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Abstract

Artificial intelligence (AI) is a fascinating new technology that incorporates machine
learning and neural networks to improve existing technology or create new ones. Potential
applications of Al are introduced to aid in the fight against colorectal cancer (CRC). This
includes how AI will affect the epidemiology of colorectal cancer and the new methods
of mass information gathering like GeoAl, digital epidemiology and real-time informa-
tion collection. Meanwhile, this review also examines existing tools for diagnosing disease
like CT/MRI, endoscopes, genetics, and pathological assessments also benefitted greatly
from implementation of deep learning. Finally, how treatment and treatment approaches to
CRC can be enhanced when applying Al is under discussion. The power of Al regarding
the therapeutic recommendation in colorectal cancer demonstrates much promise in clini-
cal and translational field of oncology, which means better and personalized treatments for
those in need.
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1 Introduction

On the edge of the inevitability of artificial intelligence (Al) becoming a mainstay in our
daily lives, researchers find that thinking systems have a plethora of potential applica-
tions in everyday living. Things like forecasting weather, self-driving cars, or predicting
the amount of new customers for telecommunication companies are just some of the areas
we’ve seen this technology slowly make its way into (Zheng June 2019; Sallab et al. 2017;
Qureshi et al. 2013). Deep learning and machine learning are defined as the ability of Al
to learn representations of data with multiple levels of abstraction, which are then coupled
with an algorithm that indicates how much change there should be compared to its previ-
ous internal parameters (LeCun et al. 2015) (Fig. 1). The ability of deep learning to view
and react to certain trends or patterns truly puts it in a category of its own, with strengths
come from the process of categorizing, understanding, and predicting (Murphy 2012; Chan
et al. 1994). The power potentially harnessed from deep learning comes from the ability to
feed on large amounts of data to train itself to be better. Its current impact cannot be meas-
ured or quantified at this moment, which allows one to imagine how this circumstance can
be used for the general public’s mental and physical health needs. The application of intel-
ligent systems in gastrointestinal health is no different. With systems like Al, we do find
ourselves in a conundrum of having no set boundaries for the application, but also no nec-
essary starting points either, though slowly the lines become clearer (Russell et al. 2015).

1.1 Al for epidemiological prediction of colorectal cancer
Al is a tool that can improve the methods of how doctors collect data for epidemiological

purposes. The aforementioned predictive power of Al is one of the most practical applica-
tions of this technology (Chen and Asch 2017). The use of Al predictive models for public
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Fig. 1 Comparison between artificial intelligence (AI), machine learning (ML) and deep learning (DL)
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safety has been examined in the subdivision of environmental epidemiology in cases like
forest fires and earthquakes (Sakr et al. 2010; Khoshemehr et al. 2019). The application of
Al in these areas can be very useful for public health and safety (Rigano 2018), but overall
is dwarfed by the potential impact artificial intelligence can have when applied to cancer,
cancer research, cancer treatment and cancer prevention. According to the National Center
for Health Statistics’ (NCHS) 10 year report, the number of deaths due to fires of any kind
in the US from 2008 to 2017 was roughly 31,895, while at the same time deaths from can-
cer in 2016 alone were estimated at 595,690 (Fire Administration and Agency 2019; Siegel
et al. 2016). Colorectal cancer made up roughly 8.2%, or 49,190, of all cancer deaths in the
US in 2016 and still remains the 3rd highest cause of mortality for cancer patients of any
kind and 3rd highest amount of new cases (Siegel et al. 2016). This leaves us with the ques-
tion of how Al can be and is being used to impact the epidemiology of colorectal cancer.

Steps to apply deep learning to epidemiological studies have begun as general measures
to interpret research and data, but encounter some degree of difficulty due to things such
as access to data, categorization, and general boundaries of these new ideas are still being
fleshed out (Thiébaut and Thiessard 2018, 2019; Gonzélez et al. 2019; Denecke 2017).
Various types of modalities and subspecialties of Al appear promising for the use of pre-
dictive studies, incidence and distribution of colorectal cancer.

A specialized facet of Al called GeoAl is a tool that can potentially help healthcare
providers in certain necessitated areas (Janowicz et al. 2020). GeoAl works by taking any
information and data from a specific geographical area and allows artificial intelligence
modalities to compile and retrieve more specific information from these data, based on
what type of information they want (Janowicz et al. 2020). This is due to the concept of
spatial science that allows for a more specific targeted interpretation of science-based
data in one specific area (VoPham et al. 2018).Information that is available can vary from
things like geographical (terrain) information, food consumption information, healthcare
information, and a plethora of others (VoPham et al. 2018). The hope is that specific areas
which suffer more from colorectal cancer can benefit the most from this type of informa-
tion collection.

Countries like South Korea have an exorbitant amount of cases of gastrointestinal can-
cer. Organ specific rate for cancer in 2015 stood at 33.8 per 100,000 for gastric cancer, and
30.4 per 100,000 for colorectal cancer, making them the 2nd and 3rd highest incidence
rates respectively (Kweon 2018) and are 1st, if classified as gastrointestinal cancers, not
just individually. Since we recognize that colorectal cancer is a complex process, which
must take into consideration things like geographic location, genetic predisposition, nutri-
tion, and habits (Kuipers et al. 2015). GeoAl in this space can be tremendously useful as
it’s had initial steps in being applied into environmental health in the case of environmen-
tal exposures, genetics, food consumption patterns, and applying specific treatments to
specific people in specific areas (VoPham et al. 2018; Kweon 2018; Kuipers et al. 2015;
Kamel Boulos et al. 2019; KamelBoulos and Blond 2016). This type of data set extraction
can help define the future of colorectal cancer epidemiology with regards to how effects of
cancer may be seen locally.

Another useful but potentially controversial way of Al application comes from digital
epidemiology (Salathé et al. 2012). Digital epidemiology specifically deals with a dif-
ferent facet of public health, but in this case focuses on gathering information that can
be quantified by Al and includes methods of data gathering that include digital sources
like social media and digital devices to give more depth to epidemiological information
gathered (Velasco 2018).This opens the door to a massive pool of information that was
not previously available to physicians and can aid in early disease detection and health
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surveillance of the public at large (Eckmanns et al. 2019a). A huge benefit of digital epide-
miology is that it is strictly digitally gathered but the big caveat is that information was not
generated with the medical epidemiology in mind (Salathé 2018) but rather volunteered by
people online. This is where we run into a massive problem for this type of data collection,
which can directly infringe on patient’s privacy and can call into question general questions
about information security and confidentiality (Denecke 2017; Kostkova 2018). Examples
of this grey area can be found in a work by Sadilek et al. which surveilled google, twitter,
and social media for keywords like stomach illnesses and restaurant names then applied
machine learning to categorize and eventually tabulate which restaurants were potentially
exposing people to illness and also the locations of those restaurants by use geo-tagged
searches (Sadilek et al. 2018). One can easily imagine how examples like this can be use-
ful for ascertaining information from people who may or may not have colorectal cancer,
but are openly discussing potential symptoms or issues they are experiencing, which can
in turn be used for understanding health needs (Table 1) (Eckmanns et al. 2019b; Tarkoma
et al. 2020; Dion et al. 2015; Dodson et al. 2016; Hii et al. 2018).

Though we perceive certain information sets to be dull and essentially useless, a very
helpful instrument for collecting and sorting this information to yield something rel-
evant and useful is called data mining (Hand et al. 2001). Data mining uses Al to take
large quantities of information that may be simple or complex, related or unrelated and
sorts through them to find facts, patterns and information (Han 2012). According to the
book, Data Mining: Concepts and techniques by J. Han, the process includes “databases
(datasets), cleaning and integration (of data), data warehouses (where all relevant data is
stored), data mining (“knowledge mining from data”), patterns, evaluation and presenta-
tion (expressing it in an understandable way) and knowledge (“knowledge discovery from
data”) (Han 2012). This means that medical data on colorectal cancer can come from any
type of source whether rural hospitals, research centers, or even the aforementioned social
media posts and still have some useful lesson or concept we can use. Use of data mining
technology applied to diagnosing colorectal cancer can help us uncover relationships; asso-
ciations and a plethora of other potential unseen factors that were never even considered
but can hold a large piece of the puzzle into what makes up colorectal cancer.

1.2 Alfor diagnosis of colorectal cancer

As more and more technologies look towards Al as an aid, it is no surprise that diagnos-
tic methods for detecting cancer have slowly been implementing ways to better diagnose
patients with stronger accuracy and precision (Huang et al. 2019). Another added benefit
is its ability to handle large amounts of data and being able extract information that experts
simply cannot see (Huang et al. 2019). The attempt to improve medical imaging methods
has begun by examining how deep learning can enhance how find cancer using imaging
and range from tools that allow for increased ability to scan and interpret images faster,
assure better workflow and quality of images or enhancing image quality by incorporating
3d technologies into image extraction (Liu et al. 2018a; Topol 2019; Thompson et al. 2018;
Li et al. 2018).

Though imaging modalities seem like a natural fit for Al incorporation, the potential
use for assisting in pathology and genetic disease diagnosis seems equally promising and
deserves equal focus. This could entail changes to the current methods of medical test-
ing or can open up new ways of seeing diseases as they appear. Overall, bettering current
methods of imaging or testing can have transformative.
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1.2.1 Endoscopy and MRI/CT imaging

Understanding how Al is implemented into visual imagery interpretation begins with
understanding another dimension of AI, namely Convolutional Neural Networks. These are
artificial neural networks (ANN) that deal exclusively any parameters of image data (Wu
2017) (Fig. 2). By taking in large quantities of data sets (images), they can learn and find
patterns to identify new things, and since they are a branch of Al, they allow for optimiza-
tion and have the capacity to learn new things (O’Shea and Nash 2015). Another thing
to note about imaging and Al is that information taken in by computers and interpreted
real-time by Al is referred to as computer vision, which includes any information coming
from camera or videos. Naturally, one makes the leap to how we can apply methods from
CNNs and computer vision to one of the most powerful tools available in colorectal cancer,
the endoscope. With regards to CNN, the most popular way for objection detection is via
the replicated feature approach which employs copies of a similar feature detector to view
them in different positions (Le 2018). Other important features are that it can cause free
parameter reduction, is “able to replicate across scale and orientation” and employs feature
types that allow for their “own map of replicated detectors” (Le 2018). This is beneficial
two-fold by “not making neural networks invariant to translation” and for the allowance
of having features useful in certain area, be useful in all areas, also referred to as invariant
knowledge (Le 2018).

Initial steps for enhancing the endoscope have come from technology referred to as seg-
mentation, which comes from the ability of computer vision to differentiate objects as dif-
ferent and not just one big object (Yuheng and Hao 2017). The key is that segmentation
ideally would allow for differentiation of anatomy and also differentiation from normal and
cancerous masses (Kayalibay et al. 2017). In order to know what is “normal” and “abnor-
mal” there may be the incorporation of pattern recognition, which gives a spatial input
recognition, which when coupled with neural network architectures like CNN, allows there
to be some form of differentiation. Zhang et al. recently noted that hollow organs can have
difficulty with regards to unwanted artifacts (patient-related, signal-related, or equipment

B2

O1

Fig.2 Introduction of an artificial neural network (ANN) with input layer (I), hidden layer (H), bias layer
(B) and output layer (O). Connections between each node are dynamically adjusted to the feedback of train-
ing process. Positive correlation is showed in black line while negative correlation is in grey line. The thick-
ness of line is in proportion to relative significance. Such ANN allows new input and generates given output
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related) due to instrumentation actively moving and possible displacing things creating
unwanted artifacts that may interfere with a proper diagnoses (Zhang and Xie 2019). They
viewed different available datasets to try and incorporate methods to refine how to mini-
mize the number of artifacts picked up on by the segmentation application. Recently, a
much larger and similar project was done by Ali et al., which sought to compare 23 differ-
ent algorithms using a common datasets for segmentation in endoscopy (Ali et al. 2020).
They found that for the most part the performance aspect of detecting artifacts was similar
in the algorithms, but a big issue most faced was dealing with larger artifacts, which can
present a large issue due to potential amounts of misinterpretation of findings or false posi-
tive findings (Ali et al. 2020).

More direct methods have been tried when applying CNNs to endoscopy by attempt-
ing to diagnose polyps directly. First attempts by Misawa et al. created their own personal
algorithms to try to correctly identify colorectal polyps (Misawa et al. 2018). Video data
sets were run through their algorithm to try and correctly identify polyps, whilst 2 experts,
treated as the gold standard, also reviewed the same data sets and annotated their findings,
they were later compared to the Al algorithm. Findings concluded that computer aided
detection correctly diagnosed flat lesions, the most difficult to diagnose, correctly at 64.5%
(100/155), while correctly identified 94% of the test polyps (Misawa et al. 2018; Kudo
et al. 2019; Liu et al. 2018b).

Building on these findings, Mori et al. applied the same algorithm used by Misawa et al.
to conduct a live experiment (Mori et al. 2019). This time he used an endocytoscope, which
has an over 500-fold magnification power, while still functioning as a normal endoscope.
Six patients were chosen and all underwent the same procedure. All 6 patients were iden-
tified in real time ranging from adenoma or hyperplastic polyp (Mori et al. 2019). Extra
features they incorporated from the previous experiment included a change in corner color
of the screen that indicated there was a change from normal, a warning sound and more
importantly was able to determine in real time which were neo-plastic or non-neoplastic by
evaluating the microscopic image (Mori et al. 2019).

It is postulated by Mori et al. that the added benefits of incorporating deep learning into
colonoscopies, other than the obvious one of increased diagnosis accuracy, comes from
minimizing any detection rate variations, allowing for better teaching tools that allow to
endoscopists and those training, and to reduce the amount of unnecessary polypectomies
(Mori et al. 2017). Endoscopic studies involved with Al have been blossomed (Table 2)
(Ichimasa et al. 2018; Nakajima et al. 2020; Lai et al. 2021; Yamada et al. 2019; Chen
et al. 2018; Repici et al. 2020; Kudo et al. 2020; Mori et al. 2018; Nguyen et al. 2020; Ded-
ing et al. 2020). Roadblocks to implementation of these technologies include technological
progress, the lack of regulations, clinical trials, feasibility, risks of misdiagnosis and others
(Kudo et al. 2019; Mori et al. 2017). Potentially, the largest issue lies in the nature of the
system itself. As all Al relies on data sets to subsist and grow, the collection of available
data sets for this specialty are very scarce meaning the capacity to learn new things is also
scarce limiting the network overall (Mori et al. 2017).

CT and MRI also benefit greatly from the input of CNNs, though information about
their implementation for the purposes of colorectal cancer is very scarce. Thus far, the
strongest areas of where Al has been able to impact this type of imaging comes from detec-
tion, segmentation and classifications of images (Yamashita et al. 2018; Shan et al. 2019),
which are identical to the previously mentioned attempts though just from CT/MRI (Zhang
and Xie 2019; Ali et al. 2020; Mori et al. 2019). Another forgotten way technology can
indirectly affect patient health was seen in a study by Shan et al. which showed that with
the aid of Al low dose CT scans can be essentially reconstructed with learning machines
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to yield a valuable image (Sharma and Aggarwal 2010). This can be a huge step towards
actually reducing the amount of radiation patients receive when doing scans and alleviate
unwanted side effects (Sharma and Aggarwal 2010). We have also seen general attempts
to reduce attenuation correction of PET/MR images by using something they called deep
MRAC (deep learning approaches for MR image-based AC) to help improve image quality
for better readings and improvements to segmentation technology (Pesapane et al. 2018;
Lundervold and Lundervold 2019).

With both endoscope and CT/MRI imaging, we are reminded of how Al is not yet com-
pletely optimized and ready for complete implementation, and also shows how technicians
are still invaluable to the interpretation of imaging (Tajbakhsh et al. 2016). Pesapane et al.
believes that machines will not replace radiologists but underlines the importance of com-
bining efforts between radiologists and computer scientists to make more effective tools
even at the cost of less jobs in that field (Tajbakhsh et al. 2016). Lundervold et al. poses
that this technology is here to stay and stresses the significance and integration of compu-
tational medicine into the mainstream (Ribeiro et al. 2016). The general direction seems
to indicate that overall improvements and incorporation via improving colonoscopy, with
areas of emphasis that comes from detection of polyps (Borkowski et al. 2019; Marley
and Nan 2016). This includes addressing improvements to computer learning understand-
ing shapes and adjacent boundaries, suggesting that it is better to optimize and improve
current technologies rather than starting from nothing (Ali et al. 2020; Misawa et al. 2018;
Borkowski et al. 2019).

In general, certain limitations or issues can be found when trying to use CNNs for image
or object recognition. Images may have some aberrations regarding how pixels appear
leading to misinterpretations due to lost or abnormal pixilation. Anatomy is not always
100% similar within all individuals therefore can be misinterpreted incorrectly. Manners
or methods with regards to positioning of patients or anatomic differences can lead to posi-
tional changes of how an image is collected, hence leading to potential misinterpretation.
Also, the issues of segmentation itself and how to really know how to differentiate what is
relevant information or what are just artefacts (i.e., Bubbles or gases) that have no bearing
on the overall determinant of diagnosing someone for a neoplasia.

1.2.2 Genetic and pathological diagnosis

Efforts towards pathological understanding and genetic diagnosis look to enhance the cur-
rent categorizing framework and look for other pathologic signs or genetic reasons for car-
cinogenesis. This can prove important since histopathology or genetics alone might not be
enough for Al to diagnose CRC, as seen in the study by Borkowski et al. which compared
different Al platforms for detecting adenocarcinoma in the veteran population and found
that the machine learning tools had the most difficulty trying to differentiate adenocarci-
noma with KRAS mutation and adenocarcinoma without KRAS mutation (Germot and
Maftah 2019). This means a more unified approach may be required.

Though the influence of environmental causes cannot be understated (Hilario and
Kalousis 2008), the invaluable role of genetics from studies on tumor suppressor genes
and oncogenes like APC, KRAS, MTHFR and others play in the potential formation of
colorectal cancer (Hilario and Kalousis 2008). This has led to an explosion in the number
of potential biomarkers and indicators that may be linked to cancer growth, i.e. POFUT1
and PLAGL?2 (lizuka et al. 2020). A large problem arises though: how can many genes and
variables be extracted from a small sample size then for reapplied (Ciompi et al. 2017).
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Training Al to classify tumors based on histopathology alone has been done with
some success. lizuka et al. trained an algorithm to classify gastric and epithelial tumors
into adenocarcinoma, adenoma, or non-neoplastic (Komeda et al. 2017). Whole slide
images from datasets collected and input to the Al, where they were segmented into
smaller tiles, organized, and compared to a standardized tile that represented lof the
3 potential states then yielded an eventual classification (Komeda et al. 2017). They
compared max pooling (MP), a type of CNN which uses smaller tile sizes and compared
it to RNN (recurrent neural network) for evaluating and classifying the images. RNNs
proved more accurate due to MP information loss that is natural in the format, though
there was no statistical difference (Komeda et al. 2017). Both systems had identifica-
tion issues when inflammatory tissue included in data sets. Ciompi et al. postulate that
it may not be entirely the fault of Al that it can recognize images but rather that CNNs
need better quality images to learn from and that Al can be helped by stain normaliza-
tion in H&E images leading to increased accuracy (Dimitriou et al. 2018).

The consequences of diagnosing CRC late can lead to an overabundance of issues.
CNN models for accurately diagnosing adenomatous and non-adenomatous polyps in a
study by Komeda et al. put their model at roughly 70% accuracy (Banerjee et al. 2020).
This means we are far from optimized but Al could aid in other ways for later stage
CRC diagnosing. Potential considerations for how Al can be incorporated in diagnosis
come by way of a study by Dimitriou et al. which sought to increase accuracy in stage
IICRC prognosis (Ferrari et al. 2019). Dimitriou states that too much focus is placed
on the characteristics of the tumor itself, and that more attention should be brought to
other traits such as textures, spatial relationships and morphology, all of which were
facets handled by machine learning (Ferrari et al. 2019). They found that their model
of incorporation outperformed pathological T staging by achieving the area under
receiver operating characteristic curve (AUROC) above 77 and 94% in 5 and 10 year
prognoses respectively, compared to 62% in 5 and 10 years using pathological T stage
(Ferrari et al. 2019). They believe this is due to more emphasis on micro-environment,
DAPI, the fluorescence microscopy stain, intensity from tumor cell buds, and irregularly
shaped nuclei, insight brought by machine learning (Ferrari et al. 2019).

Though currently theoretical, pathological diagnosis for colorectal cancer seems like
a natural fit for the incorporation of fuzzy based systems. By its nature, fuzzy systems
allow for more detailed interpretation of information than just having all things fit the
“0” or “1” category (i.e., “no” or “yes”) by allowing any number between 0 and 1 to
exist. This scope can be applied to any form of pathology and can help with identifying
aberrations or predicting cancer likelihood based on set parameters. In the case of colo-
rectal cancer polyps, fuzzy parameters can be easily applied to match various character-
istics that may be deemed important including polyp stock in pedunculated or mucosal
lesions, if serrations on hyperplastic polyps will become advanced lesions, specific sizes
or shapes to help pre-determine whether a growth is classified in the lower risk group or
if an adenomatous polyp will become cancer. Attempts to apply of fuzzy logic concepts
to diagnosing cancer were seen in a study by Banerjee et al. who employed the YOLO
algorithm to evaluate imaging to try and identify melanoma using deep convolutional
neural networks (DCNNs) (Martinez-Romero et al. 2010). Since early recognition of
melanoma depends heavily on physical attributes of moles such as asymmetry, borders,
color, diameter and evolution, it is very reasonable to think that fuzzy logic concepts
can be applied to colorectal cancer and physical attributes of the lumen or polyps.
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1.3 Treatment
1.3.1 Al for therapeutic assessment

Ferrari et al. reported that Al model, based on the texture analysis of MR images, could
assess the therapeutic complete response (CR) of rectal cancer receiving neoadjuvant
chemotherapy (Biglarian et al. 2012). The receiver operating curve (AUC) of Al model
showed a comparably high power, 0.86, with 95% confidence interval between 0.70-0.94.
In fact, AI model enables the early-onset distinction between CR and not-response to ther-
apy (NR) in the treatment of rectal cancer.

Moreover, the significance of Al in drug metabolism of CRC was also recognized (Lis-
boa and Taktak 2006). In fact, Al enables better understanding of specific metabolism
and drugs-induced transformation that is closely associated with the progression of CRC.
Al-assisted methods provide reliable characterization of drug metabolic network of CRC,
leading to the identification of distinguished elements in the metabolic pathways (Lisboa
and Taktak 2006). Moreover, Al also dynamically describes information-rich metabolic
network of drug metabolism in CRC (Lisboa and Taktak 2006).Processing of complex net-
works regarding biological information has been considerably improved due to Al (Lisboa
and Taktak 2006).

In addition, the prediction power of Al in CRC using ANN algorithm is increasingly
valued (Schollhorn 2004). In fact, ANN is characterized by nonlinear models with flex-
ibility to medical research and clinical practice (Kickingereder et al. 2019; Yin et al. 2019).
Several advantages of ANN have been recognized. First, it could improve the optimization
process, resulting in flexible nonlinear models with cost-effectiveness, particularly in large
data scenario. Second, it is accuracy and reliable to prediction for clinical decision mak-
ing. Third, the academic communication and knowledge dissemination are facilitated by
these models (Kickingereder et al. 2019; Yin et al. 2019; Chen et al. 2019; Somashekhar
et al. 2018; Mayo et al. 2017). Based on a systematic review of 27 studies (clinical trials
or randomized controlled trials) using ANNSs as diagnostic or prognostic tools, 21 of them
show improved benefits to healthcare provision and the rest 6 show similar outcome to con-
ventional pattern (Kickingereder et al. 2019). Meanwhile, Akbar et al. reported that ANN
prediction of distant metastasis of CRC showed better outcome (AUROC=0.812) than
logistic regression models (AUROC=0.779) using 1219 CRC cases (Schollhorn 2004).

1.3.2 IBM Watson for Oncology, a new Al trend for therapeutic recommendation

Clinical decision-support systems (CDSSs) display huge potential for therapeutic man-
agement in oncology given the increasing development of clinical information. It enables
knowledge collection and procession in a way that is superior to conventional human touch
by simulating human reasoning (Seroussi and Bouaud 2003). In general, the role of Al in
healthcare field is focused on structured (machine learning) or unstructured (natural lan-
guage processing) data processing. Computational reasoning algorithms have been devel-
oped for in-depth curation and evaluation of clinical field. Al has been involved in several
systems for oncology, including the CancerLinq of American Society for Clinical Oncol-
ogy and OncoDoc system (Zhou et al. 2019; Somashekhar et al. 2017a).

Intriguingly, it is a cognitive computing system, IBM Watson for Oncology (WFO), that
accelerated the involvement of Al into the oncology therapy selection. WFO is featured
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by confidence-ranked, evidence-based recommendations, has been increasingly valued in
the treatment field of cancer (Somashekhar et al. 2017b; Meng et al. 2020) (Fig. 3). The
machine learning of WFO takes place in Memorial Sloan Kettering Cancer Center (New
York, United States). It uses natural language processing and clinical data from multiple
resources (treatment guidelines, expert opinions, literatures and medical records) to formu-
late recommendation (Somashekhar et al. 2017b). Doctors’ notes or medical records, one
of the most clinically valued assets, remains to be obstacles for the clinical use of Al. Com-
monly, the training data for Al is supervised and labeled, such as winning or board game.
Clear connections have been made between the input and output values which are already
known. However, it is much harder, maybe not possible for Al to perform a supervised
datasets in oncology practice. Since major part of a case record is composed of doctors’
notes, and other unstructured, individual-specific information that is hard to feed WFO.
Nonetheless, breakthrough has been made in diagnosis. 96% concordance was reported in
ovarian cancer between WFO and treatment decision from selected oncologists, while only
12% concordance was found in gastric cancer (Somashekhar et al. 2017b).

Meanwhile, WFO has been implemented in Manipal Comprehensive Cancer Center
(Bangalore, India) for comparison of cancer therapy in 250 CRC cases and 112 lung can-
cers (Yang et al. 2017). Of note, concordant recommendation is found in 92.7% of rectal
cancer and 81.0% of colon cancer between WFO and local expert multidisciplinary tumor
board (Yang et al. 2017).

1.3.3 Role of Al in surgery

Another promising field for Al to get involved in is surgery. Ichimasa et al. reported that Al
significantly reduced unnecessary additional surgery following endoscopic resection of T1
CRC than clinical guidelines of United States (National Comprehensive Cancer Network,
NCCN), Europe (European Society for Medical Oncology, ESMO) and Japan (Japanese
Society for Cancer of the Colon and Rectum, JSCCR) (Ichimasa et al. 2018). Specifically,
a support vector of machine (SVM) was formulated for supervised machine learning and
identification of patients who were necessary for additional surgical intervention (Ichimasa
et al. 2018).

Recently, Meng et al. initiated a multicenter diagnostic study charactering early CRC
using Al techniques (Kalis et al. 2018). This study included 4390 images of intraepithe-
lial neoplasm. The diagnostic Al-assisted accuracy was 0.963 in the internal validation set,

Fig.3 Typical flow diagram of -
WFO procedure; WFO: Watson G Individuals enrolled for WFO

for Oncology
a Data collected and cleaned
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0.835 in the external datasets. Researchers concluded that this approach performed better
than expert endoscopists regarding the sensitivity and specificity. Moreover, early effective
prevention of CRC using this approach is also applicable and reliable due to the interpreta-
tion of the authors (Kalis et al. 2018).

The role of Al in surgery remains superficial, perhaps due to the nature of surgery itself,
laborious, time-intensive and sometimes non-scalable. All the presentable results achieved
in Al merely facilitate the decision-making process. The real value of Al should be planted
into the surgical conceptions, techniques and skills. During the several decades, we have
seen the advances from open to minimal invasive pattern, such as laparoscopy and robotic-
assistance (Chang et al. 2021). In 2018, Kalis et al. highlighted 10 promising Al appli-
cations in healthcare system (Hung et al. 2018a). Among them, robot-assisted surgery is
the top 1 promising application with wide market across types of surgery. Robotic-assisted
surgery equipped with Al not only real-timely guides and improves the performance of
a surgeon, but also generates large quantity of data for subsequent surgical training and
stimulation. Specifically, multi-dimensional metrics of robotic surgery, such as instrument
position, camera movement, grip force and vessel detections, can be invaluable, particu-
larly from expert surgeons (Hung et al. 2018a). Of note, numerous algorithms progress
has been made based on the automated performance metrics (APMs) data (Ghani et al.
2016). APMs, depicting instrument motion tracking, are mainly generated by surgery video
(Goldenberg et al. 2017) (Fig. 4).

The value of Al serves as an effective tool to assess surgical skills is promising (Ghani
et al. 2016). Previous study in the Michigan Urological Surgery Improvement Collabora-
tive reported that crow-sourced methodology could be of potential value to the surgical
skills assessment based on video clips of robot-assisted radical prostatectomy (RARP)
(Law et al. 2017). Meanwhile, another study reported that there may exist a correlation
between surgical performance and functional outcome in RARP (Hung et al. 2018b). How-
ever, there are some challenges remain, including comparable high time-consuming and
subjective bias. Introduction of Al into this field may enable the assessment more objective.

An initial SVM classifier system has been presented with remarkable accuracy in the
assessment of surgical performance or skills, even is fed by limited data (Ghani et al. 2016;
Hung et al. 2018c). Increasing Al algorithms and models have been developed (Table 3)
(Hung et al. 2019; Zia et al. 2018,2019; Schroerlucke et al. 2017; Rao et al. 2017; Guan
et al. 2017). We believe video-based surgery, both robotic and laparoscopy, is a fertile soil
for Al to land on.

Novel techniques or perspectives could be inspired as well (Hung et al. 2018a). Schroer-
lucke et al. reported that, Al-empowered robotic surgery reduced 21% of hospital stay and
less postoperative complications, saving around $40 billion in each year (Guan et al. 2017).
Integration of Al into surgery performance, from Al-assisted to Al-dominated, remains to
be one of the ultimate efforts.

1.3.4 Role of Al in molecular research

Given the increasing Al studies focus on the clinical practice of CRC, the molecular
researches remain comparably untouched. Noteworthy, there are also numerous issues
that could be covered by Al, including the increasing interests of tumor mutational
burden in immunotherapy for oncology clinic. Currently, checkpoint blockage therapy,
using anti-programmed cell death protein 1 (PD-1) and PD-ligand 1 (PD-L1), has been
one of the focuses to survival benefits of cancer patients (Chan et al. 2019; Goodman
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Fig. 4 Specific terms defined in automated performance metrics (APMs). It contained five major categories,
including overall kinematic metrics, dominant instrument metrics, nondominant instrument metrics, camera
metrics and other event metrics

et al. 2017). However, difficulties remain for the overall benefits due to potential clini-
cal and genomic heterogeneity. In fact, cancer itself is characterized by accumulation of
somatic mutations which further highlights the role of tumor mutational burden in the
treatment of oncology (Yarchoan et al. 2017). Of note, dramatic genetic alterations and
variations have been found among individual cases, in which tumor mutational burden
is regarded as significant biomarker to distinguish immunotherapy-sensitive individu-
als (Goodman et al. 2017; Yarchoan et al. 2017). Promisingly, the possible involvement
of AI could accelerate the knowledge and rules that yet to be discovered beneath the
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immunotherapy recommendations given increasing volumes of genomic information is
spewing.

Interestingly, Pham et al. studied the P73 biomarker expression of rectal cancer using
deep learning pattern (Pham et al. 2019). The pair-wise pattern comparison of P73 protein
expression was carried out in normal mucosa, primary tumor, metastatic lymph node tis-
sues via immunohistochemical slides. Color, edge and other morphological variables were
retrieved from image data. Poor prognosis was noticed in the group with relatively low dis-
similarity pattern between primary tumor and metastatic lymph node tissues (Pham et al.
2019). In fact, this novel application of machine learning further extends the application of
Al to molecular-clinical combination.

2 Implementation and limitations

Naturally, when dealing with new and exciting technologies, the question of when it can
be fully implemented arises. With regards to Al and its implementation for daily medical
use, this mainly depends on a few factors. Questions like “How valuable is it to incorporate
Al into the diagnostic or treatment process?”, “Is it cost-effective to invest in this technol-
ogy?” and “Is it appropriate for machines to diagnose and recommend treatments or is this
a job solely for physicians?” are natural jumping-off points to establishing a basic under-
standing of how these tools should be used. Finding a fundamental approach for adding
computer-aided diagnosis and understanding how much we should rely on the assistance of
Al are key points that must be addressed. This along with safety measures must be heavily
considered before true implementation becomes commonplace. At this point, the need for
established Al medical ethics guidelines seems like the most basic and initial step. This
would allow some direction and guidance in knowing when it is and is not appropriate to
employ these technologies. A more unified and clear understanding of the rules and what
they entail would mark an important step towards full use.

In addition to the steps needed in order to begin implementing this new technology,
there is a need to finely tune and understand data for outright conclusions to be drawn
from it. The main drawback of all this technology is the lack of data pools that allow for
the composition of beneficial conclusions. Dependent on the study, for example, stud-
ies on the topic of CT imaging and Al, the amount of total image inputs can range from
10,000 to 40,000 images roughly, which is just plainly insufficient when having the difficult
task of needed definitive answers to treat or diagnose the population-at-large. Addition-
ally, all images are gathered by the research parties themselves, outside of those learning
from databanks or information collectives. It seems preposterous and dangerous to allow
life altering decisions to be made with such little information. Data allows for more better
training and optimization. This requires investment of time and money to build systems
that allow for better data collection which in turn allows for better and accurate decision
making. As more institutions begin exploring this technology, the amount of data accrued
by all will also increase. The creation of public databanks for applicable information such
as symptomatology, different imaging modalities or geographic distribution can be a large
boon that could benefit researchers by having access to more and more data.

Another overlooked facet of application is general accessibility to public. While this
might not necessarily be an issue in certain countries, underdeveloped countries and those
with less resources may not be able to have any access to this technology until it becomes
more economically accessible for them. Ideally, as the technology becomes more common,
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the benefits can be felt by everyone and not just those in certain geographic areas. It is
essential for the global health community that people in underdeveloped countries have
specialized access to technology to better treat and deal with pathologies in their area and
is catered to their specific needs for their local communities.

3 Conclusion

As we see with all relatively new forms of technology, their applications into daily use do
take time to slowly incorporate. Though the promise of artificial intelligence is an exciting
new venture, it remains in an infant stage with regards to its actual application. Attempts to
kick start how these technologies can potentially be applied are slowly moving in a good
direction. Thus far, it is very feasible that how we gather information, how we diagnose,
and how we treat colorectal cancer will be dramatically enhanced by deep learning tools.
Though methods for attaining medical information may be contentious, there is no doubt
that colorectal cancer early detection will see a dramatic impact as soon as appropriate
methods for collecting data can be found. Modes for finding maladies and associated pat-
terns will be greatly benefited also. Finally, the power of Al regarding the therapeutic rec-
ommendation in colorectal cancer demonstrates much promise in clinical and translational
field of oncology, which means better and personalized treatments for those in need.
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