideal procedure conditions [169].
The reported result was an increase in ADR, however, further research is required in
this direction.

Finally, DL has also been applied to CRC diagnosis made by using an endoscopic
capsule, a diagnostic alternative for patients unable to comply with colonoscopy
requirements or when traditional endoscopy is contraindicated for them [162-164].
Overall, each swallowed capsule produces approximately 50000-100000 image
frames, whose evaluation is of course time-consuming and quite prone to diagnostic
errors [165]. Beginning in 2021 and up to the time of this writing, various CNN
diagnostic protocols have been developed, with AUROC up to 0.99 and sensitivity up
t0 96.9% [165].

In conclusion, DL appears to be a valuable ally in the accurate endoscopic diagnosis
of CRC.

2.4.3 Application of DL in other diagnostic tests for CRC

This section will feature the outcome of applying DL protocols in other tests
attempting to diagnose CRC. Overall, DL has been successfully implemented in:

1) CT colonography: CT colonography is an alternative but rising in popularity
process for detecting polyps within the bowel lumen, especially for people
unable to cooperate and/ or tolerate the conventional colonoscopy and/ or
have strong contraindications against it, in which a depiction of bowel lumen
is reconstructed after extensive bowel scanning through a differentiated CT
scan protocol [144, 149,166-169]. The final outcome leads to polyp detection
through X-ray- derived images, which is prone to all limitations related to
patient preparation as the conventional colonoscopy. Attempts have been
made to maximize ADR with DL through CT colonoscopy; beginning in 2019,
Cao et al reported a CNN model able of characterizing colon polyps as benign
or not with an AUROC of about 0.945 but with a high standard deviation
(more than 25%) [170-172]. In the coming years, Wesp et al and Hedge et al
published trials with DL attempting to perform the same polyp
characterization, achieving an AUROC up to 0.83 and sensitivity of about 80%.
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Interestingly, all researchers pointed out that both the training sample and
the patient sample datasets in their trials were small (less than 100 patients),
suggesting that further research is required to establish the role of DL in
optimizing CRC diagnosis through CT colonoscopy after the initial promising
results [172].

2) CT scan: CT scans are not a first-line test for diagnosing CRC compared to
endoscopy and pathologic examination, but the gold standard for identifying
the extent of disease staging at the time of preliminary diagnosis [173].
However, since a CT scan is usually performed before any surgical
intervention, on a CRC patient, the need for extracting the maximal amount
of diagnostic information from a CT scan has encouraged various researchers
to explore the outcome of the potential involvement of DL in data extraction
from CT scans. In 2022, Wong et al managed through 3D-reconstruction of CT
scan images of patients in disease stage Il and Ill in a correlation of the
serum levels of CEA (carcinoembryonic antigen), along with the involvement
of a DL protocol to increase the rate of diagnosing extra-peritoneal CRC,
reporting having reached a sensitivity of about 95%. Further future relative
research would be of particular interest in the pursuit of further diagnostic
data from CT scan images [174].

3) Although OCT has been traditionally used for diagnosing diseases of the
retina, recent research data suggest that it could be further expanded in
other tissues and organs by defining benign and malignant tissue layers [175].
In particular, OCT is applied to CRC diagnosis, and in 2020 reported using DL
for real-time CRC diagnosis, by training a CNN with 26000 OCT images.
According to the published outcome, the CNN achieved 100% sensitivity and
AUROC of about 0.998, demonstrating a promising potential of evolving to
another competent tool for CRC optical diagnosis [176].

2.4.4 Applying DL for CRC optimization: current aspects and future
challenges

Each problem requires a proper solution, and since CRC is a worldwide growing
public health issue, it is inevitable to tackle it properly without implementing novel
technologies. Applying the features made available by Al and DL in particular
appears to have a deeply transforming effect in medicine and biomedical research in
general, and CRC could not make an exception to this rule. Overall, DL protocols
appear to optimize CRC diagnosis by increasing diagnostic accuracy, adding to the
value of clinicians’ experience, minimizing diagnostic variability among doctors, and
maximizing and/or expanding the extracted clinical data without performing
additional conventional diagnostic tests on the existing diagnostic material
(histologic samples, endoscopy images, etc.) [103, 120, 177].
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However, although deducting the assumption that clinicians could be substituted by
computer-assisted Al systems might appear inevitable, in fact, DL could be proven a
valuable helping hand in the effort of fast CRC diagnosis: Apart from helping trainee
doctors gain experience in CRC diagnosis during their internship years, DL could first
of all function as a quick and efficient confirmatory test after the initial traditional
clinical investigation. In addition to this, adding DL to CRC diagnosis could be quite
beneficial for health systems on a global scale: The number of CRC patients rises
without an equivalent increase regarding the number relative to the field doctors,
leading to an increase in the diagnostic workload for doctors, something that is
highly prone to diagnostic mistakes [178-179]. Furthermore, CRC new cases tend to
increase even in poorer countries, where neither experienced clinicians nor the
patients can afford an extensive diagnostic work-up. However, DL can speed up the
CRC diagnostic process (taking benefit of computer-assisted data processing
technology) with minimal misdiagnosis, allowing clinicians to save valuable time for
other probably more urgent clinical tasks, and make its’ benefits available worldwide
even in less developed regions, with a considerable fund-saving capacity worth
considering.

On the other hand, it appears that DL is currently far from being accepted as a
standard diagnostic modality for CRC screening despite the initial promising results
of the existing trials. It is necessary to establish globally accepted standards of CNN
training (each trial created diverse CNN training conditions) based on larger patient
and/or image and data sets. Furthermore, especially for DL in bowel endoscopic
investigation, it is necessary to standardize not only the DL protocols but also the
performance technique which the DL is asked to reinforce because marked
differences were noticed when the first related trials from Europe started to show
up among the overwhelming majority that has been conducted in China [107,150].
What is more, concerns have been widely expressed regarding the proper way of
adapting medical training to the new conditions dictated by widely used DL systems,
the potential danger of personal patient data leakage, and the economic impact that
the increased computing power for performing DL projects on a wide scale would
push the current capacity of our health systems [103, 107, 150, 174]. Still, further
research might also contribute to the improvement of the collateral technical issues.

2.5 Review of Computer Vision in Surgery

Technology has become a key component of surgery the last decades. Especially the
last few decades, minimally invasive surgery is a field that has advanced amazingly,
including laparoscopic and robotic operations [183]. These surgeries have provided a
huge amount of operative information which are extracted from surgical videos,
especially those taken from endoscopic cameras [181,183]. Therefore, the
automation of data analysis plays an ever more important role in surgery, both for
medical research and the reduction of complexity [183].
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Computer vision is a computer science discipline, which uses artificial intelligence
(Al) techniques in order to analyze and interpret visual data and automate tasks that
can be performed by the human visual system [181,183,184]. For instance, deep
learning is a main tool that is used to give computers human-like image recognition
ability, by processing information through networks of multiple neuron layers,
allowing computers to learn complex tasks [182,183]. The main objectives of this
technology are the support of the surgeons in decision-making processes, thus
making surgeries safer [181,183,184]. In the future it may also lead to fully
automated surgery [183].

It is a domain that is developing exponentially, due to the growth of minimally
invasive approaches in surgery and the complexity that follows them, as well as the
effort to prevent large number of medical errors which happen in operating rooms
[181]. These algorithms could potentially extract invisible, quantitative and objective
intraoperative information and utilize them for real time case monitor and
prediction of complications [181]. The main goals so far in computer teaching are
identification of the surgical phase (step) and tracking of surgical tools. These two
aspects are fundamental for such algorithms in order to understand surgical context
and assist with high value information [182,183].

The development of CV will have a huge impact in many aspects of surgery. Models
for procedure and surgical phase recognition could be used to split collections of
surgical videos and retrieve meaningful and significant information, producing for
example short videos of specific intraoperative steps, such as the division of the
cystic duct and artery in a laparoscopic cholocystectomy[181]. Using a temporal
level, a whole surgical video could be broken down into more specific steps, which
are followed by the surgeon in order to achieve the surgical goals, for example the
exposition of anatomic structures [181,185]. CV models could also be trained to
analyze the complexity of the operation as well as assist the surgeon by supporting
the intraoperative decisions, by confirming for instance anatomical structures
[181,185]. Difficult and dangerous anatomical structures such as nerves and vessels
will be recognized and marked in order to facilitate the surgeon [183].

Surgical coaching using CV is ever closer to becoming reality. Quantitative metrics
could be utilized to provide useful feedback to both trainees and practicing surgeons,
such as time spent in an operative phase and which instruments were used in each
phase, or even highlight important anatomic structures that could be potentially
unsafe to dissect [182]. However, for CV to be established as “surgical mentors” a
few obstacles must be overcome. CV models should include knowledge from a
variety of institutions to minimize bias and optimize generalizability, better metrics
should be put into place and explainability should be improved [182].

An important aspect of these technological advances is the ethical issues which arise
and need to be taken into consideration [181,183]. Privacy of the patients, data
safety, and transparency should be protected by all means [181].

AtAdwuatikn AtatptBri MM péow Epevvac « Evpun Suothuata MAnpogopikric» tou 9
poutnt OPANTSESK MOYAITA



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

&*9 AITAIOY Francesk Mulita

3 Working towards a complete tissue classification algorithm

3.1 Deep Learning and Image Processing in Colorectal Cancer diagnosis

Related Literature
Introduction

Colorectal cancer (CRC), a form of epithelial cancer arising from the glandular tissue
of the colon and rectum, is the fourth most diagnosed cancer in the United States.
Even though current epidemiological data show that the death rate for both men
and women has been dropping for the past several decades, it remains the second
most common cause of cancer-related deaths when the numbers of both sexes are
combined. [186] In addition, the incidence of CRC in people under 50 years has
steadily increased, with symptomatic disease driving the need for further
examinations and diagnosis at advanced stages, which is also associated with a
poorer prognosis. [188] Thus, screening methods are in a great need more now than
ever, with the most notable one being a routine colonoscopy, which allows direct
visualization of suspicious lesions or polyps and tissue biopsy retrieval.

The evaluation of histopathological samples, under microscopy, remains the gold
standard for the establishment of CRC diagnosis. This is done by examination of
hematoxylin and eosin (H&E) stained tissues under a microscope, examining an array
of morphological microscopical tissue alterations, with first and foremost the
presence and depth of tissue invasion, and additional characteristics such as
glandular architecture, cell polarity, the disappearance of glands, presence of
desmoplastic reactions, to determine the deviation from normal tissue architecture
and the presence of malignancy. As such, the pathological report is therefore
essential for the optimal treatment protocol selection and directly affects patient’s
survival length. However, histopathological examination is a time-consuming
process, which in combination with the worldwide pathologist shortage has led to an
increased time for diagnosis which contributes to delays in treatment. Moreover,
this procedure is subjective by nature leading to inconsistent results between
pathologists (inter-observer variability) [188,189] as well as inconsistency between
the same pathologist due to fatigue and medical burnout (intra-observer variability).
To alleviate this process, Computer-Aided Diagnosis (CAD) systems have been
recently proposed to quantitively analyze digitalized counterparts of glass slides, the
Whole Slides Imaging (WSI).

Whole Slide Imaging (WSI), also referred to as virtual pathology, involves the
creation of a very high-resolution digitalized analog of the images obtained through
the entire stained tissue as viewed under light microscopy. These images carry the
inherent privileges of any computerized image such as magnification and free-hand
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navigation on any of its parts. Recent publications have proposed that WSI can be
utilized for automated diagnostic tools that are capable of producing results highly
similar to those of the human operator. [190]

Many of the recently introduced CAD models have found their way to assist
pathologists in the evaluation of many tissue samples, such as lung, breast, and
colon by minimizing inter- and intra-observer variability and have proved to be at
least noninferior in pathologic image classification. [191] The spectrum of the trained
algorithms ranges from conventional Machine Learning to the more advanced and
widely used Deep Learning (DL) models, in the face of Convolutional Neural
Networks (CNNs). CNNs extract information from the digitalized RGB images, analyze
them and perform classification of the colorectal tissue sample in order to provide
robust results and decrease the amount of time required for diagnosis.

Our current fund of knowledge lacks a clear understanding of the current state of
the DL algorithms regarding CRC digital histology samples and whether there is
enough data to support their implementation in the current evidence-based clinical
practice as well as a systematic report of under-utilized capabilities of such models.
The aim of this systematic review is to advance our understanding of these modern
techniques, specifically examining their diagnostic usage in binary malignant
detection and colorectal tissue classification.

Materials and Methods
Search Strategy and Study Eligibility Criteria

This systematic review was performed according to the updated Preferred Reporting
Items for Systematic reviews and Meta-Analyses statement (PRISMA) and submitted
to PROSPERO for registration. The study period included PubMed literature searches
from Cochrane Library from October 2009 until November 1, 2022, with the
following keywords for the electronic search: “convolutional neural networks,”
“CNN,” “deep learning”, “colon cancer”, “malignant intestinal cancer”, “colorectal
cancer”, “bowel cancer”, “biopsy”, “histology”, “microscopy images”,
“histopathology.” Systematic searches were conducted by two independent
investigators, blind to each other, and any discrepancies were resolved by consensus

between them.

The systematic review was undertaken in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. [192] Studies
were eligible for inclusion provided they met the following criteria: Presentation of
the development of at least one Machine Learning, Deep Learning model for tissue
classification or diagnosis, using a binary or multiple class outcome, with a training
dataset that included histopathological colorectal tissue whole-slide images or
segmentations of WSI (patches). Review articles, meta-analyses, or articles that
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presented the use of algorithms for analysis of images from endoscopic procedures
or for a different outcome other than tissue classification and diagnosis, were
excluded. Institutional board review approval is not required for a study-level
systematic review.

Study Selection and Data Collection Process

All record results retrieved from the systematic search of electronic libraries were
imported into Rayyan and duplicates were manually removed. Titles, abstracts, and
keywords of all the articles were screened by two independent reviewers and
irrelevant reports were removed. Full-text screening of the selected articles was
performed by the two same reviewers. Each disagreement was resolved through
discussion and consultation with the other authors.

A data extraction form was created to extract the study’s characteristics and model
performance metrics. This form was evaluated for suitability in two randomly
selected studies by all study’s authors. After finalizing the form, two of the authors
independently extracted the data from each study. (Table 5)

The study of bias assessment was conducted using the Quality Assessment tool for
Diagnostic Accuracy Studies (QUADAS-2) tool, to assess studies regarding diagnostic
tests (Table 6). QUADAS-2 is a highly validated tool, focusing on four domains:
Patient Selection, Index Tests, Reference Standard, and Flow and Timing. Each
domain is assessed on two levels ranked as “Low / High / Unclear”: Risk of Bias and
Concerns regarding applicability. More information on the tool itself and the
assessment process can be found in the corresponding reference [193]

The systematic review searches recognized 309 articles for potential inclusion. After
title and abstract screening 69 were deemed eligible for full-text screening. Overall,
41 articles were considered for this systematic review in accordance with the
inclusion criteria. Our systematic search of the literature is depicted in more detail in
the PRISMA flowchart. (Figure 3). All details regarding the study origins, and the
number of included images can be viewed in Table 5.
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Figure 3. Study Selection Process according to Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines.

For evaluating the performance of a model sometimes it is more useful to have a
one-number summary than to examine both the sensitivity and the specificity.
Performance metrics were evaluated wherever available, and the rest of the
discussion was based on qualitative results from the literature, fulfilling the inclusion
criteria. In order to compare the performance of the two sub-categories of models
(customized vs pre-trained) the Mann-Whitney U test for comparison of means was
employed. One widely used metric is balanced accuracy (ACC). Since specificity and
sensitivity are rates, it is more suitable to compute the harmonic average. In fact, the
Fl-score is the harmonic average of precision and recall and has been regarded as
the preferred performance metric. It is worth mentioning that the size of the
datasets ranged greatly from 38 to 14,234 WSlIs (170,099 patches).

3.1.1 Binary outcomes (Benign or Malignant)
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The simplest result for DL techniques is to return a binary outcome (yes or no),
whether the sample includes any suspicious parts for malignancy since the answer to
this question alters the therapeutic plan completely.

For this reason, to provide more robust results Qaiser et al [194] tested two
Convolutional Neural Network (CNN) models while also using Persistent Homology
profiles of topological features of a WSls, with the authors reporting the highest F1
score achieved to be 92% on a retrospectively obtained dataset. Furthermore, Yu et
al [195] using a database of 13,111 WSIs from 13 centers constructed a semi-
supervised learning algorithm (SSL) which performed equally to pathologists for CRC
recognition.

A recent trend that has been getting adopted is Transfer Learning Models. Transfer
Learning is a subclass of Machine Learning that implements knowledge used in an
already existing model (pre-trained) in order to tackle a different but related task
using a new model with the main advantages including a higher performance and
less training time. Utilizing InceptionV3 as the basis, Xu et al [196] trained a CNN
model for screening with 99.9% accuracy on normal slides compared to pathologist,
which was pretrained on ImageNet — a well-known image dataset that follows a
nodular organization of image groups that illustrate a word and its cognitive
synonyms. ImageNet utilizes the grouping of nouns into cognitive synonyms (nodes)
formed by WordNet, created according to conceptual relationships between words,
in order to categorize and organize into nodules images pertaining to or depicting
these words. A different multicenter study that compared the performance of an Al
pre-trained model with pathologists was presented by Wang et al. [191] using a
considerable large database (14,680 WSIs) with the reported AUC for Al being 99%
vs 97% of the pathologists. Another unique Al model was developed by Cowan Ho et
al [197] which was based on a Faster-Region-Based CNN (Faster-RCNN) with ResNet
as a backbone and simultaneously segmented the glands from the WSlIs into high-
risk or low-risk while also classifying them into: benign glands, glands that are either
characteristic for adenocarcinoma or high-grade dysplasia, low-grade dysplasia,
blood vessels, necrosis, mucin or inflammation. Despite the model’s high sensitivity
(97.4%), the small dataset limits its generalization.

Direct comparison of the state-of-the-art pre-trained CNN feature extractors on
different segmentation architectures, was conducted by Kassani et al. [13] which
underscored that shared DenseNet and LinkNet architecture is the one with the
most potential with reported Accuracy of 87.07% and Fl-score of 82.79%. In this
domain, a study by Gupta et al. [199] compared the performance of many pre-
trained techniques for discriminating the abnormal from normal patches obtained
from digitalized images with IR-v2 performing better than the rest without sacrificing
time for diagnosis. Another comparative study, using the LC25000 dataset that
includes both lung and CRC images tested six different pre-trained models and
compared their performance. The results showed that the XGBoost model had a
higher accuracy of 99% and an F1-score of 98.8%. [200]
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Following the current trends of Machine Learning research in histopathology, a team
led by Collins et al. tried to extrapolate the pre-trained CNNs and utilize them to
detect the presence of cancer-free margins in Hyperspectral Images (HIS) of surgical
specimens. This study highlights a novel field of CNN training, providing results even
faster than conventional pathology, and tissue classification techniques in the
operative setting. This approach is effectively an extension towards not only
characterizing a specimen as benign or malignant but also determining the spatial
boundaries of the malignant tissue. [201]

3.1.2 Higher-Class Tissue Classification and Grading

To further advance the protean characteristics of the cellular level images, models
that report higher class outcomes have also been proposed serving for grading
purposes (normal tissue, low grade of differentiation, high grade of differentiation)
and even models which are designed to classify the tissue up to nine types such as
adipose, background, debris, lymphocytes, mucus, smooth muscle, normal colon
mucosa, cancer-associated stroma, and colorectal adenocarcinoma epithelium.

To tackle the CRC grading task (normal, low and high grade of dysplasia, according to
the WHO histopathological classification) Awan, Shaban and Yan et al [202-204]
developed custom CNN models with reported accuracy being 91%, 95.7% and 95.3%.
The latter proposed CNN was also based on majority-voting (MV) technique and
could also be used in different tissues like breast cancer WSIs samples proving its
superiority. One of the largest evaluations for a CNN model was presented by Dabass
et al. [205] which comprised of Enhanced Convolutional Learning Modules (ECLMs),
multi-level Attention Learning Module (ALM), and Transitional Modules (TMs) and
was tested on four diverse publicly available datasets (Gland Segmentation
challenge(GlaS), Lung Colon(LC)-25000, Kather_Colorectal_Cancer_Texture_Images
(Kather-5k), and NCT_HE_CRC_100K(NCT-100k) and one from their department
(HosC). The reported F1-score for cancer gland classification was for GlaS 97.67%, on
LC-25000 100%, and on HosC 99.65%, while also for the tissue classification, for
Kather-5k 98.85% and lastly for NCT-100k 97.71%.

Following the trend of Transfer Learning Malik et al. [206] were from the first to
propose a pre-trained CNN model (InceptionV3) and tested for its accuracy which
reached 87% for multiclassification outcomes. In certain instances however, the
reported accuracy of the models was characterized by high values of standard
deviation, such as in the work of Popa et al [207] with a reported standard deviation
of 4%. This variability of the accuracy metric could compromise the stability of the
model’s performance. To overcome this hindrance, Albashish et al [208] designed
two models (E-CNNs) that ensemble previously pretrained transfer learning models
DenseNet, MobileNet, VGG16, and InceptionV3 to maximize the efficiency of feature
extraction and classification tasks. The reported accuracy of the two models was
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95.20% and 94.52% respectively, with a standard deviation that was much lower,
calculated at 1.7% tested on the dataset of Stonean et. al.[209] In a different
comparative study Hamida et al., [209] trained a “from-scratch” CNN model using
the AiCOLO-8 database along with pre-trained CNN state-of-the-art models (AlexNet,
VGG, ResNet, DenseNet, Inception) and externally validated them in a different very
large WSI dataset comparing their results. The ResNet model achieved the highest
accuracy with 96.98%. Moreover, a study [210] highlighted the feasibility of
encompassing the spectrum of the CRC into four stages (non-neoplastic, adenoma,
well-to-moderately ADC, poorly differentiated ADC) using DL techniques with
comparable performance results such as the proposed models of Sena and Kim et al.
[211,212] Three studies evaluated the performance of custom 8-category tissue type
classification techniques on CRC patches reporting similar results. [213-215] Of note,
although the databases that were evaluated has a significant number of patches,
they were different from each other. Lastly, Li et al. proposed that fine-tuning the
ImageNet-based neural networks with histopathological images could significantly
enhance the prediction performance with segmentation up to 9 tissue types
(adipose, background, debris, lymphocytes, mucus, smooth muscle, normal colon
mucosa, cancer-associated stroma and colorectal adenocarcinoma epithelium),
while also being used for the prediction of gene mutation and expression. [216]

3.1.3 Customized vs Pre-Trained Models

A comparison of reported metrics between customized and pre-trained models, did
not return any significant differences. To compare the average reported metrics
from reportng studies, we employed the Mann-Whitney U test for comparison of
mean values. On average, the Fl-score reported by custom CNNs was calculated at
0.88, as opposed to 0.93 from pre-trained models, a difference that was not
however of statistical significance (p=0.423). Classification accuracy was also non-
significantly different between customized networks and pre trained models, with a
reported average of 0.95 and 0.953 respectively (p=0.9). Therefore, no significant
differences in terms of performance, can be detected between pre-trained and
customized neural networks currently reported in literature. Pre-trained networks,
are usually built similarly to the UNET example, as reported by Awan et al. The
network performs pixel-based classification tasks, by importing a pixel of a
histopathological image as input, and outputting a corresponding pixel which
represents the probability that the pixel of origin, belongs to a glandular structure, or
not, therefore characterizing the presence of tumor, as well as being able to classify
its histological grade. Customized models largely follow the structure of the LeNet
model, proposed in 1998 [217] and are compised of convolutional layers that lead
their output into a function, that produces the pixel’s probability of belonging to a
pre-specified class (usually benign/malignant if it is a binary classification algorithm).
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3.1.4 Attention learning models in tissue classification

Due to its recent rise in popularity within classification tasks, we separately discuss
the performance of attention learning within tissue classification in CRC. Within the
included studies, there are two reports of attention modelling techniques employed
in pathological image analysis [205,218]. Dabass et al, (2022) present the inclusion of
an attention learning module within their CNN architecture, as an enhancer deep
learning module, tasked with allocating bias towards the most informative features
of those already extracted by enhanced convolutional learning modules that are
previously involved in the image analysis. The end goal of the attention learning
module, is to tackle the challenge of varying sizes of important pathological regions
in an image, and therefore enhance the model’s target refinement capacity. The
biasing mechanism effectively re-directs computational resources towards the
classification-specific tasks only. The result of incorporating the attention module,
was to counter the gradual decrease of spatial resolution of malignant feature maps.
The team, ran an analysis of the classification model, before and after the inclusion
of the attention module [205]. They demonstrated an increase in all prediction
metrics in both binary, and multi-level classifiaction tasks for colorectal tumours. In
binary grade classification all metrics (accuracy, precision, sensitivity and specificity),
were estimated at a range of 99.31% - 100% for the testing dataset. It also must be
noted that this study utilized slides from a completely different dataset as their
testing set, rather than utilizing images from the same dataset, which could falsely
generate better model performance metrics. Multi-class classification of tumor
structure was also augmented after the introduction of attention module increasing
the Fl-score to a total of 97.7% from 93% prior to the inclusion of the attention
module. Integrating attention modelling managed to overcome the variability in
tissue patterns, by selectively enhancing the weights of specific structures of interest
for the classification of a tissue specimen. The model’s performance metrics on an
entirely separate dataset, originating from different patients, is evidence that adding
attention modelling modules to a CNN, can help overcome the interpersonal tissue
variability that exists in clinical practice and burdens the human operator.

Another example of attention modelling in pathological images of CRC, is the one
developed by Yan et al [218]. The ultimate goal of their classification model was to
classify cellular nucleic structures from histological slides, as belonging to malignant
tissue or not. Following image decomposition into nucleic and non-
nuclecsstructures. The proposed architecture followed a “Divide-and-Attention”
structure. The initial model, splits the image data in 3 categories and performs
feature extraction. At the end, the branches are re-fused, using global average
pooling, to obtain a total of five feature vectors. Data from these vectors are
funneled into the attention learning module that will select the most representative
tissue features, and allow the model to focus on them. Although the team does not
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report results before and after the inclusion of the attention model layer, the overall
reported accuracy for their model was 95.33% with an AUC of 0.94. It must be noted
however that both the training and the testing image sets were derived from the
same dataset.

Table 5. Deep Learning Models for Diagnosis and Classification of Colorectal Cancer.

tudy Aim of Evaluation
Author Year Country ¥ ArchitectureTask Dataset Used .
Type Model Metrics
Detection
results
MICCAI Glas):
4-class (benign,2015 MICCAI Gland( )
benign Segmentation F1  score =
Classific : . . (0.68 +
) ) Journal | background, Challenge, Training 85
Kainz 2017 Austria ) ation ofCustom CNN ) 0.61)/2, DICE
Article malignant, Images (37 benign and.
Glands . . . index (0.75 +
malignant 48 malignant). Testing
background) 80 (37/43) 0.65)/2,
& Hausdorff
(103.49 +
187.76)/2
Detection
results
(MICCAI Glas):
2015 MICCAI GlandF1 score
Journal Gland Binary Segmentation (0.893 +
Xu 2017 China Article Classific Custom CNN (bening/malign Challenge, Training 850.843)/2, DICE
ation ant) Images Testing  80index (0.908 +
Images 0.833)/2,
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116.821)/2
(A) Binary
(normal/cancer38 WSls, extracted 139(A) Binary
Journal Grading ) (B) 3-class:parts (71 normal, 33ACC: 97% (B)
Awan 2017 UK . UNET .
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2015 MICCAI GlandDetection
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Chen 2017 China Article Classific Custom CNN (bening/malign Challenge and 2015(MICCAI Glas):
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Segmentation 0.887, DICE
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Article SVM metastases) DigitalBinary: 98%
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and U-Net SegNet:
for semantic ACC:81.22%
Segmentatio
n
ACC: 0.946
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3.1.5 Discussion

In this systematic review we analyzed 41 studies focusing on the binary (normal,
malignant) and multiclass categorization and grading of digital colorectal tissue
pathology using state-of-the-art CNN classifiers. The reported classification
outcomes and measures of effect differed among studies, while reaching impressive
individually high numbers with a mean balanced accuracy of 95.8% + 3.8% (highest
reported being 99.69%), the mean F1-Score being 89.7% * 9.8% (highest reported
being 99%), with only a few studies also co-reporting sensitivity, specificity, precision
and recall. Of note, the efficiency of the models increased in accordance with the
years. However, upon closer investigation of the individual studies, there is a lack of
a standardized approach in reporting the results as well as the heterogeneity in the
training datasets, which makes a direct objective comparison between the studies
impossible. Another common characteristic of the included studies is an inherent
weakness in image acquisition. Most datasets utilized, reach their final number of
images from much less pathological slides that they rotate or refocus slightly, in
order to obtain a different picture. However, the likeliness between these images
can be contributing to better classification performance metrics.

One possible explanation for the inter-model variability of the tissue segmentation
classes could be the reflection of the inter-observer variability of Western versus
Eastern pathologists. In Western countries the presence of cancerous lesion is made
by ruling in the invasion beyond the submucosal tissue (also referred to as Vienna
Classification), while the Eastern model the diagnosis is based on inner structural and
nucleic abnormalities of the epithelium (also referred to as Japanese Classification).
Despite the research for which one encompasses the CRC spectrum in its entirety, a
unified method has yet to be finalized. [237].

Comparison of handcrafted feature-based models versus automated deep learning
models also showed the superiority of unsupervised training in classification models,
rather than feature-based classification [238]. Another point raised by several
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authors, regarding the comparison of different classification models, is the quality of
the initial annotation by the pathologist that can influence solely the malignancy-
containing slides [213,225]. Furthermore, the direct comparison of different models
and classification architectures is further hindered by the variability of the tissue
itself. For instance, higher histological grades of colorectal cancer have been pointed
out as being a challenge for the deep learning algorithms due to the presence of
irregular and dense structures that are an impediment for the segmentation
algorithms [54]. There is a lack of reporting histological grades in many of the
included studies, and a complete absence of comparison of performance metrics
between tissue grades. Therefore, the introduction of machine learning-based tissue
classification in true clinical practice, first requires the resolution of such issues.

Furthermore, even though it is evident that the performance of the included CNNs
for CRC diagnosis is on par with the clinical pathologists, [237][240] many of the
studies’ generalization potential was hindered by the study design, relatively small
and proprietary nature of training and validation datasets of many individual studies.
For this reason, it is often recommended to external cross-validate using publicly
available, accepted and large datasets such as TCGA database, GlaS, LCK25000 etc.
Furthermore, estimations of at least 10,000 WSiIs are required to train a CNN model
for histopathology tasks without even accounting for the variation in each of the WSI
due to the digitalization process. [241-249][219-226] From the studies included in
this review, only three were evaluate with databases in accordance with this
estimation, while 8 tested their results in widely available big datasets. Thus,
standardized evaluation of a models’ architecture and reporting is a necessary step
towards its clinical implementation. A few studies mention an existing discrepancy
between the automated classification results and the expert pathologist diagnosis.
Scanning only select slides, and slides that happen to contain no abnormal
architecture of carcinomas, (despite the existence of malignancy in the tissue in a
deeper slide) are some of the dangers that are already described by authors [240].
As a result, it should be noted that the macroscopic appearance of a tissue
specimen, the selection of scanned slides and the overall distribution and number of
processed images from the slides of a specimen are still issues that remain to be
resolved, and quite possibly the parts where a human operator might be called to
support a machine learning algorithm.

A more unified approach in reporting the results was performed in the Al models
that participated in the Gland Segmentation in Colon Histology Images (GlaS)
challenge in 2015 and onwards [252]. The GlaS challenge was conducted by the 18th
International Conference on Medical Image Computing and Computer-Assisted
Intervention (MICCAI) in which the proposed models competed with objective
measures of effect in order to achieve the optimal gland segmentation. The metrics
of performance consisted of the F1-score, Dice Score (evaluating similarity of sample
A vs sample B) and Hausdorff distance (measure for comparing the end result with
the segmentation result) 244].
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When looking into possible differences between pre-trained models and custom
neural networks, we found no differences in the reported numerical outcomes for
accuracy, specificity, and sensitivity of classification. It must be noted however, that
looking into the model builds described, pre-trained and CNNs, are largely based on
the same mechanisms and model layers.

A subsection of models used for tissue classification, employed attention learning
algorithms. Although these instances were few in the current literature on CRC
pathological classification [205,218], they did provide some insights that could
enhance the model outcomes already predicted by other CNNs. There is however
some outstanding criticism regarding attention modelling. One issue that experts
mention, is that attention models are called to be fitted on top of usually pre-
existing CNN backbone architectures [245]. Therefore, the question remains to be
answered; to what extend to the attention models (and in turn, their performance)
rely on the backbone architecture they are placed on? Objective techniques for
model assessment must be created if the quality of “learning” is to be properly
assessed.

Lastly, it is worth mentioning that the spectrum of CRC histology and CNNs is ever
evolving, and recent advances include many more areas of interest, other than
structural alterations like tumor microenvironment, prognosis and survival, nucleic
alterations like microsatellite instability, specific gene mutation prediction and more.
The emergence of potent DL techniques that harness the wide available data can
enrich the cancer diagnosis field with the introduction of new research fields that
could also provide invaluable information for the diagnostic process and aid the
therapeutic plan.

Although most of the included studies are of a high standard, there are still a few
underreported parameters that still need to be assessed before such innovations are
introduced within everyday practice. The vast majority of existing studies fail to take
into account significant histological findings that constitute oncological parameters,
such as histological subtypes, stage of colorectal cancer, tumor grade, necrotic
debris, and peritumoral necrosis. Additionally, there is a lack of research endeavors,
regarding the histological classification of harvested lymph nodes, and very little
work on the identification of metastatic carcinomas. Future work should also include
the exploration of correlations between patient factors and the performance of such
models. It is highly likely, that patients with early-stage tumors (e.g., in situ
carcinomas) pose a higher classification challenge to DL models, due to more subtle
differences with normal tissue. On the other end of the spectrum, higher grade
carcinomas and tissue specimens with extremely distorted architectures are a hurdle
for image segmentation algorithms and feature extraction models. Next research
steps should include the use of such models in the clinical environment rather than
testing them in pre-determined datasets, as well as setting up randomized controlled
trials for true comparison with expert pathologists. In the long run, more work is
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needed, to determine, whether the use of such methods influences treatment
choices, patient survival, and disease-free survival.

Conclusions

The performance of the currently available CNN DL models is at least non-inferior to
conventional image-pattern recognition from pathologists exhibiting impressive
accuracy. However, owing to the small-scale datasets, variability of their training
data and lack of big-scale external validation, generalization of these results is not
yet possible. In all likeliness, we seem to be at least a few years away from large-
scale, systematic inclusion of Al-assisted pathological reviews of specimens.
Additionally, we cannot expect the first implementation of such approaches to fully
replace pathologists; Al-assisted screening will aid in the reduction of work hours,
lessening the time-to-diagnosis period in the process. Few studies tackle the issue of
external validation, further solidifying the need for future ones being compared
using the same large datasets and thus paving the path of their implementation in
the evidence-based healthcare system. In our study we can conclude not only that
the current state-of-the-art algorithms are non-inferior to pathologists for image
analysis and classification tasks, but also that their generalization potential is still
limited due to their inherent uniqueness in their training and lack of widely accepted
external validation datasets.

Table 6: Risk-of-bias assessment for the included studies

Domain 3: Reference

Domain 4: Flow and

Author Year Domain 1: Patient Selection Domain 2: Index Test(s) L.
Standard Timing
Risk of Bias: Uncl
. Risk of Bias: Low Risk of Bias: High 18 . © . %as nelear . .
Kainz 2017 o . Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low Low
Risk of Bias: Low Risk of Bias: Low Rl_Sk O,f _BlaS: Low . .
Xu 2017 o o Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low
Unclear
Risk of Bias: Low Risk of Bias: Low Rl,Sk 0_f ,BlaS: Low . .
Awan 2017 o . Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low Low
. . Risk of Bias: Low Risk of Bias: Low
Risk of Bias: Low s . e . .
Chen 2017 o Applicability Concerns: Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Unclear
Unclear Low
Risk of Bias: High
Risk of Bias: Low Risk of Bias: High S O, . 1as: g . .
Xu 2017 o o Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low Applicability Concerns: Low Low
Risk of Bias: Uncl
Risk of Bias: High Risk of Bias: Low s . © . %as nciear . .
Hassan 2017 o o Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low Applicability Concerns: Low Low
Risk of Bias: Low
Risk of Bias: L Risk of Bias: L
Chaofeng 2017 . 1s. .O 1as: Low . S, ,0 1as: Low Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low Applicability Concerns: Low Low
Eycke 2018 Risk of Bias: High Risk of Bias: Low Risk of Bias: Low Risk of Bias: Low
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Applicability Concerns: Low

Applicability Concerns: Low

Applicability Concerns:

Low

Risk of Bias: Low

Risk of Bias: Low

Risk of Bias: Low

Grah 2019 Applicability C : Risk of Bias: Uncl
raham Applicability Concerns: Low  Applicability Concerns: Low ppica lLloy oncerns 18k of Plas: Uncleat
W
Risk of Bias: Uncl
Risk of Bias: Low Risk of Bias: Low 18 . © . %as nelear . .
Yoon 2019 s N Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low
Unclear
Risk of Bias: L
. Risk of Bias: Low Risk of Bias: Low 1.s O_ . 1as: Low . .
Qaiser 2019 o o Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low Low
. . Risk of Bias: Unclear Risk of Bias: Low
. Risk of Bias: Low . . . .
Sari 2019 . Applicability Concerns: Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Unclear
Unclear Low
Ri f Bias: 1
, Risk of Bias: High Risk of Bias: Low isk of Bias: Unclear _ o
Raczkowski 2019 . . o Applicability Concerns: Risk of Bias: High
Applicability Concerns: High ~ Applicability Concerns: Low
Unclear
Risk of Bias: Low
Risk of Bias: High Risk of Bias: L
Sena 2019 . IS, ,O 1as: g . . IS‘ F) 1as: Low Applicability Concerns: Risk of Bias: High
Applicability Concerns: High ~ Applicability Concerns: Low High
Risk of Bias: High
Risk of Bias: High Risk of Bias: Unclear I,S O, . 1as: g . .
Xu 2020 . . Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low Low
Risk of Bias: Low Risk of Bias: Low Rl_Sk O,f _BlaS: Low . .
Song 2020 o o Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low Low
Risk of Bias: L
Risk of Bias: High Risk of Bias: Low I_S O_ . 1as: Low . . .
Shaban 2020 o . . . Applicability Concerns: Risk of Bias: High
Applicability Concerns: High ~ Applicability Concerns: High Low
Risk of Bias: Uncl
. Risk of Bias: low Risk of Bias: Low 18 . © . %as nelear . .
lizuka 2020 o . Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low  Applicability Concerns: Low
Unclear
Risk of Bias: L
Risk of Bias: Low Risk of Bias: Low 1's O, . 1as: Low . .
Masud 2021 o o Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low Applicability Concerns: Low Low
. . Risk of Bias: Unclear Risk of Bias: Unclear
Risk of Bias: Low . . e . .
Wang 2021 s Applicability Concerns: Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low
Unclear Unclear
Risk of Bias: L
Risk of Bias: Low Risk of Bias: Low S O, . 1as: Low . .
Gupta 2021 o . Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low  Applicability Concerns: Low
Unclear
Risk of Bias: L
Risk of Bias: Low Risk of Bias: Low S O, . 1as: Low . .
Yu 2021 o o Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low Low
Risk of Bias: 1
. Risk of Bias: High Risk of Bias: Low S . © . %as Unclear . . .
Togagar 2021 o o Applicability Concerns: Risk of Bias: High
Applicability Concerns: Low  Applicability Concerns: Low
Unclear
Risk of Bias: L
. Risk of Bias: Low Risk of Bias: Low S O, . 1as: Low . .
Terradillos 2021 o o Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low Applicability Concerns: Low Low
Risk of Bias: L Risk of Bias: L Risk of Bias: 1
Paladini 2021 15% OF Blas: Low S% of Blas: Low sk of Bias: Unclear Risk of Bias: Unclear

Applicability Concerns: Low

Applicability Concerns: Low

Applicability Concerns:
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Low

Risk of Bias: Unclear

Risk of Bias: Unclear

Risk of Bias: Unclear

Hamida 2021 Applicability Concerns: Unclear Applicability Concerns: Applicability Concerns: Risk of Bias: Unclear
Unclear Unclear
Ri f Bias: L
Risk of Bias: Low Risk of Bias: Low I_Sk 0_ . 1as: Low . .
Zhou 2021 L R Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low Low
Risk of Bias: Low
Ri f Bias: L Ri f Bias: L
Riasatian 2021 . 151~<~0 1as: Low . SI,<,O 1as: Low Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low  Applicability Concerns: Low Low
Risk of Bias: L
, Risk of Bias: Low Risk of Bias: Low 15 01 Blas: Low _ _
Tsuneki 2021 . o Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low
Unclear
Risk of Bias: Hich Risk of Bias: High Risk of Bias: High
isk of Bias: Hi
Jiao 2021 s 2 & . Applicability Concerns: Applicability Concerns: Risk of Bias: Low
Applicability Concerns: High
Unclear Unclear
Risk of Bias: High
Risk of Bias: High Risk of Bias: L
Kim 2021 . I,S, OF bias: T ) IS‘ F) 15 oW Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Unclear ~Applicability Concerns: Low Low
Risk of Bias: Unclear
Risk of Bias: High Risk of Bias: L
Yan 2022 . ' ,f) 1as: g , IS‘ F) 1as: oW Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low  Applicability Concerns: Low
Unclear
Risk of Bias: L Risk of Bias: L Risk of Bias: Low
Dabass 2022 . 1s. ,0 1as: Low . 1s. ,O 1as: Low Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low  Applicability Concerns: Low Low
Risk of Bias: Low
Risk of Bias: L Risk of Bias: L
losseinzadeh Kassani 2022 . 1s. ,0 1as: Low . 1s. ,O 1as: Low Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Low Applicability Concerns: Low Low
Risk of Bias: Uncl
Risk of Bias: Low Risk of Bias: High 15 . © . %as neleat ) . N
Shen 2022 . . Applicability Concerns: Risk of Bias: High
Applicability Concerns: Low  Applicability Concerns: Low
Unclear
Risk of Bias: L
Risk of Bias: Low Risk of Bias: Low 1's O_ . 1as: Low . .
Chehade 2022 o o Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low  Applicability Concerns: Low Low
Risk of Bias: L
. Risk of Bias: High Risk of Bias: Low 1's 0_ . 1as: Low ) . o
Collins 2022 o o . Applicability Concerns: Risk of Bias: High
Applicability Concerns: Low  Applicability Concerns: High High
Risk of Bias: L
u o022 Risk of Bias: Low Risk of Bias: Low A l's kc,)']'tla(sj ow ' Risk of Bias: L
© Applicability Concerns: Low  Applicability Concerns: Low ppiica ILI y -oncerns: 18k of bras: Low
oW
Risk of Bias: L
. Risk of Bias: Low Risk of Bias: Low S O, . 1as: Low . .
Reis 2022 o . Applicability Concerns: Risk of Bias: Low
Applicability Concerns: Low Applicability Concerns: Low Low
Risk of Bias: Uncl Risk of Bias: Low Risk of Bias: Unclear
is ias: Unclear
Albashish 2022 o .O Applicability Concerns: Applicability Concerns: Risk of Bias: Unclear
Applicability Concerns: Unclear
Unclear Unclear
Risk of Bias:Low
Risk of Bias: L Risk of Bias: L
Li 2022 15 of blas: Low Sk of blas: Low Applicability Concerns: Risk of Bias: Unclear

Applicability Concerns: Low

Applicability Concerns: Low

Low
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Table 7: Commonly Utilized Datasets for model training on pathological annotations of

colorectal cancer

Dataset Name

Origin Sample Size

Sample Description

MICCAI 2015 Dataset (GlaS Challenge)

University Hospitals of 165 Images (85 Training

Histopathological H&E

Coventry and — 80 Testing) Images of Colorectal Cancer
Warwickshire and healthy tissue. Various
tumor grades are included.
NCT-CRC-HE-100K Dataset NCT Biobank and the 100.000 Images from 85 Histopathological H&E
University Medical Center CRC patients Images of Colorectal
Mannheim archive Adenocarcinoma and healthy
tissue
CRC-VAL-HE-7K Dataset NCT Biobank 7180 Images from 50 Histopathological H&E
CRC Patients Images of Colorectal
Adenocarcinoma. Used as a
validation dataset for the
NCT-CRC-HE-100K Dataset
(no overlapping images)
AiCOLO Dataset Multicentre Project 396 Images Histopathological H&E
Images of Colorectal Cancer
and normal tissue.
Annotations include extra-
tumoral structures of interest
LC25000 Dataset The Veterans Health 10.000 Images Histopathological H&E
Administration Healthcare Images of Colorectal
System Adenocarcinoma and healthy
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tissue

3.2 Materials and Methods

Our experiments, are largely modelled after previous work on deep learning in the
pathological diagnosis of colorectal cancer. Our study, was designed as a proof of
concept for the applicability and effectiveness of artificial intelligence utilization in
the correct annotation of pathological slides for colorectal cancer patients. We will
present the results of a novel classification algorithm utilized in images taken from
two case study patients, that were not included in the training dataset.

For the present study, we used the Gland Segmentation challenge dataset, a part of
the MICCAI 2015 challenge as the training dataset for our algorithm. The dataset was
comprised of data from 85 H&E slides of colorectal adenocarcinomas of various
histological grades, as well as 80 slides of healthy colonic tissue. All slides belong to
the training dataset for the MICCAI challenge, and were pre-annotated by Pathology
specialists. The images were extracted from a total of 16 H&E histological WSIs that
were scanned by a Zeiss MIRAX MIDI Slide Scanner at a resolution of 0.465um/pixel.
Rescaling of the WSIs followed 0.620 um/pixel and a total of 165 image tiles were
extracted from the dataset. All of the training images have instance-level
segmentation of the ground truth, that accurately detailed the glandular boundaries.
In addition, a total of two expert pathologists provided annotations for glandular and
carcinoma boundaries within the dataset.

In order for our study to be complete, after building and assessing our deep learning
model, we proceeded to use it on two real-life cases of colorectal carcinoma
patients. Both patients were operated within the General University Hospital of
Patras. Specimens were collected immediately postoperatively, and underwent the
standardized protocol for pathological examination as stated by the institution. Two
expert pathologists examined both cases and agreed on the diagnosis of subtype, as
well as the histopathological staging. Images at different magnification levels, from
the two can be seen in Figure 5.
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Figure 5.a: Example of a tissue slide in lower magnification

Figure 5.b: Example of a tissue slide in higher magnification

The most recent state-of-the-art artificial intelligence techniques, involve deep
learning, and have been proven extremely effective in classifying malignant tissue
specimens, and in some instances, predicting even the survival of cancer patients.
The applications of DL that are already implemented are numerous, with
Convolutional Neural Network being one of them where histopathology image
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analytics that include tumour detection and classification, grade classification are
done efficiently/Deep neural networks, often suffer from issues such as lack of
focused and refined feature selection process that can limit their capabilities in
diagnostics. The purpose of previous proposed research works is limited to either
classification tasks, or textural tissue structure classification within the patches,
without providing any information on tissue structure analysis. Therefore, a deep
learning based technique that can be generalized to routine pathology diagnostics
and can ease clinical encumbrance of pathologists while improving diagnostic
accuracy is still lacking.

To address these challenges in digitized image analysis in the histopathology
laboratory, we propose the creation of an automated, deep-learning-based
classification technique that offers clinical information, and incorporates referential
secondary opinions. We present the creation of a CNN architecture that is
incorporated with three different modules that are enhanced convolutional learning
module (ECLM), attention learning module (ALM), and transitional module (TM). The
result is expected to be focused multi-scale extraction that will help in performing
classification of cancer grades and structures of H&E in CRC histopathological
images.

Image Database Stain-Invariant Pre- Proposed CNN architecture Classification
Processing Step for Classification Results

h 4

Figure 6: Proposed workflow of our approach

3.3 Proposed Architecture

First, we will begin with the pre-processing process of the images before applying
the proposed model. We plan to begin with patch extraction from the dataset
images. Of a size of 150x150 from the dataset, using grid sampling techniques based
on the concept of random transformation. Color augmentation follows, in which
several variants of the original images will be generated by modifying brightness,
contrast and RGB channel values. This step is necessary in order to include diverse
color variations, and to develop the robustness of the model that will follow, against
the color variations. Morphological augmentation will follow, in which various
approaches such as random rotations, mirroring, deformations, flips and blurring will
be applied in order to avoid overfitting between the training and testing cohorts of
images.

Stain normalization will follow, where the color concentration of all images will be
mapped to emulate the appearance of a reference target image. Finally, the
pathologist’s approval will be seeked out, due to the large texture variations
between the histopathological images. This validation is mandatory, to assess the
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appearance of the resulting images for their analogous nature and inferential
capability, so that images do not contain ambiguous information.

Classification can be a very complicated task. Therefore, a dense, deep convolutional
neural network (DCNN) is required for persuasive feature extraction. The overall
architecture of our proposed classification network, can be seen in Figure 3. The
network consists of a convolutional layer that is accompanied by a max-pooling
layer, four enhanced convolutional learning modules (ECLM), one attention learning
module (ALM), transitional modules (TMs), followed by two connected layers, trailed
by a final SoftMax layer. ECLMs are comprised of parallel architecture convolutions
and are responsible for obtaining the discriminative features as well as tackling the
gradient issues that arise. ALM provides element, channel and scale wise attention
mechanisms that can deal with the varying size of important pathological regions,
and as such, can incorporate target refinement capability within the proposed
model, by allocating a bias mechanism in favor of the most informative features.
TMs are entasked with infusing multi-scalar information, by augmenting the
receptive field size of the generated maps. These layers, perform dimensionality
reduction within the final extracted feature maps, and the final SoftMax layer,
provides the classification and probabilities for each class.

3.3.1 Enhanced convolutional learning module

With the aim of learning effectual discriminative features and avoiding vanishing
gradient problems, the ECLMs can be designed here. In order to reduce
convolutional complexity, the standard operation is decomposed into two
complementary operations, that are the depth-wise and point-wise convolution by
factorization. Here, a parallel factorized structure that consists of conventional and
atrous convolutions and dilation rates will be used. It will perform dual mechanisms
of extracting spatial contextual features, as well as modeling cross-channel
correlations. The inspiration was taken from the MobileNet and Xception models,
with a few additional changes: Our parallel structuring results in the capturing of
competent information. Further fusing the efficacious learned features with a 1x1
convolution layers, can lead to making the proposed model with fewer parameters,
that is deeper in architecture. Therefore, it can extract abstract information from
more convolutional operations that significantly enhance the learning capability of
the proposed classifier. Finally, the ECLM, employs a residual structure similar to
Resnet.

A 1x1 convolutional layer will be applied to reduce the dimensions of the input
feature maps with a ratio of 1:2. A parallel network structure will be applied to these
reduced feature maps, in order to effectually manage both the spatial and the cross-
channel correlations.The point-wise convolutional branch of this parallel structure
uses a 1 1 convolution for effective learning of feature relationships across the
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various channels, while the depth-wise convolutional branch uses a 3 3 atrous
convolution layer with an atrous rate of two, followed by another 3 3 atrous
convolution with an atrous rate of four. Following this parallel construction, the
learnt feature information is combined with a trailing 1 1 convolution layer to
effectively recover the channel dimensions. Finally, the element-wise summation is
used to integrate these produced feature maps with the initial input feature
maps.Additionally, each convolution layer—aside from the final one—is followed by
batch-normalization (BN) and exponential linear unit (ELU) nonlinearity (ELU). In
order to exercise the regularization impact and lessen the model's susceptibility to
different initialization values, batch normalization (BN) is used. The ELU uses an extra
positive alpha constant to get rid of the fading ReLU and has a quicker tendency to
converge to zero as a result. It results in quick multi-scale learning as a result. The
convolution-factorization process significantly enhances the suggested classification
model's ability to learn deeper features while using fewer computational resources
when different levels of feature abstraction are used. It is also more inexpensive
because the depth and width both greatly increase in this area.

3.3.2 Attention Learning Module

The Attention Learning Module (ALM) is developed to improve the proposed
classification model's ability to sharpen focus. It gives the CNN architecture the
capacity to comprehend how to use universal information to prioritise certain
feature channels and scales for diagnosis (classification). To distribute the
computational resources only to certain task-specific features, it uses a biasing
method. It is divided into two sections, the first of which performs adaptive
recalibration of channel-specific features produced via ECLM, and the second of
which takes advantage of scale dependencies to identify the scale at which these
channel-weighted feature maps are most useful for classification.By locating class-
specific feature channels, the Channel and Element-wise Attention Learning Module
(CE-ALM) seeks to increase the sensitivity of feature representations. The Squeeze
and Excitation network is used as the basis for the applied mechanism in this.

These channel-specific activations are made to travel through a self-learning weight
mechanism during the trailing excitation operation. It is composed of two layers that
are completely linked (FC). By multiplying the number of neurons with the reduction
constant (set to 1/16), the first FC layer reduces the number of dimensions using the
Hard-Swish activation function. The Exponential Linear Unit (ELU) activation function
and dimensionality increment are performed by the second FC layer.

The magnitude of the pathogenic anomalies in the malignant class varies.
Additionally, the spatial resolution of the recovered feature maps in the CNN models
continuously decreases but their semantics gradually grow with each denser blocks.
As a result, when analyzed at a finer scale, larger anomalies may lose their global
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structure while smaller abnormalities may become less obvious at coarser scales.
Consequently, in order to address this critical issue, the Scale-wise Attention
Learning Module is fed the feature maps generated by the three various scale CE-
ALMs (SALM). The SALM makes better use of the extracted features by utilizing the
scalar dependencies to determine the scale at which the attention-weighted feature
maps have a significant impact on the classification of a particular class.

3.3.3 Transitional Module

The dimensionality reduction in retrieved feature maps is carried out using the
Transitional Module (TM). It starts with a layer that concatenates the feature maps
of the ECLMs and ALMs, followed by a 1 1 convolutional layer and a 2 2 average
pooling layer to reduce the dimensionality of the feature matrix. When networks are
being trained, loss values are calculated using the cross-entropy function. Both the
two-class and the multi-class classifications in this case have an unbalanced
distribution of classes. In order to reduce the negative effects of the class-
imbalanced dataset, the weighted cross-entropy loss is used. This involves adding an
additional weight factor to the loss function.

3.4 Discussion of future implications

Hematoxylin-&-eosin-stained histopathology slide image analysis is crucial for the
accurate prognosis of CRC on a global scale. When it comes to histology-based
diagnosis, it is regarded as the "Gold Standard." Here, the pathologists thoroughly
review and evaluate each case to guarantee an accurate and clear diagnosis.
However, due to the presence of significant variations in tissue appearance patterns
related to the malignancy of cancer, gland mimics, artifacts, and noise developed
during various sectioning and staining procedures, this visual manual assessment is
operator-dependent, time-consuming, and laborious. The pathologist's inexperience
as well as inter- and intra-observer variability can further contaminate them. These
days, the number of new cancer cases is increasing daily, forcing pathologists to
work longer hours. It exhausted them and could further contaminate the manual
labor required for the pathological diagnosis.Because of this, pathologists will
benefit from automated computerized analytical approaches as well as a notable
improvement in the precision and success rate of their developed diagnosis.

Despite the fact that modern methods have had great success classifying medical
images. However, these are far from being suitable for installation in actual clinical
applications since they lack the necessary expertise and precision. Some of the main
obstacles in the way of these techniques include (1) the inability to handle the
existence of digital variability linked to real-world clinical images due to the lack of
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diversity in the few available medical image training datasets, (2) the induction of
diminishing gradient and resolution degradation issues in the deeper neural
networks that are further coupled with the absence of focus refinement process, and
(3) the inability to handle the issue of deteriorating gradient and resolution in the
shallow neural networks.The presence of complex structures in histopathological
images, such as adjoined and clustered objects, obscured object boundaries, and a
wide range in the appearance of tissue patterns, from tiny once-healthy objects to
highly deteriorated large objects; and (4) The absence of pathologists from the
research projects. This paper proposes an automated end-to-end deep convolutional
neural network framework-based classification model that aims to improve clinically
relevant proficiency and reliability for accurately analyzing cancer grades as well as
the tissue structures in histopathological images. This model is meant to address
these research gaps. It will help pathologists create extremely accurate prognoses
and suitable treatment strategies to increase patient survival rates. Now, the
numerous obstacles that have been described are being addressed as follows:

Small picture datasets with little variety can lead to over-fitting, which reduces the
precision with which the CNN model can forecast fresh image data. As a result,
training the CNN requires a significant amount of picture data. In this case, the five
huge, diversified datasets—three datasets from GlaS, LC-25000, and HosC for binary-
class cancer grade identification, and two datasets from Kather-5k and NCT-100k for
multi-class tissue structure analysis—that were collected from various scan centers
are used. Additionally, despite the use of standardization processes in clinical
practice, accurate color calibration is still challenging to achieve.Using various tissue
preparation techniques for sectioning and staining causes digital variability, such as
data variability and color heterogeneity; gland mimics; and noise in pictures from
various locations. When trained on data from a single center or scanner, it can have
an impact on the effectiveness of deep learning classification approaches, making
them easily overfit and producing inaccurate predicted results. It may also result in
failure when attempting to generalize to images from different centers. Therefore,
various pre-processing techniques are applied to the images from the training
dataset in order to manage this challenge and develop model invariance against
these traits present in real-life clinical data applications. These techniques include
data augmentation (color and morphological), stain normalization, and patch
extraction. These provide further support for improving the proposed classifier's
generalizability.

Here, the suggested CNN architecture is equipped with the proposed Enhanced
Convolutional Learning Modules to incorporate enhanced learning capabilities
(ECLMs). With fewer computations and effective avoidance of vanishing gradient,
this module provides a dual mechanism for extracting multi-level discriminatory
deeper spatial features and modeling cross-channel correlations. It is a parallel
architecture created using point-wise convolution to help with cross-channel
relations, depth-wise atrous convolution to help with collecting context from various
spatial scales, and feedback connection to help with recovering any informative loss.
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More convolutional processes are used to extract abstract information, which
greatly improves the proposed model's capacity for learning and results in a deeper,
more complex model with fewer parameters.

The different important regions of interest, which are class-specific, have varying
sizes and shapes in histopathological images. In the cancer grading work, for
example, the benign class has intact circular glandular structures, but with the
entrance of malignancy, these glandular structures start to deteriorate and deviate
greatly from the circular shape and size. With each subsequent deeper convolutional
learning layer of the DCNN, there is a steady loss in spatial resolution along with an
expansion in the semantics of the derived feature maps. As a result, when evaluated
at a finer size, larger abnormal structures may lose their global structures, while
smaller abnormal structures may become less evident at a coarse scale. The opposite
happens if the analytical layer site is switched around.Attention learning modules
(ALMs) are thus added to the network design to address this urgent problem and
improve the target-refinement capabilities of the proposed classifier model. In order
to determine the scale at which these channel-weighted feature maps contribute the
most to the classification, it first performs adaptive recalibration of the channel-
specific elemental features derived from ECLM. After that, it takes advantage of the
scale dependencies to find the most efficient scale. Additionally, the transitional
module (TM) is used to effectively combine multi-scaler feature map clustering with
improved resolution-recovery of critical contextual details for improved
classification.

Deep CNNs are unnecessarily complicated and frequently referred to as "black
boxes" because there is no way to show what they have learnt or to infer which part
of the input image was responsible for their anticipated results. As a result, when
these networks malfunction and make an incorrect forecast, they frequently do so
drastically and without giving any warning or providing an explanation. Therefore,
Explainability (or Interpretability) approaches can help to make sense of the
predictions generated by deep CNNs.In this case, the three Explainability techniques
LIME, Occlusion Sensitivity mapping, and Grad-CAM are used in addition to the
conventional quantitative analytical matrices for performance analysis to locate and
highlight the input image regions that have had the greatest impact on the
classification outcome predicted by the proposed classifier. The expected judgments'
visual interpretation as a result offers understanding of the deep neural network's
choices and assurance that the suggested network is operating correctly.

The pathologists must be involved in evaluating the inferential skills of the projected
graded outcomes because the automated categorization approaches are only
intended to support pathologists. As a result, numerous expert pathologists are
given these activation map visualization pictures from LIME, Occlusion Sensitivity
mapping, and Grad-CAM to assess whether the regions of the image used by the
proposed classification model are in line with their clinical routine findings.
Additionally, they are required to provide a validation score for the clinical reliability
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and pattern alignment compatibility based on the presence of pertinent clinically
aligned portions. The pathologists' validation score helps close the gap between
routine pathology analysis and the current state-of-the-art classifier models.

Therefore, to put it briefly, the proposed classification model's primary contribution
is that it can wonderfully execute the classification of not only the numerous tissue
structures found in CRC H&E-stained histological pictures, but also the various cancer
grades. The proposed enhanced convolutional learning modules (ECLMs) are used in
the classifier CNN architecture in this case to make it easier to capture contextual
data and handle cross-channel relationships effectively. More convolutional
processes are used to extract abstract information, greatly enhancing the proposed
model's capacity for learning. Consequently, the suggested model has fewer
parameters but a deeper design.Attention learning modules (ALMs) are incorporated
into the network architecture to further address the issue of the progressive loss of
spatial resolution and increase in the semantics of the extracted feature maps with
successive deeper convolutional learning layers associated with DCNN and
strengthen  target-refinement capabilities of the proposed classifier
model.Additionally, to improve classification, the transitional modules (TM) are used
to inject efficient multi-scale feature maps and recover crucial contextual data at a
higher resolution. Additionally, the training dataset images are subjected to a variety
of pre-processing techniques, including data augmentation (color and
morphological), stain normalization, and patch extraction, to build the proposed
classifier networks' invariance capability against the traits present in real-life clinical
data applications. These applications result from the use of various tissue
preparation processes for sectioning and staining, which induce digital variability, or
data variability.These also help to increase the suggested classifier's capacity for
generalization. Five big, heterogeneous datasets, including three datasets from GlasS,
LC-25000, and HosC for binary-class cancer grading and two datasets from Kather-5k
and NCT-100k for multi-class tissue structure analysis, are used here to demonstrate
classification performance. Along with more conventional quantitative performance
analysis measurements, LIME, Occlusion Sensitivity, and Grad-CAM attention
mapping visualization approaches are used in this context. Using their clinically
comparable-inferential skills, the several expert pathologists are asked to submit
validation scores for these visualizations. This rating helps to demonstrate the
proposed classification model's capacity for pattern recognition that is clinically
relevant and confirms its acceptability for facilitating clinical applications.

In many medical protocols, pathological investigations are regarded as the gold
standard, and they are particularly important in the process of diagnosing cancer
(Gurcan et al., 2009). We offer a unique deep contour-aware network with the goal
of enhancing the effectiveness and reliability of automated histopathology image
analysis. The usefulness of the deep contour-aware network and the contributions of
its parts are demonstrated by extensive tests on two difficult histopathological
object recognition and segmentation tasks. It is important to highlight that the
proposed CNN-based method makes no use of prior knowledge regarding object

AutAdwuatiki AtatptBri MM péow Epeuvac « Eupun Suothiuata MAnpopoptkic» tou 3 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

&*9 AITAIOY Francesk Mulita

shape or the presence of cancer in histopathology images.As a result, it is broad
enough to be used on a variety of items and malignant tissues of varied histologic
grades. The proposed method's success on two different object segmentation tasks
with both benign and malignant cases serves as proof of this.

Our technique achieves a little better detection performance on malignant testing
data than that with the contour-aware component, as seen from the detection
results on the GlaS Challenge. A thorough investigation led us to the conclusion that
it most likely results from the uneven structures in some severely deteriorated
malignant cases, which may lessen the impact of contour information. The method is
more likely to fail in such situations because, for instance, inner structures with
dense nuclei as a result of excessive proliferation may result in erroneous outlines.

A wide range of applications, including gland segmentation for colon cancer
diagnosis (Sirinukunwattana et al., 2015a), nuclei segmentation for cancer grading
(Irshad et al., 2014), and cell segmentation and tracking for understanding cellular
mechanisms (Meijering, 2012), depend critically on the detection and segmentation
of clustered object instances. When there are many clustered object instances,
previous approaches like U-net in Ronneberger et al. (2015) and SDS in Hariharan et
al. (2014) that simply include appearance information may not work effectively.
Sadly, this is a typical occurrence in histology photographs.It is worth noting that
contour detection and object segmentation are two complementary tasks and
previous studies showed preliminarily promising results by exploring semantic
contours on PASCAL dataset (Bertasius, Shi, Torresani, 2015a, Chen, Barron,
Papandreou, Murphy, Yuille, 2015c). In this paper, we propose a more efficient and
effective solution by harnessing the information of object appearances and contours
simultaneously. Furthermore, the efficiency is greatly boosted with our unified
framework within one forward propagation (about 1.5 s), which was much faster
than state-of-the-art methods (for instance, 200+ s in Sirinukunwattana et al.,
2015a).

A long-standing issue is the separation of clustered histology structures (such as
nuclei) in high-level densities, which often calls for the incorporation of domain-
specific shape priors. While numerous techniques have been created to separate
clustered or overlapping nuclei with significant advancements, this issue has not yet
been fully resolved. By combining special shape prior of nuclei, such as maker-
controlled watershed algorithm in Cheng and Rajapakse (2009) and spatially
adaptive active physical model in Plissiti and Nikou, some high-degree clustered
nuclei can be further separated with other advanced post-separating processes
(2012).Since our primary goal is to segment contacting objects and deliver initially
positive segmentation results for highly clustered cases, this topic is outside the
scope of this work. Our method can produce such good probability maps, which can
act as "seeds" or "markers" in the following algorithms for delineating the spatial
extent of each nucleus, as Al-Kofahi et al. (2010) indicated that the segmentation
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performance depends crucially on the accuracy and reliability of the initial seed
points or shape markers.

The wide range in tissue appearance is another famously challenging problem in
histopathological image analysis and is regarded as one of the key barriers to
creating a reliable automated analysis tool (Veta et al., 2015). When tissue samples
are collected from several patients or at various times, a variety of circumstances,
such as different scanners for image collection, different sectioning and staining
techniques, etc., might affect the variation. The inconsistent issue of tissue
appearance may be addressed and the performance may be enhanced using pre-
processing normalization measures (Khan et al., 2014).

4 Conclusions andFeature Work Implications

Using automated cancer grade detection and tissue structure analysis in H&E-stained
colon histopathology images, a clinically equivalent CNN-based classifier architecture
is given here. The Enhanced Convolutional Learning Module (ECLM), Attention
Learning Module (ALM), and Transitional Module are the three components that
make up the suggested architecture (TM). For improved learning capabilities, the
suggested ECLM made use of the residual mechanism and convolution factorization.
It performs a dual deeper function for modeling cross-channel correlations with
simpler computations and extracting multi-level discriminative spatial features. The
proposed ALM includes attention learning at the channel, element, and scale levels
to perform feature refinement for targeted task-specific learning. Dimensionality
reduction and multi-level feature learning are accomplished by the TMs by
concatenating the features of these two modules.

We introduce a deep contour-aware network to precisely detect and segment
histological items from histology images by integrating multi-level contextual data.
By explicitly utilizing the complimentary appearance information (such as textures
and colors) and contour information, we approach this difficult segmentation
problem as a unified multi-task learning process, which significantly improves the
object instance segmentation performance. Extensive experimental outcomes on
two difficult item segmentation tasks from histology photos show our method
performs better than state-of-the-art approaches by a significant margin. The
suggested DCAN can be used to solve further issues in histopathology image
processing because it is naturally broad. Future research will assess our approach
using more histology pictures and advocate for its use in clinical settings.

Additionally, a number of pre-processing techniques are used to train the model
using a dataset that is similar to actual clinical data. In order to establish network
invariance capability against noise, artifacts, and variations prevalent in actual
clinical data, along with better generalization capability, five diverse datasets from
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multiple scan centers were used. The proposed classifier is therefore capable of
managing issues with overfitting, significant spatial information loss, diminishing
gradient, and lack of focus-refinement process for extracted features associated with
deep neural network architectures, as well as digital variability, artifacts, and noise
of clinical data. Additionally, classifying H&E-stained colon histopathology pictures
effectively and accurately for both tissue architecture and cancer grades.

The underlying problems of clinical data variability, the data-hungry nature of deep
learning-based classification approaches, as well as shrinking gradient, focus
refinement, and resolution degradation, will help to some extent be resolved by
these discoveries. When given to pathologists as a second opinion, these categorized
output images can help them come up with an accurate diagnosis and treatment
strategy. The suggested classifier will be further optimized in upcoming work for the
analysis of various organ histopathology data.

AuAdwuatiki AatptBri MM péow Epevvac « Evun Suothuata lMAnpogopikricy» tou 6 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

References

1. Gagnon MP, Desmartis M, Labrecque M, Car J, Pagliari C, Pluye P, k.Q.
Systematic Review of Factors Influencing the Adoption of Information and
Communication Technologies by Healthcare Professionals. J Med Syst.
®OePpoudplog 2012;36(1):241-77.

2. Dale IG, Midthus E, Dale B. Using information and communication technology
in the recovery after a coronary artery bypass graft surgery: patients’
attitudes. J MultidiscipHealthc. 30 AUyouotoc2018;11:417-23.

3. Zhao J, Forsythe R, Langerman A, Melton GB, Schneider DF, Jackson GP. The
Value of the Surgeon Informatician. J Surg Res. AUyouot0¢2020;252:264—71.

4. Robinson J, Huth H, Jackson G. Review of Information Technology for Surgical
Patient Care. J Surg Res. 1 loUvioc 2016;203(1):121-39.

5. ZhengJ, Wang Y, Zhang J, Guo W, Yang X, Luo L, k.&. 5G ultra-remote robot-
assisted laparoscopic surgery in China. Surg Endosc. Nogupplog
2020;34(11):5172-80.

6. Monroe-Wise A, Kinuthia J, Fuller S, Dunbar M, Masuda D, Opiyo E, k.d.
Improving Information and Communications Technology (ICT) Knowledge and
Skills to Develop Health Research Capacity in Kenya. Online J Public Health
Inform. 31 Aekéufploc 2019;11(3):e22.

7. Cartmel M, Kingsnorth A. Use of the Internet and information technology for
surgeons and surgical research. Ann R Coll Surg Engl. 1 Oktwpplog
2002;84:352-6.

8. Ure B, Zoeller C, Lacher M. The role of new information technology meeting
the global need and gap of education in pediatric surgery. Semin Pediatr Surg.
loUviog 2015;24(3):134-7.

9. Choi PJ, Oskouian RJ, Tubbs RS. Telesurgery: Past, Present, and Future. Cureus.
10(5):e2716.

10. Villa F. Information and Communication Technology Trends in Telesurgery. J
Surg Surg Res. 25 Matog 2016;025-9.

11. Higgins RM, Frelich MJ, Bosler ME, Gould JC. Cost analysis of robotic versus
laparoscopic general surgery procedures. Surg Endosc. 1 lavoudplog
2017;31(1):185-92.

12. Karpeh MS, Bryczkowski S. Digital communications and social media use in
surgery: how to maximize communication in the digital age. Innov Surg Sci. 29
lovAloc 2017;2(3):153-7.

13. Fuertes-Guiré, F.; Vitali-Erion, E.; Rodriguez-Franco, A. A Program of
Telementoring in Laparoscopic Bariatric Surgery. Minim. Invasive Ther. Allied
Technol. 2016, 25, 8-14. https://doi.org/10.3109/13645706.2015.1083446.

14. Mitsuno, D.; Hirota, Y.; Akamatsu, J.; Kino, H.; Okamoto, T.; Ueda, K.
Telementoring Demonstration in Craniofacial Surgery With HololLens, Skype,

AumAwpatikn AtatpiB8r MTMS puéow Epsuvac «Evpun Suothuata lMAnpogoptkric» tou 7 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

and Three-Layer Facial Models. J. Craniofac. Surg. 2019, 30, 28-32.
https://doi.org/10.1097/SCS.0000000000004899.

15. Cos, H.; Li, D.W.; Williams, G.; Chininis, J.; Dai, R.X.; Zhang, J.W.; Srivastava, R.;
Raper, L.; Sanford, D.; Hawkins, W.; et al. Predicting Outcomes in Patients
Undergoing Pancreatectomy Using Wearable Technology and Machine
Learning: Prospective Cohort Study. J. Med. Internet Res. 2021, 23, 11.
https://doi.org/10.2196/23595.

16. Ohta, H.; Izumi, S.; Yoshimoto, M. A More Acceptable Endoluminal
Implantation for Wirelessly Monitoring Vital Signals Using Ingestible Sensors
Anchored to the Stomach Wall. In Proceedings of the Annual International
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC),
Milano, Italy, 25—29 August 2015.

17. Ushimaru, Y.; Takahashi, T.; Souma, Y.; Yanagimoto, Y.; Nagase, H.; Tanaka, K;
Miyazaki, Y.; Makino, T.; Kurokawa, Y.; Yamasaki, M.; et al. Innovation in
Surgery/Operating Room Driven by Internet of Things on Medical Devices.
Surg. Endosc. 2019, 33, 3469-3477. https://doi.org/10.1007/5S00464-018-
06651-4.

18. Kim, S.H.; Shin, H.S.; Lee, S.H. ‘Internet of Things’ Real-Time Free Flap
Monitoring. J. Craniofac. Surg. 2018, 29, e22—e25.

19. Omboni, S. Connected Health in Hypertension Management. Front.
Cardiovasc. Med. 2019, 6, 17.

20. Guo, Z.; Dong, Z.; Lee, K.H.; Cheung, C.L.; Fu, H.C.; Ho, J.D.L.; He, H.; Poon,
W.S.; Chan, D.T.M.; Kwok, K.W. Compact Design of a Hydraulic Driving Robot
for Intraoperative MRI-Guided Bilateral Stereotactic Neurosurgery. |IEEE Robot.
Autom. Lett. 2018, 3, 2515-2522. https://doi.org/10.1109/LRA.2018.2814637.

21. Agrawal, R.; Mishra, S.K.; Mishra, A.; Chand, G.; Agarwal, G.; Agarwal, A,
Verma, A.K. Role of Telemedicine Technology in Endocrine Surgery Knowledge
Sharing. Telemed. J. E-Health 2014, 20, 868—-874.
https://doi.org/10.1089/TMJ.2013.0164.

22. Andersen, D.; Popescu, V.; Cabrera, M.E.; Shanghavi, A.; Mullis, B.; Marley, S.;
Gomez, G.; Wachs, J.P. An Augmented Reality-Based Approach for Surgical
Telementoring in Austere Environments. Mil. Med. 2017, 182, 310-315.
https://doi.org/10.7205/MILMED-D-16-00051.

23. Anderson, S.M.; Kapp, B.B.; Angell, J.M.; Abd, T.T.; Thompson, N.J.; Ritenour,
C.W.M.; Issa, M.M. Remote Monitoring and Supervision of Urology Residents
Utilizing Integrated Endourology Suites—A Prospective Study of Patients’
Opinions. J. Endourol. 2013, 27, 96—100.
https://doi.org/10.1089/END.2012.0406.

24. Andersen, D.; Popescu, V.; Cabrera, M.E.; Shanghavi, A.; Gomez, G.; Marley, S.;
Mullis, B.; Wachs, J.P. Medical Telementoring Using an Augmented Reality
Transparent Display. Surgery 2016, 159, 1646-1653.
https://doi.org/10.1016/J.SURG.2015.12.016.

AuAdwuatiki AatptBri MM péow Epevvac « Evun Suothuata lMAnpogopikric» tou 8 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

25. Artsen, A.M.; Burkett, L.S.; Duvvuri, U.; Bonidie, M. Surgeon Satisfaction and
Outcomes of Tele-Proctoring for Robotic Gynecologic Surgery. J. Robot. Surg.
2022 , 16, 563-568 . https://doi.org/10.1007/511701-021-01280-X.

26. Prince, S.W.; Kang, C.; Simonelli, J.; Lee, Y.H.; Gerber, M.J.; Lim, C.; Chu, K,
Dutson, E.P.; Tsao, T.C. A Robotic System for Telementoring and Training in
Laparoscopic Surgery. Int. J. Med. Robot. 2020, 16, e2040
https://doi.org/10.1002/RCS.2040.

27. Patel, E.; Mascarenhas, A.; Subuhee A.; Stirt, D.; Brady, |.; Perera, R.; Noél, J.
Evaluating the Ability of Students to Learn and Utilize a Novel Telepresence
Platform, Proximie. J. Robot. Surg. 2021, 2021, 1-7.
https://doi.org/10.1007/511701-021-01330-4.

28. Rojas-Mufioz, E.; Cabrera, M.E.; Lin, C.; Andersen, D.; Popescu, V.; Anderson,
K.; Zarzaur, B.L.; Mullis, B.; Wachs, J.P. The System for Telementoring with
Augmented Reality (STAR): A Head-Mounted Display to Improve Surgical
Coaching and Confidence in Remote Areas. Surgery 2020, 167, 724-731.
https://doi.org/10.1016/J.SURG.2019.11.008.

29. Rojas-Mufioz, E.; Cabrera, M.E.; Andersen, D.; Popescu, V.; Marley, S.; Mullis,
B.; Zarzaur, B.; Wachs, J. Surgical Telementoring without Encumbrance: A
Comparative Study of See-through Augmented Reality-Based Approaches.
Ann. Surg. 2019, 270, 384-389.
https://doi.org/10.1097/SLA.0000000000002764.

30. Rojas-Mundz, E.; Cabrera, M.E.; Lin, C.; Sdnchez-Tamayo, N.; Andersen, D;
Popescu, V.; Anderson, K.; Zarzaur, B.; Mullis, B.; Wachs, J.P. Telementoring in
Leg Fasciotomies via Mixed-Reality: Clinical Evaluation of the STAR Platform.
Mil. Med. 2020, 185, 513-520. https://doi.org/10.1093/MILMED/USZ234.

31. Rojas-Mufioz, E.; Lin, C.; Sanchez-Tamayo, N.; Cabrera, M.E.; Andersen, D.;
Popescu, V.; Barragan, J.A.; Zarzaur, B.; Murphy, P.; Anderson, K.; et al.
Evaluation of an Augmented Reality Platform for Austere Surgical
Telementoring: A  Randomized Controlled Crossover  Study in
Cricothyroidotomies. NPJ Digit. Med. 2020, 3, 75
https://doi.org/10.1038/541746-020-0284-9.

32. Safir, I.J.; Shrewsberry, A.B.; Issa, |.M.; Ogan, K.; Ritenour, CW.M.; Sullivan, J.;
Issa, M.M. Impact of Remote Monitoring and Supervision on Resident Training
Using New ACGME Milestone Criteria. Can. J. Urol. 2015, 22, 7959-7964.

33. Schlachta, C.M.; Lefebvre, K.L.; Sorsdahl, A.K.; Jayaraman, S. Mentoring and
Telementoring Leads to Effective Incorporation of Laparoscopic Colon Surgery.
Surg. Endosc. 2010, 24, 841-844. https://doi.org/10.1007/S00464-009-0674-
1.

34. Talbot, M.; Harvey, E.J.; Berry, G.K; Reindl, R.; Tien, H.; Stinner, D.J,;
Slobogean, G. A Pilot Study of Surgical Telementoring for Leg Fasciotomy. BMJ
Mil. Health 2018, 164, 83—86. https://doi.org/10.1136/JRAMC-2017-000817.

35. Trujillo Loli, Y.; D’Carlo Trejo Huaman, M.; Campos Medina, S. Telementoring
of In-Home Real-Time Laparoscopy Using Whatsapp Messenger: An Innovative

AtAdwuatiki AatptBri MM péow Epevvac « Evun Suothuoata lMAnpogopikricy tou 9 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

Teaching Tool during the COVID-19 Pandemic. A Cohort Study. Ann. Med.
Surg. 2021, 62, 481-484. https://doi.org/10.1016/J.AMSU.2021.01.085.

36. Andersen, D.S.; Cabrera, M.E.; Rojas-Mufioz, E.J.; Popescu, V.S.; Gonzalez,
G.T.; Mullis, B.; Marley, S.; Zarzaur, B.L.; Wachs, J.P. Augmented Reality Future
Step Visualization for Robust Surgical Telementoring. Simul. Healthc. 2019, 14,
59-66. https://doi.org/10.1097/SIH.0000000000000334.

37. Dawe, P.; Kirkpatrick, A.; Talbot, M.; Beckett, A.; Garraway, N.; Wong, H.;
Hameed, S.M. Telementored Damage-Control and Emergency Trauma
Surgery: A Feasibility Study Using Live-Tissue Models. Am. J. Surg. 2018, 215,
927-929. https://doi.org/10.1016/).AMJSURG.2018.01.016.

38. DeKastle, R. Telesurgery: Providing Remote Surgical Observations for Students.
AORN J. 2009, 90, 93—101. https://doi.org/10.1016/J.AORN.2009.03.020.

39. Din, N.; Chan, C.C.; Cohen, E.; lovieno, A.; Dahan, A.; Rootman, D.S.; Litvin, G.
Remote Surgeon Virtual Presence: A Novel Telementoring Method for Live
Surgical Training. Cornea 2022, 41, 385-389
https://doi.org/10.1097/1C0O.0000000000002921.

40. Hinata, N.; Miyake, H.; Kurahashi, T.; Ando, M.; Furukawa, J.; Ishimura, T.;
Tanaka, K.; Fujisawa, M. Novel Telementoring System for Robot-Assisted
Radical Prostatectomy: Impact on the Learning Curve. Urology 2014, 83,
1088-1092. https://doi.org/10.1016/J.UROLOGY.2014.01.010.

41. Altieri, M.S.; Carmichael, H.; Jones, E.; Robinson, T.; Pryor, A.; Madani, A.
Educational Value of Telementoring for a Simulation-Based Fundamental Use
of Surgical EnergyTM (FUSE) Curriculum: A Randomized Controlled Trial in
Surgical Trainees. Surg. Endosc. 2020, 34, 3650-3655.
https://doi.org/10.1007/5S00464-020-07609-1.

42. Glenn, I.C.; Bruns, N.E.; Hayek, D.; Hughes, T.; Ponsky, T.A. Rural Surgeons
Would Embrace Surgical Telementoring for Help with Difficult Cases and
Acquisition of New Skills. Surg. Endosc. 2017, 31, 1264-1268.
https://doi.org/10.1007/S00464-016-5104-6.

43. Lenihan, J.; Brower, M. Web-Connected Surgery: Using the Internet for
Teaching and Proctoring of Live Robotic Surgeries. J. Robot. Surg. 2012, 6, 47—
52. https://doi.org/10.1007/511701-011-0304-5.

44. Moore, A.M.; Carter, N.H.; Wagner, J.P.; Filipi, C.J.; Chen, D.C. Web-Based
Video Assessments of Operative Performance for Remote Telementoring.
Surg. Technol. Int. 2017 , 25, 25-30.

45. Tel, A.; Bortuzzo, F.; Pascolo, P.; Costa, F.; Sembronio, S.; Bresadola, V.; Baldi,
D.; Robiony, M. Maxillofacial Surgery 5.0: A New Paradigm in Telemedicine for
Distance Surgery, Remote Assistance, and Webinars. Minerva Stomatol. 2020,
69, 191-202. https://doi.org/10.23736/50026-4970.20.04274-0.

46. Shin, D.H.; Dalag, L.; Azhar, R.A.; Santomauro, M.; Satkunasivam, R.; Metcalfe,
C.; Dunn, M.; Berger, A.; Djaladat, H.; Nguyen, M.; et al. A Novel Interface for
the Telementoring of Robotic Surgery. BJU Int. 2015, 116, 302-308.
https://doi.org/10.1111/BJU.12985.

AtAdwuatiki AtatptBri MM péow Epevvac « Evpun Suothuata MAnpogopikric» tou 0 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

47. Kirkpatrick, A.W.; McKee, J.L.; Netzer, |.; McBeth, P.B.; D’Amours, S.; Kock, V.;
Dobron, A.; Ball, C.G.; Glassberg, E. Transoceanic Telementoring of Tube
Thoracostomy Insertion: A Randomized Controlled Trial of Telementored
Versus Unmentored Insertion of Tube Thoracostomy by Military Medical
Technicians. Telemed. E-Health 2019, 25, 730-739.
https://doi.org/10.1089/TMJ.2018.0138.

48. Liu, P; Li, C.; Xiao, C.; Zhang, Z.; Ma, J.; Gao, J.; Shao, P.; Valerio, I.; Pawlik,
T.M.; Ding, C.; et al. A Wearable Augmented Reality Navigation System for
Surgical Telementoring Based on Microsoft HoloLens. Ann. Biomed. Eng. 2021,
49, 287-298. https://doi.org/10.1007/510439-020-02538-5.

49. Lacy, A.M.; Bravo, R.; Otero-Pifieiro, A.M.; Pena, R.; De Lacy, F.B.; Menchaca,
R.; Balibrea, J.M. 5G-Assisted Telementored Surgery. Br. J. Surg. 2019, 106,
1576-1579. https://doi.org/10.1002/BJS.11364.

50. Netzer, |.; Kirkpatrick, A.W.; Nissan, M.; McKee, J.L.; McBeth, P.; Dobron, A;;
Glassberg, E. Rubrum Coelis: The Contribution of Real-Time Telementoring in
Acute Trauma Scenarios-A Randomized Controlled Trial. Telemed. E-Health
2019, 25, 1108-1114. https://doi.org/10.1089/TMJ.2018.0173.

51. Greenberg, J.A.; Schwarz, E.; Paige, J.; Dort, J.; Bachman, S. At-Home Hands-on
Surgical Training during COVID19: Proof of Concept Using a Virtual
Telementoring  Platform.  Surg. Endosc. 2021, 35, 1963-1969.
https://doi.org/10.1007/500464-021-08470-6.

52. Forgione, A.; Kislov, V.; Guraya, S.Y.; Kasakevich, E.; Pugliese, R. Safe
Introduction of Laparoscopic Colorectal Surgery Even in Remote Areas of the
World: The Value of a Comprehensive Telementoring Training Program. J.
Laparoendosc. Adv. Surg. Tech. 2015, 25, 37-42.
https://doi.org/10.1089/LAP.2014.0191.

53. Chu, G.; Yang, X.; Luo, L.; Feng, W.; Jiao, W.; Zhang, X.; Wang, VY.; Yang, Z,;
Wang, B.; Li, J.; et al. Improved Robot-Assisted Laparoscopic Telesurgery:
Feasibility of Network Converged Communication. Br. J. Surg. 2021, 108,
e377-e379. https://doi.org/10.1093/BJS/ZNAB317.

54. Wirz, R.; Torres, L.G.; Swaney, P.J.; Gilbert, H.; Alterovitz, R.; Webster, R.J,;
Weaver, K.D.; Russell, P.T. An Experimental Feasibility Study on Robotic
Endonasal Telesurgery. Neurosurgery 2015, 76, 479-484.
https://doi.org/10.1227/NEU.0000000000000623.

55. Zheng, J.; Wang, Y.; Zhang, J.; Guo, W.; Yang, X.; Luo, L.; Jiao, W.; Hu, X,; Yu, Z,;
Wang, C.; et al. 5G Ultra-Remote Robot-Assisted Laparoscopic Surgery in
China. Surg. Endosc. 2020, 34, 5172-5180. https://doi.org/10.1007/5S00464-
020-07823-X.

56. Park, J.W.; Lee, D.H.; Kim, Y.W.; Lee, B.H.; Jo, Y.H. Lapabot: A Compact
Telesurgical Robot System for Minimally Invasive Surgery: Part Il. Telesurgery
Evaluation. Minim. Invasive Ther. Allied Technol. 2012, 21, 195-200.
https://doi.org/10.3109/13645706.2011.579978.

57. Acemoglu, A.; Peretti, G.; Trimarchi, M.; Hysenbelli, J.; Krieglstein, J.; Geraldes,
A.; Deshpande, N.; Ceysens, P.M.V.; Caldwell, D.G.; Delsanto, M.; et al.

AumAwpatikn AtatpiB8r MTMS péow Epsuvac «Evpun Suothuata MMAnpogoptkric» tou 1 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

Operating From a Distance: Robotic Vocal Cord 5G Telesurgery on a Cadaver.
Ann. Intern. Med. 2020, 173, 940-941. https://doi.org/10.7326/M20-0418.
58. Tian, W.; Fan, M.; Zeng, C.; Liu, Y.; He, D.; Zhang, Q. Telerobotic Spinal Surgery
Based on 5G Network: The First 12 Cases. Neurospine 2020, 17, 114-120.

https://doi.org/10.14245/NS.1938454.227.

59. Morohashi, H.; Hakamada, K.; Kanno, T.; Kawashima, K.; Akasaka, H.; Ebihara,
Y.; Oki, E.; Hirano, S.; Mori, M. Social Implementation of a Remote Surgery
System in Japan: A Field Experiment Using a Newly Developed Surgical Robot
via a Commercial Network. Surg. Today 2021, 52, 705-714
https://doi.org/10.1007/5S00595-021-02384-5/FIGURES/S.

60. Huang, E.Y.; Knight, S.; Guetter, C.R.; Davis, C.H.; Moller, M.; Slama, E;
Crandall, M . Telemedicine and telementoring in the surgical specialties: A
narrative review. Am. J. Surg. 2019, 218, 760-766.

61. Sachdeva, N.; Klopukh, M.; Clair, R.S.; Hahn, W.E. Using conditional generative
adversarial networks to reduce the effects of latency in robotic telesurgery. J.
Robot. Surg. 2021, 11, 635-641.

62. Shabir, D.; Abdurahiman, N.; Padhan, J.; Trinh, M.; Balakrishnan, S.; Kurer, M.;
Ali, O.; Al-Ansari, A.; Yaacoub, E.; Deng, Z.; et al. Towards Development of a
Telementoring Framework for Minimally Invasive Surgeries. Int. J. Med. Robot.
2021, 17, e2305. https://doi.org/10.1002/RCS.2305.

63. Nguyen, N.T.; Okrainec, A .; Anvari, M.; Smith, B.; Meireles, O.; Gee, D.;
Moran-Atkin, E.; Baram-Clothier, E.; Camacho, D.R. Sleeve gastrectomy
telementoring: A SAGES multi-institutional quality improvement initiative.
Surg. Endosc. 2018, 32, 682—687.

64. Snyderman, C.H.; Gardner, P.A.; Lanisnik, B.; Ravnik, J. Surgical telementoring:
A new model for surgical training. Laryngoscope 2016, 126, 1334-1338.

65. Kirkpatrick, A.W.; Tien, H .; LaPorta, A.T.; Lavell, K.; Keillor, J.; Beatty, HEW.L;
McKee, J.L.; Brien, S.; Robert, D.J.; Wong, J.; et al. The marriage of surgical
simulation and telementoring for damage-control surgical training of
operational first responders: A pilot study. J. Trauma Acute Care Surg. 2015,
79, 741-747.

66. Li, G.; Su, H.; Cole, G.A.; Shang, W.; Harrington, K.; Camilo, A.; Pilitsis, J.G.;
Fischer, G.S. Robotic System for MRI-Guided Stereotactic Neurosurgery. IEEE
Trans. Biomed. Eng. 2015, 62, 1077-1088.
https://doi.org/10.1109/TBME.2014.2367233.

67. Louis, R.G.; Steinberg, G.K.; Duma, C,; Britz, G.; Mehta, V.; Pace, J.; Selman, W.;
Jean, W.C. Early Experience with Virtual and Synchronized Augmented Reality
Platform for Preoperative Planning and Intraoperative Navigation: A Case
Series. Oper. Neurosurg. 2021, 21, 189-196.
https://doi.org/10.1093/0ONS/OPAB188.

68. Ivan, M.E.; Eichberg, D.G.; Di, L.; Shah, A.H.; Luther, E.M.; Lu, V.M.; Komotar,
R.J.; Urakov, T.M. Augmented Reality Head-Mounted Display—Based Incision
Planning in Cranial Neurosurgery: A Prospective Pilot Study. Neurosurg. Focus
2021, 51, E3. https://doi.org/10.3171/2021.5.FOCUS20735.

AuAdwuatiki AatptBri MM péow Epevvac « Evui Suothuata lMAnpogoptkricy tou 2 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

69. De Momi, E.; Ferrigno, G.; Bosoni, G.; Bassanini, P.; Blasi, P.; Casaceli, G,
Fuschillo, D.; Castana, L.; Cossu, M.; Lo Russo, G.; et al. A Method for the
Assessment of Time-Varying Brain Shift during Navigated Epilepsy Surgery. Int.
J. Comput. Assist. Radiol. Surg. 2016, 11, 473-481.
https://doi.org/10.1007/511548-015-1259-1.

70. Kiarostami, P.; Dennler, C.; Roner, S.; Sutter, R.; Flrnstahl, P.; Farshad, M.;
Rahm, S.; Zingg, P.O. Augmented Reality-Guided Periacetabular Osteotomy—
Proof of Concept. J. Orthop. Surg. Res. 2020, 15, 540
https://doi.org/10.1186/513018-020-02066-X.

71. Padilla, J.B.; Arango, R.; Garcia, H.F.; Cardona, H.D.V.; Orozco, A.A.; Alvarez,
M.A.; Guijarro, E. NEURONAV: A Tool for Image-Guided Surgery—Application
to Parkinson’s Disease. In International Symposium on Visual Computing;
Springer: Cham, Switzerland, 2015 ; Volume 9474, pp. 349-358.
https://doi.org/10.1007/978-3-319-27857-5_32.

72. Watanabe, E.; Satoh, M.; Konno, T.; Hirai, M.; Yamaguchi, T. The Trans-Visible
Navigator: A See-Through Neuronavigation System Using Augmented Reality.
World Neurosurg. 2016, 87, 399-405.
https://doi.org/10.1016/J.WNEU.2015.11.084.

73.Yoon, J.W.; Chen, R.E.; ReFaey, K.; Diaz, R.J.; Reimer, R.; Komotar, RJ,;
Quinones-Hinojosa, A.; Brown, B.L.; Wharen, R.E. Technical Feasibility and
Safety of Image-Guided Parieto-Occipital Ventricular Catheter Placement with
the Assistance of a Wearable Head-up Display. Int. J. Med. Robot. Comput.
Assist. Surg. 2017, 13, e1836. https://doi.org/10.1002/RCS.1836.

74. Fan, X.; Roberts, D.W.; Schaewe, T.J.; Ji, S.; Holton, L.H.; Simon, D.A.; Paulsen,
K.D. Intraoperative Image Updating for Brain Shift Following Dural Opening. J.
Neurosurg. 2017, 126, 1924-1933.
https://doi.org/10.3171/2016.6.JNS152953.

75. Eftekhar, B. A Smartphone App to Assist Scalp Localization of Superficial
Supratentorial Lesions--Technical Note. World Neurosurg. 2016, 85, 359—-363.
https://doi.org/10.1016/J. WNEU.2015.09.091.

76. Hu, L; Wang, M.; Song, Z. A Convenient Method of Video See-through
Augmented Reality Based on Image-Guided Surgery System. In Proceedings of
the 2013 Seventh International Conference on Internet Computing for
Engineering and Science, Shanghai, China, 2022 September 2013; Volume
2013, pp. 100-103. https://doi.org/10.1109/ICICSE.2013.27.

77. Wildemeersch, D.; D’Hondt, M.; Bernaerts, L.; Mertens, P.; Saldien, V.;
Hendriks, J.M.; Walcarius, A.S.; Sterkens, L.; Hans, G.H. Implementation of an
Enhanced Recovery Pathway for Minimally Invasive Pectus Surgery: A
Population-Based Cohort Study Evaluating Short- and Long-Term Outcomes
Using E-Health Technology. JMIR Perioper. Med. 2018, 1, el10996.
https://doi.org/10.2196/10996.

78. Msayib, Y.; Gaydecki, P.; Callaghan, M.; Dale, N.; Ismail, S. An Intelligent
Remote Monitoring System for Total Knee Arthroplasty Patients. J. Med. Syst.
2017, 41, 90. https://doi.org/10.1007/s10916-017-0735-2.

AutAdwuatiki AtatptBri MM péow Epeuvac « Eupun Suothiuata MAnpopoptkic» tou 3 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

79. Peysson, L.; Gomez, C.; Giovannetti, P.; Coltey, B.; Dufeu, N.; Bregeon, E,;
Gaubert, J.; Dutau, H.; Thomas, P.; Reynaud-Gaubert, M. Internet-Based
Telemonitoring System of Daily Home Spirometry in Lung Transplant
Recipients. J. Heart Lung Transplant. 2015, 34, S141-S141.
https://doi.org/10.1016/j.healun.2015.01.380.

80. Jonker, L.T.; Lahr, M.M.H.; Festen, S.; Oonk, M.H.M.; de Bock, G.H.; van
Leeuwen, B.L. Perioperative Telemonitoring of Older Adults with Cancer: Can
We Connect Them All? J. Geriatr. Oncol. 2020, 11, 1244-1249.
https://doi.org/10.1016/].jg0.2020.08.008.

81. Cornelis, N.; Buys, R.; Dewit, T.; Benoit, D.; Claes, J.; Fourneau, |.; Cornelissen,
V. Satisfaction and Acceptability of Telemonitored Home-Based Exercise in
Patients with Intermittent Claudication: Pragmatic Observational Pilot Study.
IMIR Rehabil. Assist. Technol. 2021, 8, e18739.
https://doi.org/10.2196/18739.

82. Mullen-Fortino, M.; Rising, K.L.; Duckworth, J.; Gwynn, V.; Sites, F.D,;
Hollander, J.E. Presurgical Assessment Using Telemedicine Technology: Impact
on Efficiency, Effectiveness, and Patient Experience of Care. Telemed. E-Health
2019, 25, 137-142. https://doi.org/10.1089/TMJ.2017.0133.

83. Vilallonga, R.; Lecube, A.; Fort, J.M.; Boleko, M.A.; Hidalgo, M.; Armengol, M.
Internet of Things and Bariatric Surgery Follow-up: Comparative Study of
Standard and loT Follow-Up. Minim. Invasive Ther. Allied Technol. 2013, 22,
304-311. https://doi.org/10.3109/13645706.2013.779282.

84. Luo, M.; Yuan, R; Sun, Z; Li, T.; Xie, Q. A web-based computer aided system for
liver surgery planning: Initial implementation on RayPlus. In Proceedings of the
Medical Imaging 2016: Image-Guided Procedures, Robotic Interventions, and
Modeling, San Diego, CA, USA, 18 March 2016 ; pp. 504-509.
https://doi.org/10.1117/12.22174079786.

85. Yanni, R.M.T.; El-Bakry, H.M.; Riad, A.; El-Khamisy, N. Internet of Things For
Surgery Process Using Raspberry Pi. Int. J. Online Biomed. Eng. 2020, 16, 96—
115.

86. Caggianese, G.; Calabrese, M.; Gallo, L.; Sannino, G.; Vecchione, C. Cardiac
surgery rehabilitation system (CSRS) for a personalized support to patients. In
Proceedings of the International IEEE Conference on Signal-Image
Technologies and Internet-Based System, Jaipur, India, 4—7 December 2017,
pp. 83-90.

87. Wang, R.; Wang, S.; Duan, N.; Wang, Q. From Patient-Controlled Analgesia to
Artificial Intelligence-Assisted Patient-Controlled Analgesia: Practices and
Perspectives. Front. Med. 2020, 7, 145.

88. McGillion, M.; Ouellette, C.; Good, A.; Bird, M.; Henry, S.; Clyne, W.; Turner,
A.; Ritvo, P.; Ritvo, S.; Dvirnik, N .; et al. Postoperative Remote Automated
Monitoring and Virtual Hospital-to-Home Care System Following Cardiac and
Major Vascular Surgery: User Testing Study. J. Med. Internet Res. 2020, 22,
e15548.

AumAwpatikn AtatptB8r MTMS uéow Epsuvac «Evpun Suothuata NMAnpogoptkric» tou 4 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

89. Colomina, J.; Drudis, R.; Torra, M.; Pallisd, F.; Massip, M.; Vargiu, E.; Nadal, N.;
Funentes, A.; Bravo, M.O.; Miralles, F. et al . Implementing mHealth-Enabled
Integrated Care for Complex Chronic Patients With Osteoarthritis Undergoing
Primary Hip or Knee Arthroplasty: Prospective, Two-Arm, Parallel Trial. J. Med.
Internet Res. 2021, 23, e28320.

90. Holmes, M.; Nieto, M.P.; Song, H.; Tonkin, E.; Grant, S.; Flach, P . Modelling
Patient Behaviour Using 10T Sensor Data: A Case Study to Evaluate Techniques
for Modelling Domestic Behaviour in Recovery from Total Hip Replacement
Surgery. J. Healthc. Informatics Res. 2020, 4, 238-260.

91. Kong, H.; Chen, J. Medical Monitoring and Management System of Mobile
Thyroid Surgery Based on Internet of Things and Cloud Computing. Wirel.
Commun. Mob. Comput. 2021, 7065910.
https://doi.org/10.1155/2021/7065910

92. Rouholiman, D. Gamble, J.G.; Dobrota, S.D.; Encisco, E.M.; Shah, A.G.; Grajales
[, F.J.; Chu, L.LF. Improving Health-Related Quality of Life of Patients With an
Ostomy Using a Novel Digital Wearable Device: Protocol for a Pilot Study. JMIR
Res. Protoc. 2018, 7, e7470.

93. Katsaounou K, Nicolaou E, Vogazianos P, Brown C, Stavrou M, Teloni S, Hatzis
P, Agapiou A, Fragkou E, Tsiaoussis G, Potamitis G, Zaravinos A, Andreou C,
Antoniades A, Shiammas C, Apidianakis Y . Colon Cancer: From Epidemiology
to Prevention. Metabolites 2022;12(6):499

94. Wolf A. M. D, Fontham E, Church T, Flowers C, Guerra C, LaMonte S, Etzioni R,
McKenna M, Oeffinger K, Shih YT, Walter L, Andrews K, Brawley O, Brooks D,
Fedewa S, Manassaram- Baptiste D, Siegel R, Wender R, Smith R.Colorectal
cancer screening for average-risk adults: 2018 guideline update from the
American Cancer Society. CACancer J Clin 2018; 68(4):250-281

95. Mitsala, A, Tsalikidis, C, Pitiakoudis, M, Simopoulos, C, Tsaroucha, A K.
Artificial Intelligence in Colorectal Cancer Screening, Diagnosis and Treatment.
A New Era. CurrOncol 2021; 28(3):1581-1607

96. Mulita F, Lotfollahzadeh S: Intestinal stoma. StatPearls Publishing, Treasure
Island, FL; 2022.

97. Hossain MS, Karuniawati H, Jairoun AA, Urbi Z, Ooi DJ, John A, Lim Y C, Kibria
KMK, Mohiuddin A, Ming LC, Goh KW, Hadi MA. Colorectal Cancer: A Review
of Carcinogenesis, Global Epidemiology, Current Challenges, Risk Factors,
Preventive and Treatment Strategies. Cancers (Basel)2022; 14(7):1732

98. Colorectal Cancer Awareness Month 2022 - IARC.
https://www.iarc.who.int/featured-news/colorectal-cancer-awareness-month-
2022/.

99. Wong MCS, Huang J, Huang JLW, Pang TWY, Choi P, Wang J, Chiang JI, Jiang JY.
Global Prevalence of Colorectal Neoplasia: A Systematic Review and Meta-
Analysis. Clin Gastroenterol Hepatol 2020; 18(3):553-561

100. Waljee AK, Weinheimer- Haus EM, Abudakar A, Ngugi AK, Siwo GH,
Kwakye G, Singal AG, Rao A, Saini SD, Read AJ, Baker JA, Balis U, Opio CK, Zhu J,
Saleh MN. Artificial intelligence and machine learning for early detection and

AumAwpatikn AtatpiBr MTMS péow Epsuvac «Evpur Suothuata [TAnpo@optkric» tou 5 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

diagnosis of colorectal cancer in sub-Saharan Africa. Gut 2022; 71(7):1259-
1265

101. Ben Hamida A, Devanne M, Weber J, Trutzner C, Derangere V,
Ghiringhelli F, Forestier G, WemmertC.Deep learning for colon cancer
histopathological images analysis. ComputBiol Med2021; 136:104730

102. Ho C, Zhao Z, Chen XF, Sauer J, Saraf SA, Jialdasani R, Taghipour K,
Sathe A, Khor LY, Lim KH, LeowWQ . A promising deep learning-assistive
algorithm for histopathological screening of colorectal cancer. Sci Rep
2022;12(1):2222

103. Pacal, |, Karaboga D, Basturk A, Akay B, Nalbantoglu U. A
comprehensive review of deep learning in colon cancer. ComputBiol Med
2020;126:104003

104. Deshmukh R, Rathi P. Artificial Intelligence in Medicine. J Assoc
Physicians India 2022;70(3):11-12

105. Topol EJ. High-performance medicine: the convergence of human and
artificial intelligence. Nat Med 2019;25(1):44-56

106. Hamet P, Tremblay J. Artificial intelligence in medicine. Metabolism
2017; 69: S36-540

107. Yu C, Helwig EJ. The role of Al technology in prediction, diagnosis and
treatment of colorectal cancer. ArtifIntell Rev2022;55(1):323-343

108. Repici A, Spadaccini M, Antonelli G, Correale L, Maselli R, Galtieri PA,

Pellegata G, Capogreco A, Milluzzo SM, Lollo G, Di Paolo D, Badalamenti M,
Ferrara E, Fugazza A, Carrara A, Anderloni A, Rondonotti E, Amato A,
DeGottardi A, Spada C, Radaelli F, Savevski S, Wallace MB, Sharma P, Résch T,
Hassan C. Artificial intelligence and colonoscopy experience: lessons from two
randomised trials. Gut 2022;71(4):757-765

109. Cappell, M. S. Pathophysiology, clinical presentation, and management
of colon cancer. Gastroenterol Clin NorthAm 2008;37(1):1-24

110. Simon K. Colorectal cancer development and advances in screening.
Clin Interv Aging 2019; 11:967-976

111. Shapcott M, Hewitt KJ, Rajpoot N. Deep Learning With Sampling in
Colon Cancer Histology. Front BioengBiotechnol2019;7:52

112. Mulita F, Lotfollahzadeh S, Mukkamalla SKR. Lymph Node Dissection.
In: StatPearls. Treasure Island (FL): StatPearls Publishing; December 3, 2022.

113. Davri A, Birbas E, Kanavos T, Ntritsos G, Giannakeas N, Tzallas AT,

BatistatouA.Deep learning on histopathological images for colorectal cancer
diagnosis: A systematic review. Diagnostics (Basel) 2022;12(4):837

114. Tiwari S, Falahkheirkhah K, Cheng G, Bhargava R. Colon Cancer
Grading Using Infrared Spectroscopic Imaging-Based Deep Learning.
ApplSpectrosc 2022;76(4):475-484

115. Ben Hamida A,Devanne M, Weber J, Trutzner C, Derangere V,
Ghiringhelli F, Forestier G, Wemmert C. Weakly Supervised Learning using
Attention gates for colon cancer histopathological image segmentation.
Artifintell Med 2022;133:102407

AuAdwuatiki AatptBri MM péow Epevvac « Evun Suothuata lMAnpogopikricy» tou 6 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

116. Mulita F, Verras Gl, Tchabashvili L, et al. Small bowel
obstruction in a 42-year-old patient? Be aware of Meckel's diverticulum. Prz
Gastroenterol. 2022;17(3):245-247.

117. Sarwinda D, Paradisa RH., Bustamam A, Anggia P. Deep
Learning in Image Classification using Residual Network (ResNet) Variants for
Detection of Colorectal Cancer. Procedia ComputSci 2021;179:423-431

118. Masud M, Sikder N, Nahid A, Bairagi AK, Alzain MA. A Machine
Learning Approach to Diagnosing Lung and Colon Cancer Using a Deep
Learning-Based Classification Framework. Sensors (Basel) 2021;21(3):748

1109. Gupta P,Huang Y, Sahoo PK, You JF, Onthoni DD, ChernYJ,Chao
KY, Chiang JM, Yeh CY, Tsai WS. Colon Tissues Classification and Localization in
Whole Slide Images Using Deep Learning. Diagnostics2021;11(8):1398

120. B Hamida A, Devanne M, Weber J, Trutzner C, Derangere V,
Ghiringhelli F, Forestier G, Wemmert C. Deep learning for colon cancer
histopathological images analysis. ComputBiol Med 2021;136:104730

121. Sari CT, Gunduz-Demir C. Unsupervised Feature Extraction via
Deep Learning for Histopathological Classification of Colon Tissue Images. |IEEE
Trans Med Imaging 2019;38(5):1139-1149

122. Bilal M, Raza SEA, Azam A, Graham S, llyas M, Cree IA, Snead D
,MinhasF,Rajpoot NM . Development and validation of a weakly supervised
deep learning framework to predict the status of molecular pathways and key
mutations in colorectal cancer from routine histology images: a retrospective
study. Lancet Digit Health 2021;3(12):e763-e772

123. Sveen A, Bruun J, Eide PW, Eilersten IA, Ramirez L, Murumagi A,
Arjama M, Danielsen SA, Kryeziu K, Elez E, Tabernero J, Guinney J, Palmer HG,
Nesbakken S, Kallionemi O, Dienstmann R, LotheRA . Colorectal cancer
consensus molecular subtypes translated to preclinical models uncover
potentially targetable cancer cell dependencies. Clin Cancer Res
2018;24(4):794-806

124. Ghareeb WM, Draz E, Madbouly K, Hussein AH, Faisal M,
Elkashef W, Emile MH, Edelhamre M, Kim SH, Emile SH, . Deep Neural
Network for the Prediction of KRAS Genotype in Rectal Cancer. J Am Coll Surg
2022;235(3):482-493

125. Lech G, Stotwinski ,Stodkowski M, Krasnodebski IW. Colorectal
cancer tumour markers and biomarkers: Recent therapeutic advances. World |
Gastroenterol 2016;22(5):1745-1755

126. Gao F, Wang W, Tan M, Zhu L, Fessler E, Vermeulen L, Wang
X.DeepCC: a novel deep learning-based framework for cancer molecular
subtype classification. Oncogenesis 2019;8:44

127. Li S, Yang Y, Wang X, Li J, Yu J, Li X, Wong KC. Colorectal cancer
subtype identification from differential gene expression levels using minimalist
deep learning. BioData Min 2022;15(1):12

128. Yamashita R, Long J, Longacre J, Peng L, Berry G, Martin B,
Higgins J, Rubin DL, Shen J. Deep learning model for the prediction of

AumAwpatikn AtatpiB8r MTMS puéow Epsuvac «Evpun Suothuata lMAnpogoptkric» tou 7 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

microsatellite instability in colorectal cancer: a diagnostic study. Lancet Oncol
2021;22(1):132-141

1209. Kather JN, Pearson AT,Halama N, Jager D, Krause J, Loosen SH,
Marx A, Boor P, Tacke F, Neumann UP, Grabsch HI, Yoshikawa T, Brenner H,
Chang-Claude J, Hoffmeister M, Trautwein C, Luedde T .Deep learning can
predict microsatellite instability directly from histology in gastrointestinal
cancer. Nat Med 2019;25(7):1054-1056

130. Mulita F, Verras Gl, Anagnostopoulos CN, Kotis K. A Smarter
Health through the Internet of Surgical Things. Sensors (Basel).
2022;22(12):4577.

131. Qiu W, Yang J, Wang B, Yang M, Tian G, Wang P, Yang J.
Predicting Microsatellite Instability in Colorectal Cancer Based on a Novel
Multimodal Fusion Deep Learning Model Integrating Both Histopathological
Images and Clinical Information. SSRN Electronic Journal 2022;12:925079

132. Motta R, Cabezas- Camarero S, Torres- Mattos C, Riquelme A,
Calle A, Figueroa A, Sotelo MJ. Immunotherapy in microsatellite instability
metastatic colorectal cancer: Current status and future perspectives. J Clin
Transl Res 2021;7(4):511-522

133. Swiderska-Chadaj Z, Pinckaers H, Van Rijthoven M, Balkenhol
M, Melnikova M, Geessink O, Manson Q, Sherman M, Polonia A, Parry J,
Abubakar M, Litjens G, van der Laak G, CiompiF, Learning to detect
lymphocytes in immunohistochemistry with deep learning. Med Image Anal
2019;58:101547

134, Sirinukunwattana K, Raza SEA, Tsang YW, Snead DRJ, Cree IA,
Rajpoot NM . Locality Sensitive Deep Learning for Detection and Classification
of Nuclei in Routine Colon Cancer Histology Images. IEEE Trans Med Imaging
2016;35(5):1196-1206

135. Jgrgensen AS, Rasmussen AM, Andersen NKM, Andersen SK,
Emborg J, Roge R, Ostergaard LR, .Using cell nuclei features to detect colon
cancer tissue in hematoxylin and eosin stained slides. Cytometry A
2017;91(8):785-793

136. AkramAbdulrazzag A, Hamid SS, Al-Douri AT, Hamad Mohamad
AA, Selvi D, lbrahim AM. Hyperspectral Image Analysis of Colon Tissue and
Deep Learning for Characterization of Health care. J Environ Public
Health2022;2022:8670534

137. Minami S, Saso K, Miyoshi N, Fujino S, Kato S, Sekido Y, Hata T,
Ogino T, Takahashi H, Uemura M, Yamamoto H, Doki Y, Eguchi H. Diagnosis of
Depth of Submucosal Invasion in Colorectal Cancer with Al Using Deep
Learning. Cancers(Basel) 2022;14(21):5361

138. Yu H, Huang T, Feng B, Lyu J. Deep-learning model for
predicting the survival of rectal adenocarcinoma patients based on a
surveillance, epidemiology, and end results analysis. BMC Cancer
2022;22(1):210

AuAdwuatiki AatptBri MM péow Epevvac « Evun Suothuata lMAnpogopikric» tou 8 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

1309. Wulczyn E, Steiner DF, Moran M, Plass M, Reihs R, Tan F,
Flament-Augvine |, Brown T, Regitnig P, Chen PC, Hedge N, Sadhwani A,
MacDonald R, Ayalew B, Corrado DS, Peng LH, Tse D, Muller H, Xu Z, Liu Y,
Stumpe MC, Zatloukal K, Mermel CH. Interpretable survival prediction for
colorectal cancer using deep learning. NPJ Digital Medicine 2021;4(1):71

140. Schiele S, Arndt TT, Martin B, Miller S, Bauer S, Banner BM,
Brendel EM, Schenkirsch G, Anthuber M, Huss R, Markl B, Muller G.Deep
Learning Prediction of Metastasis in Locally Advanced Colon Cancer Using
Binary Histologic Tumour Images. Cancers (Basel) 2021;13(9):2074

141. Tsirikoglou A, Stacke K, Eilertsen G, Lindvall M, Unger J. A Study
of Deep Learning Colon Cancer Detection in Limited Data Access Scenarios
2020 doi:10.48550/arxiv.2005.10326.

142. Mandel JS. Screening for Colorectal Cancer. Gastroenterol Clin
North Am 2008;37(1):97-115
143. Labianca R, Nordlinger B, Beretta GD, Mosconi S, Mandala M,

Cervantes A, Arnold D, . Early colon cancer: ESMO clinical practice guidelines
for diagnosis, treatment and follow-up. Annals of Oncology 2013;24 Suppl
6:vi64-72 doi:10.1093/annonc/mdt354

144, Mulita F, Tepetes K, Verras Gl, et al. Perineal colostomy:
advantages and disadvantages. Prz Gastroenterol. 2022;17(2):89-95.
145. Cappell MS. The pathophysiology, clinical presentation, and

diagnosis of colon cancer and adenomatous polyps. Medical Clinics
2005;89(1):1-42

146. Jahan M, Achara G, Reich D. Suspicious Ulcers in the Colon. Am
Fam Physician 2001;63(5):943-944

147. Azer SA. Challenges Facing the Detection of Colonic Polyps:
What Can Deep Learning Do? Medicina (Kaunas) 2019;55(8):473

148. Misawa M, Kudo SE, Mori Y, Cho T, Kataoka S, Yamauchi A,
Ogawa Y, Maeda VY, Takeda K, Ichimasa K, Nakamura H, Yagawa Y, Toyoshima
N, Ogata N, Kudo T, Hisayuki T, Hayashi T, Wakamura T, Baba T, Ishida F, Itoh
H, Roth H, Oda M, Mori K. Artificial Intelligence-Assisted Polyp Detection for
Colonoscopy: Initial Experience. Gastroenterology 2018;154(8):2027-2029

149. Triantafillidis JK., VagianosC,Malgarinos, G. Colonoscopy in
Colorectal Cancer Screening: Current Aspects. Indian J Surg Oncol
2015;6(3):237-250

150. Hann A, Troya J, Fitting, D. Current status and limitations of
artificial intelligence in colonoscopy. United European Gastroenterol |
2021;9(5):527-533

151. Wallace MB, Sharma P, Bhandari P, East J, Antonelli G,
Lorenzetti R, Vieth M, Speranza |, Spadaccini M, Desai M, Lukens FJ, Babameto
G, Batista D, Singh D, Palmer W, Ramirez F, Palmer R, Lunsford T, Ruff K, Bird-
Liebermann E, Ciofoaia V, Arndtz S, Cangemi D, Puddick K, Derfus G, Johal AS,
Barawi M, Longo L, Moro L, Repici A, Hassan C . Impact of Artificial Intelligence
on Miss Rate of Colorectal Neoplasia. Gastroenterology 2022;163(1):295-304

AtAdwuatiki AatptBri MM péow Epevvac « Evun Suothuoata lMAnpogopikricy tou 9 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

152. Wang P,Liu P, Brown JRG, Berzin TM, Zhou G, Lei S, Liu X, Li L,
Xiao X . Lower Adenoma Miss Rate of Computer-Aided Detection-Assisted
Colonoscopy vs Routine White-Light Colonoscopy in a Prospective Tandem
Study. Gastroenterology 2020;159(4):1252-1261

153. Azer, S. A. Challenges facing the detection of colonic polyps:
What can deep learning do? Medicina (Kaunas) 2019;55(8):473
154. Urban G, Tripath P, Alkayali T, Mittal M, Jalali F, Karnes W, Baldi

P. Deep Learning Localizes and lIdentifies Polyps in Real Time with 96%
Accuracy in Screening Colonoscopy. Gastroenterology 2018;155(4):1069-1078

155. Mulita F, Liolis E, Akinosoglou K, et al. Postoperative sepsis
after colorectal surgery: a prospective single-center observational study and
review of the literature. Prz Gastroenterol. 2022;17(1):47-51.

156. Su JR, Li Z, Shao XJ, Ji CR, Ji R, Zhou RC, Li GC, Liu GQ, He YS, Zuo
XL, Li YQ, . Impact of a real-time automatic quality control system on
colorectal polyp and adenoma detection: a prospective randomized controlled
study (with videos). GastrointestEndosc 2020;91(2):415-424

157. Sanchez-Peralta LF, Bote-Curiel L, Picon A, Sanchez-Margallo
FM, Pagador JB. Deep learning to find colorectal polyps in colonoscopy: A
systematic literature review. ArtifIntell Med 2020;108:101923

158. HsiehYH, Leung FW. An overview of deep learning algorithms
and water exchange in colonoscopy in improving adenoma detection. Expert
Rev Gastroenterol Hepatol 2019;13(12):1153-1160

159. Komeda Y,Handa H, Watanabe T, Nomura T, Kitahasi M, Sakurai
T, Okamoto A, Minami T, Kono M, Arizumi T, Takenaka M, Hagiwara S, Matsui
S, Nishida N, Kashida H, Kudo M. Computer-Aided Diagnosis Based on
Convolutional Neural Network System for Colorectal Polyp Classification:
Preliminary Experience. Oncology 2017;93(1):30-34

160. Hsu CM, Hsu CC, Hsu ZM, Shih FY, Chang ML, Chen TH.
Colorectal Polyp Image Detection and Classification through Grayscale Images
and Deep Learning. Sensors (Basel) 2021;21(18):5995

161. Thakkar S, Carleton NM, Rao B,Syed A. Use of artificial
intelligence-based analytics from live colonoscopies to optimize the quality of
the colonoscopy exam in real-time: proof of concept. Gastroenterology
2020;158(5):1219-1221

162. Mascarenhas M, Ribeiro T, Afonso J, Ferreira JPS, Cardoso H,
Andrade P, Parente MPL, Jorge RN, Saraiva MM, Macedo G. Deep learning and
colon capsule endoscopy: automatic detection of blood and colonic mucosal
lesions using a convolutional neural network. Endosc Int Open
2022;10(2):e171-e177

163. Saraiva MM, Ferreira JPS, Cardoso H, Afonso J, Ribeiro T,
Andrade P, Parente MPL, Jorge RN, Macedo G..Artificial intelligence and colon
capsule endoscopy: development of an automated diagnostic system of
protruding lesions in colon capsule endoscopy. Tech Coloproctol
2021;25(11):1243-1248

AtAdwuatiki AtatptBri MM péow Epevvac « Evpun Suothuata MAnpogopikric» tou 0 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

164. Mascarenhas M, Afonso J, Ribeiro T, Cardoso H, Andrade P,
Ferreira JPS, Saraiva MM, Macedo G. Performance of a Deep Learning System
for Automatic Diagnosis of Protruding Lesions in Colon Capsule Endoscopy.
Diagnostics (Basel) 2022;12(6):1445

165. Ribeiro T, Mascarenhas M, Afonso J, Cardoso H, Andrade P,
Lopes S, Ferreira J, Saraiva MM, Macedo G. Artificial Intelligence and colon
capsule endoscopy: Automatic detection of ulcers and erosions using a
convolutional neural network. J Gastroenterol Hepatol 2022;37(12):2282-2288

166. Summerton S, Little E, Cappell MS. CT Colonography: Current
Status and Future Promise. Gastroenterol Clin NorthAm 2008;37(1):161-189
167. Ricci Z, Kobi M,Yee J. CT Colonography for Colorectal Cancer
Screening. J RadiolNurs2020;89:1068

168. Pickhardt PJ, Correalel,Hassan C. CT Colonography for
Colorectal Cancer Screening. Am Fam Physician 2011;259(2):393-405

169. Sali L, Regge D. CT colonography for population screening of
colorectal cancer: hints from European trials. Br J Radiol2016;89:1068

170. Hegde, N., Shishir, M., Shashank, S., Dayananda, P. & Latte, M.

v. A Survey on Machine Learning and Deep Learning-based Computer-Aided
Methods for Detection of Polyps in CT Colonography. Curr Med Imaging
2021;17(1):3-15

171. Cao W,Pomeroy MJ, Gao Y, Barish MA, Abbasi AF, Pickhardt PJ.
Multi-scale characterizations of colon polyps via computed tomographic
colonography. Vis ComputindBiomed Art 2019;2:25

172. Wesp P, Grosu S, Graser A, Maurus S, Schulz C, Knosel T,
Fabritius MP, Schachtner B, Yeh BM, Cyran CC, Ricke J, Kazmierczak PM,
Ingrisch M. Deep learning in CT colonography: differentiating premalignant
from benign colorectal polyps. EurRadiol 2022;32(7):4749-4757

173. Dighe S, Swift |, Brown G. CT staging of colon cancer. Clin Radiol
2008;63(12):1372-1379
174. Wang X, Gu, C, Zha Y, Xu KlLiu X. Diagnosis of

Nonperitonealized Colorectal Cancer with Computerized Tomography Image
Features under Deep Learning. Contrast Media Mol Imaging
2022;2022:1886406

175. Ding J, Li Q, Lin J, He S, Chen W, He Q, Zhang Q, Chen J, Wu T,
Zhong S, Li D. Optical coherence tomography for the early detection of
colorectal dysplasia and cancer: validation in a murine model. Quant Imaging
Med Surg 2021;11(1):371-379

176. Zeng Y, Xu S, Chapman Jr WC, Li S, Alipour Z, Abdelal H,
Chatterje D, Mutch M, Zhu Q. Real-time colorectal cancer diagnosis using PR-
OCT with deep learning. Theranostics 2020;10(6):2587-2596

177. Tharwat M, Sakr NA, El-Sappagh S, Soliman H, Kwak KS, ElImogy
M. Colon Cancer Diagnosis Based on Machine Learning and Deep Learning:
Modalities and Analysis Techniques. Sensors ( Basel) 2022;22(23):9250

AumAwpatikn AtatpiB8r MTMS péow Epsuvac «Evpun Suothuata MMAnpogoptkric» tou 1 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

178. Metter DM, Colgan TJ, Leung ST., Timmons CF,Park JY. Trends
in the US and Canadian Pathologist Workforces From 2007 to 2017. JAMA
Netw Open 2019;2(5):e194337

179. Maung R. Pathologists’ workload and patient safety.
DiagnHistopathol 2016; 22(8):283-287
180. Ching T, Himmelstein DS, Beaulieu-Jones B, Kalinin AA, Do BT,

Way GP, Ferrero E, Agapow PM, Zietz M, Hoffman MM, Xie W, Rosen GL,
Lengerich BJ, Israeli J, Lachantin J, Woloszynek S, Carpenter AE, Shrikumar A,
Xu J, Cofer EM, Lavender CA, Turaga SC, Alexandri AM, Lu Z, Harris DJ,
DeCaprio D, Qi Y, Kundaje A, Peng Y, Wiley LK, Segler MHS, Boca SM,
Swamidass SJ, Huang A, Gitter A, Greene CS. Opportunities and obstacles for
deep learning in biology and medicine. J R Soc Interface
2018;15(141):20170387

181. Mascagni P, Alapatt D, Sestini L, Altieri MS, Madani A, Watanabe Y,
Alseidi A, Redan JA, Alfieri S, Costamagna G, Boskoski I, Padoy N, Hashimoto
DA. Computer vision in surgery: from potential to clinical value. NPJ Digit Med.
2022 Oct 28;5(1):163. doi: 10.1038/s41746-022-00707-5. PMID: 36307544
PMCID: PMC9616906.

182. Ward TM, Mascagni P, Ban Y, Rosman G, Padoy N, Meireles O,
Hashimoto DA. Computer vision in surgery. Surgery. 2021 May;169(5):1253-
1256. doi: 10.1016/j.surg.2020.10.039. Epub 2020 Dec 1. PMID: 33272610.

183. Kitaguchi D, Takeshita N, Hasegawa H, Ito M. Artificial intelligence-
based computer vision in surgery: Recent advances and future perspectives.
Ann Gastroenterol Surg. 2021 Oct 8;6(1):29-36. doi: 10.1002/ags3.12513.
PMID: 35106412; PMCID: PMC8786689.

184. Hashimoto DA, Rosman G, Rus D, Meireles OR. Artificial Intelligence in
Surgery: Promises and Perils. Ann Surg. 2018 Jul;268(1):70-76. doi:
10.1097/SLA.0000000000002693. PMID: 29389679; PMCID: PMC5995666.

185. Gumbs AA, Grasso V, Bourdel N, Croner R, Spolverato G, Frigerio |,
lllanes A, Abu Hilal M, Park A, Elyan E. The Advances in Computer Vision That
Are Enabling More Autonomous Actions in Surgery: A Systematic Review of
the Literature. Sensors (Basel). 2022 Jun 29;22(13):4918. doi:
10.3390/522134918. PMID: 35808408; PMCID: PM(C9269548.

186. Siegel, R.L.; Miller, K.D.; Fuchs, H.E.; Jemal, A. Cancer Statistics,
2022. CA. CancerJ. Clin. 2022, 72, 7-33, d0i:10.3322/CAAC.21708.
187. Dozois, E.J.; Boardman, L.A.; Suwanthanma, W.; Limburg, P.J;

Cima, R.R.; Bakken, J.L.; Vierkant, R.A.; Aakre, J.A.; Larson, D.W. Young-Onset
Colorectal Cancer in Patients with No Known Genetic Predisposition: Can We
Increase Early Recognition and Improve Outcome? Medicine (Baltimore).
2008, 87, 259-263, d0i:10.1097/MD.0B013E3181881354.

188. Elmore, J.G.; Longton, G.M.; Carney, P.A.; Geller, B.M.; Onega,
T.; Tosteson, A.N.A.; Nelson, H.D.; Pepe, M.S.; Allison, K.H.; Schnitt, S.J.; et al.
Diagnostic Concordance among Pathologists Interpreting Breast Biopsy
Specimens. JAMA 2015, 313, 1122-1132, doi:10.1001/JAMA.2015.1405.

AuAdwuatiki AatptBri MM péow Epevvac « Evui Suothuata lMAnpogoptkricy tou 2
poutnt OPANTSESK MOYAITA

|



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

189. Van Putten, P.G.; Hol, L.; Van Dekken, H.; Han van Krieken, J.;
Van Ballegooijen, M.; Kuipers, E.J.; Van Leerdam, M.E. Inter-Observer Variation
in the Histological Diagnosis of Polyps in Colorectal Cancer Screening.
Histopathology 2011, 58, 974-981, doi:10.1111/J.1365-2559.2011.03822.X.

190. Mukhopadhyay, S.; Feldman, M.D.; Abels, E.; Ashfaqg, R.;
Beltaifa, S.; Cacciabeve, N.G.; Cathro, H.P.; Cheng, L.; Cooper, K.; Dickey, G.E.;
et al. Whole Slide Imaging Versus Microscopy for Primary Diagnosis in Surgical
Pathology: A Multicenter Blinded Randomized Noninferiority Study of 1992
Cases (Pivotal Study). Am. J. Surg. Pathol. 2018, 42, 39-52,
doi:10.1097/PAS.0000000000000948.

191. Wang, K.S.; Yu, G.; Xu, C.; Meng, X.H.; Zhou, J.; Zheng, C.; Deng,
Z.; Shang, L.; Liu, R.; Su, S.; et al. Accurate Diagnosis of Colorectal Cancer Based
on Histopathology Images Using Artificial Intelligence. BMC Med. 2021, 19, 1—
12, d0i:10.1186/512916-021-01942-5/FIGURES/A4.

192. Liberati, A.; Altman, D.G.; Tetzlaff, J.; Mulrow, C.; Ggtzsche,
P.C.; loannidis, J.P.A.; Clarke, M.; Devereaux, P.J.; Kleijnen, J.; Moher, D. The
PRISMA Statement for Reporting Systematic Reviews and Meta-Analyses of
Studies That Evaluate Health Care Interventions: Explanation and Elaboration.
PLoS Med. 2009, 6, doi:10.1371/JOURNAL.PMED.1000100.

193. Whiting, P.F.; Rutjes, A.W.S.; Westwood, M.E.; Mallett, S,;
Deeks, J.J.; Reitsma, J.B.; Leeflang, M.M.G.; Sterne, J.A.C.; Bossuyt, P.M.M.
Quadas-2: A Revised Tool for the Quality Assessment of Diagnostic Accuracy
Studies. Ann. Intern. Med. 2011, 155, 529-536, doi:10.7326/0003-4819-155-
8-201110180-00009/SUPPL_FILE/155-8-529-SUPPLEMENT.PDF.

194. Qaiser, T.; Tsang, Y.W.; Taniyama, D.; Sakamoto, N.; Nakane, K;
Epstein, D.; Rajpoot, N. Fast and Accurate Tumor Segmentation of Histology
Images Using Persistent Homology and Deep Convolutional Features. Med.
Image Anal. 2019, 55, 1-14, doi:10.1016/J.MEDIA.2019.03.014.

195. Yu, G.; Sun, K.; Xu, C.; Shi, X.H.; Wu, C.; Xie, T.; Meng, R.Q.;
Meng, X.H.; Wang, K.S.; Xiao, H.M.; et al. Accurate Recognition of Colorectal
Cancer with Semi-Supervised Deep Learning on Pathological Images. Nat.
Commun. 2021, 12, doi:10.1038/541467-021-26643-8.

196. Xu, L.; Walker, B.; Liang, P.-I.; Tong, Y.; Xu, C.; Su, Y.C.; Karsan,
A. Colorectal Cancer Detection Based on Deep Learning. J. Pathol. Inform.
2020, 11, 28, doi:10.4103/JPL.JPI_68_19.

197. Ho, C.; Zhao, Z.; Chen, X.F.; Sauer, J.; Saraf, S.A.; Jialdasani, R.;
Taghipour, K.; Sathe, A.; Khor, L.Y.; Lim, K.H.; et al. A Promising Deep Learning-
Assistive Algorithm for Histopathological Screening of Colorectal Cancer. Sci.
Rep. 2022, 12, doi:10.1038/541598-022-06264-X.

198. HosseinzadehKassani, S.; HosseinzadehKassani, P.; Wesolowski,
M.J.; Schneider, K.A.; Deters, R. Deep Transfer Learning Based Model for
Colorectal Cancer Histopathology Segmentation: A Comparative Study of Deep
Pre-Trained Models. Int. J. Med. Inform. 2022, 159,
doi:10.1016/J.1IJMEDINF.2021.104669.

AutAdwuatiki AtatptBri MM péow Epeuvac « Eupun Suothiuata MAnpopoptkic» tou 3 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

199. Gupta, P.; Huang, Y., Sahoo, P.K. You, J.-F.; Chiang, S.-F;
Onthoni, D.D.; Chern, Y.-J.; Chao, K.-Y.; Chiang, J.-M.; Yeh, C.-Y.; et al. Colon
Tissues Classification and Localization in Whole Slide Images Using Deep
Learning. Diagnostics 2021, Vol. 11, Page 1398 2021, 11, 1398,
doi:10.3390/DIAGNOSTICS11081398.

200. HageChehade, A.; Abdallah, N.; Marion, J.M.; Oueidat, M
Chauvet, P. Lung and Colon Cancer Classification Using Medical Imaging: A
Feature Engineering Approach. Phys. Eng. Sci. Med. 2022, 45, 729-746,
doi:10.1007/513246-022-01139-X.

201. Collins, T.; Bencteux, V.; Benedicenti, S.; Moretti, V.; Mita, M.T ;
Barbieri, V.; Rubichi, F.; Altamura, A.; Giaracuni, G.; Marescaux, J.; et al.
Automatic Optical Biopsy for Colorectal Cancer Using Hyperspectral Imaging
and Artificial Neural Networks. Surg. Endosc. 2022, 36, 8549-8559,
doi:10.1007/S00464-022-09524-7.

202. Awan, R.; Sirinukunwattana, K.; Epstein, D.; Jefferyes, S,;
Qidwai, U.; Aftab, Z., Mujeeb, I.; Snead, D.; Rajpoot, N. Glandular
Morphometrics for Objective Grading of Colorectal Adenocarcinoma Histology
Images. Sci. Rep. 2017, 7, 2220-2243, do0i:10.1038/541598-017-16516-W.

203. Shaban, M.; Awan, R.; Fraz, M.M.; Azam, A.; Tsang, Y.W,;
Snead, D.; Rajpoot, N.M. Context-Aware Convolutional Neural Network for
Grading of Colorectal Cancer Histology Images. IEEE Trans. Med. Imaging
2020, 39, 2395-2405, doi:10.1109/TMI.2020.2971006.

204. Yan, R.; Yang, Z.; Li, J.; Zheng, C.; Zhang, F.; Yan, R.; Yang, Z.; Li,
J.; Zheng, C.; Zhang, F. Divide-and-Attention Network for HE-Stained
Pathological Image Classification. Biol. 2022, Vol. 11, Page 982 2022, 11, 982,
doi:10.3390/BIOLOGY11070982.

205. Dabass, M.; Vashisth, S.; Vig, R. A Convolution Neural Network
with Multi-Level Convolutional and Attention Learning for Classification of
Cancer Grades and Tissue Structures in Colon Histopathological Images.

Comput. Biol. Med. 2022, 147, 105680,
doi:10.1016/J.COMPBIOMED.2022.105680.
206. Malik, J.; Kiranyaz, S.; Kunhoth, S.; Ince, T.; Al-Maadeed, S.;

Hamila, R.; Gabbouj, M. Colorectal Cancer Diagnosis from Histology Images: A
Comparative Study. 2019, doi:10.48550/arxiv.1903.11210.

207. Popa, L. A Statistical Framework for Evaluating Convolutional
Neural Networks. Application to Colon Cancer. Ann. Univ. Craiova - Math.
Comput. Sci. Ser. 2021, 48, 159-166, doi:10.52846/AMI.V4811.1449.

208. Stoean, R. Analysis on the Potential of an EA-Surrogate
Modelling Tandem for Deep Learning Parametrization: An Example for Cancer
Classification from Medical Images. Neural Comput. Appl. 2020, 32, 313-322,
doi:10.1007/S00521-018-3709-5/FIGURES/4.

2009. Ben Hamida, A.; Devanne, M.; Weber, J.; Truntzer, C.;
Derangere, V.; Ghiringhelli, F.; Forestier, G.; Wemmert, C. Deep Learning for

AumAwpatikn AtatptB8r MTMS uéow Epsuvac «Evpun Suothuata NMAnpogoptkric» tou 4
poutnt OPANTSESK MOYAITA

|



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

Colon Cancer Histopathological Images Analysis. Comput. Biol. Med. 2021,
136, doi:10.1016/J.COMPBIOMED.2021.104730.

210. Tsuneki, M.; Kanavati, F. Deep Learning Models for Poorly
Differentiated Colorectal Adenocarcinoma Classification in Whole Slide Images
Using Transfer Learning. Diagnostics 2021, 11,
doi:10.3390/diagnostics11112074.

211. Sena, P.; Fioresi, R.; Faglioni, F.; Losi, L.; Faglioni, G.; Roncucci,
L. Deep Learning Techniques for Detecting Preneoplastic and Neoplastic
Lesions in Human Colorectal Histological Images. Oncol. Lett. 2019, 18, 6101,
doi:10.3892/0L.2019.10928.

212. Kim, H.; Yoon, H.; Thakur, N.; Hwang, G.; Lee, E.J.; Kim, C,;
Chong, Y. Deep Learning-Based Histopathological Segmentation for Whole
Slide Images of Colorectal Cancer in a Compressed Domain. Sci. Rep. 2021, 11,
22520, doi:10.1038/541598-021-01905-7.

213. Paladini, E.; Vantaggiato, E.; Bougourzi, F.; Distante, C.; Hadid,
A.; Taleb-Ahmed, A. Two Ensemble-CNN Approaches for Colorectal Cancer
Tissue Type Classification. J. Imaging 2021, Vol. 7, Page 51 2021, 7, 51,
doi:10.3390/JIMAGING7030051.

214. Jiao, Y.; Yuan, J.; Qiang, Y.; Fei, S. Deep Embeddings and Logistic
Regression for Rapid Active Learning in Histopathological Images. Comput.
Methods Programs Biomed. 2021, 212, doi:10.1016/J.CMPB.2021.106464.

215. Riasatian, A.; Babaie, M.; Maleki, D.; Kalra, S.; Valipour, M
Hemati, S.; Zaveri, M.; Safarpoor, A.; Shafiei, S.; Afshari, M.; et al. Fine-Tuning
and Training of Densenet for Histopathology Image Representation Using
TCGA Diagnostic Slides. Med. Image Anal. 2021, 70, 102032,
doi:10.1016/J.MEDIA.2021.102032.

216. Li, X.; Cen, M.; Xu, J.; Zhang, H.; Xu, X.S. Improving Feature
Extraction from Histopathological Images through a Fine-Tuning ImageNet
Model. J. Pathol. Inform. 2022, 13, doi:10.1016/J.JP1.2022.100115.

217. LeCun, Y.; Bottou, L.; Bengio, Y.; Haffner, P. Gradient-Based
Learning Applied to Document Recognition. Proc. |[EEE 1998, 86, 2278-2323,
doi:10.1109/5.726791.

218. Yan, R.; Yang, Z,; Li, J.; Zheng, C.; Zhang, F.; Yan, R.; Yang, Z.; Li,
J.; Zheng, C.; Zhang, F. Divide-and-Attention Network for HE-Stained
Pathological Image Classification. Biol. 2022, Vol. 11, Page 982 2022, 11, 982,
doi:10.3390/BIOLOGY11070982.

219. Kainz, P.; Pfeiffer, M.; Urschler, M. Segmentation and
Classification of Colon Glands with Deep Convolutional Neural Networks and
Total Variation Regularization. Peer) 2017, 5, doi:10.7717/PEERJ.3874.

220. Xu, L.; Walker, B.; Liang, P.-I.; Tong, Y.; Xu, C.; Su, Y.C.; Karsan,
A. Colorectal Cancer Detection Based on Deep Learning. J. Pathol. Inform.
2020, 11, 28, doi:10.4103/JPL.JPI_68_19.

221. Awan, R.; Sirinukunwattana, K.; Epstein, D.; lefferyes, S,
Qidwai, U.; Aftab, Z., Mujeeb, I.; Snead, D.; Rajpoot, N. Glandular

AumAwpatikn AtatpiBr MTMS péow Epsuvac «Evpur Suothuata [TAnpo@optkric» tou 5 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

Morphometrics for Objective Grading of Colorectal Adenocarcinoma Histology
Images. Sci. Rep. 2017, 7, 2220-2243, doi:10.1038/541598-017-16516-W.
222. Chen, H.; Qi, X.; Yu, L.; Dou, Q.; Qin, J.; Heng, P.A. DCAN: Deep
Contour-Aware Networks for Object Instance Segmentation from Histology
Images. Med. Image Anal. 2017, 36, 135-146,

doi:10.1016/J.MEDIA.2016.11.004.

223. Gland Instance Segmentation Using Deep Multichannel Neural
Networks. |EEE  Trans. Biomed. Eng. 2017, 64, 2901-2912,
doi:10.1109/TBME.2017.2686418.

224. Haj-Hassan, H.; Chaddad, A.; Harkouss, Y.; Desrosiers, C.;
Toews, M.; Tanougast, C. Classifications of Multispectral Colorectal Cancer
Tissues Using Convolution Neural Network. J. Pathol. Inform. 2017, 8, 1,
doi:10.4103/JPI.JPI_47 _16.

225. Van Eycke, Y.R.; Balsat, C.; Verset, L.; Debeir, O.; Salmon, |;
Decaestecker, C. Segmentation of Glandular Epithelium in Colorectal Tumours
to Automatically Compartmentalise IHC Biomarker Quantification: A Deep
Learning  Approach. Med. Image  Anal. 2018, 49, 35-45,
doi:10.1016/J.MEDIA.2018.07.004.

226. Graham, S.; Chen, H.; Gamper, J.; Dou, Q.; Heng, P.A.; Snead,
D.; Tsang, Y.W.; Rajpoot, N. MILD-Net: Minimal Information Loss Dilated
Network for Gland Instance Segmentation in Colon Histology Images. Med.
Image Anal. 2019, 52, 199-211, doi:10.1016/J.MEDIA.2018.12.001.

227. Yoon, H.; Lee, J.; Oh, J.E.; Kim, H.R.; Lee, S.; Chang, H.J.; Sohn,
D.K. Tumor Identification in Colorectal Histology Images Using a Convolutional
Neural Network. J. Digit. Imaging 2019, 32, 131-140, doi:10.1007/510278-
018-0112-9/TABLES/S.

228. Sari, C.T.; Gunduz-Demir, C. Unsupervised Feature Extraction
via Deep Learning for Histopathological Classification of Colon Tissue Images.
IEEE Trans. Med. Imaging 2019, 38, 1139-1149,
doi:10.1109/TMI.2018.2879369.

229. Raczkowski, t.; Mozejko, M.; Zambonelli, J.; Szczurek, E. ARA:
Accurate, Reliable and Active Histopathological Image Classification
Framework with Bayesian Deep Learning. Sci. Reports 2019 91 2019, 9, 1-12,
doi:10.1038/s41598-019-50587-1.

230. Song, E.M.; Park, B.; Ha, C.A.; Hwang, S.W.; Park, S.H.; Yang,
D.H.; Ye, B.D.; Myung, S.J.; Yang, S.K.; Kim, N.; et al. Endoscopic Diagnosis and
Treatment Planning for Colorectal Polyps Using a Deep-Learning Model. Sci.
Rep. 2020, 10, doi:10.1038/541598-019-56697-0.

231. Masud, M.; Sikder, N.; Nahid, A. Al; Bairagi, A.K.; Alzain, M.A. A
Machine Learning Approach to Diagnosing Lung and Colon Cancer Using a
Deep Learning-Based Classification Framework. Sensors 2021, Vol. 21, Page
748 2021, 21, 748, doi:10.3390/521030748.

AuAdwuatiki AatptBri MM péow Epevvac « Evun Suothuata lMAnpogopikricy» tou 6 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIETHMIO

”‘Cw AITAIOY Francesk Mulita

232. Togacar, M. Disease Type Detection in Lung and Colon Cancer
Images Using the Complement Approach of Inefficient Sets. Comput. Biol.
Med. 2021, 137, 104827, doi:10.1016/J.COMPBIOMED.2021.104827.

233. Terradillos, E.; Saratxaga, C.L.; Mattana, S.; Cicchi, R.; Pavone,
F.S.; Andraka, N.; Glover, B.J.; Arbide, N.; Velasco, J.; Etxezarraga, M.C.; et al.
Analysis on the Characterization of Multiphoton Microscopy Images for
Malignant Neoplastic Colon Lesion Detection under Deep Learning Methods. J.
Pathol. Inform. 2021, 12, 27, doi:10.4103/JPI.JPI_113_20.

234, Zhou, D.; Tian, F.; Tian, X.; Sun, L.; Huang, X.; Zhao, F.; Zhou, N.;
Chen, Z.; Zhang, Q.; Yang, M.; et al. Diagnostic Evaluation of a Deep Learning
Model for Optical Diagnosis of Colorectal Cancer. Nat. Commun. 2020 111
2020, 11, 1-9, doi:10.1038/s41467-020-16777-6.

235. Shen, Y.; Ke, J. Sampling Based Tumor Recognition in Whole-
Slide Histology Image With Deep Learning Approaches. IEEE/ACM Trans.
Comput. Biol. Bioinforma. 2022, 19, 2431-2441,
doi:10.1109/TCBB.2021.3062230.

236. Reis, H.C.; Turk, V. Transfer Learning Approach and Nucleus
Segmentation with MedCLNet Colon Cancer Database. J. Digit. Imaging 2022,
1-20, doi:10.1007/510278-022-00701-Z/FIGURES/19.

237. Yoshida, M.; Shimoda, T.; Kusafuka, K.; Sugino, T.; Nakajima, T.;
Ono, H. Comparative Study of Western and Japanese Criteria for Biopsy-Based
Diagnosis of Gastric Epithelial Neoplasia. Gastric Cancer 2015, 18, 239-245,
doi:10.1007/510120-014-0382-Y/FIGURES/1.

238. Paladini, E.; Vantaggiato, E.; Bougourzi, F.; Distante, C.; Hadid,
A.; Taleb-Ahmed, A. Two Ensemble-CNN Approaches for Colorectal Cancer
Tissue Type Classification. J. Imaging 2021, Vol. 7, Page 51 2021, 7, 51,
doi:10.3390/JIMAGING7030051.

2309. HosseinzadehKassani, S.; HosseinzadehKassani, P.; Wesolowski,
M.J.; Schneider, K.A.; Deters, R. Deep Transfer Learning Based Model for
Colorectal Cancer Histopathology Segmentation: A Comparative Study of Deep
Pre-Trained Models. Int. J. Med. Inform. 2022, 159,
doi:10.1016/J.1IJMEDINF.2021.104669.

240. Campanella, G.; Hanna, M.G.; Geneslaw, L., Miraflor, A,
Werneck Krauss Silva, V.; Busam, K.J.; Brogi, E.; Reuter, V.E.; Klimstra, D.S;
Fuchs, T.J. Clinical-Grade Computational Pathology Using Weakly Supervised
Deep Learning on Whole Slide Images. Nat. Med. 2019, 25, 1301-1309,
doi:10.1038/541591-019-0508-1.

241. Gurcan, M.N.; Boucheron, L.E.; Can, A.; Madabhushi, A;
Rajpoot, N.M.; Yener, B. Histopathological Image Analysis: A Review. IEEE Rev.
Biomed. Eng. 2009, 2, 147-171, doi:10.1109/RBME.2009.2034865.

242. Louis, D.N.; Perry, A.; Reifenberger, G.; von Deimling, A.;
Figarella-Branger, D.; Cavenee, W.K.; Ohgaki, H.; Wiestler, O.D.; Kleihues, P.;
Ellison, D.W. The 2016 World Health Organization Classification of Tumors of

AumAwpatikn AtatpiB8r MTMS puéow Epsuvac «Evpun Suothuata lMAnpogoptkric» tou 7 b
poutnt OPANTSESK MOYAITA 1



Image Processing and Deep learning for Colorectal Cancer Diagnosis
[TANEIIIETHMIO

AITAIOY Francesk Mulita

the Central Nervous System: A Summary. Acta Neuropathol. 2016, 131, 803—
820, doi:10.1007/500401-016-1545-1.

243, TIA Centre Warwick: GlaS Challenge Contest Available online:
https://warwick.ac.uk/fac/cross_fac/tia/data/glascontest/ (accessed on 12
January 2023).

244, Dice, L.R. MEASURES OF THE AMOUNT OF ECOLOGIC
ASSOCIATION BETWEEN SPECIES.

245, Goncalves, T.; Rio-Torto, |.; Teixeira, L.F.; Cardoso, J.S. A Survey
on Attention Mechanisms for Medical Applications: Are We Moving towards
Better Algorithms? |EEE Access 2022, 10, 98909-98935,
doi:10.48550/arxiv.2204.12406.

AutAwpotikn AtatpiBry [TMZE péow Epeuvag «Eupun Suotiuata [MAnpogoptkri¢» tou 8 b
poutnt OPANTSESK MOYAITA 1



	Preface
	1 Introduction
	1.1 Scope of our thesis
	1.1.1 Structure of the thesis


	2 Information and Communications Technology (ICT) in Surgery
	2.1 Definitions of ICT in Surgery
	2.2 Applications of ICT in Surgery
	2.3 Review of IoT in Surgery
	2.3.1 The Internet of Telesurgery and Surgical Telementoring
	2.3.2 Image-Guided Surgery in the IoT Era
	2.3.3 The Role of the IoT in Telemonitoring the Surgical Patient
	2.3.4 Discussing Open Issues and Challenges
	Conclusions

	2.4 The role of deep learning in diagnosing colorectal cancer
	2.4.1 Deep Learning and histopathological diagnosis of CRC
	2.4.2 Deep Learning and endoscopic diagnosis of CRC
	2.4.3 Application of DL in other diagnostic tests for CRC
	2.4.4 Applying DL for CRC optimization: current aspects and future challenges

	2.5 Review of Computer Vision in Surgery

	3 Working towards a complete tissue classification algorithm
	3.1 Deep Learning and Image Processing in Colorectal Cancer diagnosis
	3.1.1 Binary outcomes (Benign or Malignant)
	3.1.2 Higher-Class Tissue Classification and Grading
	3.1.3 Customized vs Pre-Trained Models
	3.1.4 Attention learning models in tissue classification
	3.1.5 Discussion

	3.2 Materials and Methods
	3.3 Proposed Architecture
	3.3.1 Enhanced convolutional learning module
	3.3.2 Attention Learning Module
	3.3.3 Transitional Module

	3.4 Discussion of future implications

	4 Conclusions  andFeature Work Implications
	References

