
J Gastrointestin Liver Dis, June 2022 Vol. 31 No 2: 244-253

1) Department of 
Internal Medicine II and 
Gastroenterology, Carol Davila 
University of Medicine and 
Pharmacy Bucharest, Romania
2) Department of 
Gastroenterology, Emergency 
University Hospital Bucharest, 
Romania

Address for correspondence: 
Carmen Fierbințeanu-
Braticevici
Department of Internal 
Medicine II and 
Gastroenterology, Carol Davila 
University of Medicine and 
Pharmacy Bucharest, Romania 
cfierbinteanu@yahoo.com 

  

Received: 29.12.2021
Accepted: 22.04.2022

A Primer into the Current State of Artificial Intelligence in 
Gastroenterology
Alexandru Constantin Moldoveanu1,2, Carmen Fierbințeanu-Braticevici1,2

INTRODUCTION

Artificial intelligence (AI) is 
not a new idea or field of research. 
However, recent advancements 
in computing technology as 
well as increasing worldwide 
experience in applying AI to 
various fields have enabled us 
to hope that applying it to the 
medical practice in the field of 
gastroenterology could improve 
outcomes.

There is no single definition 
of an AI (and it is very unlikely 
that there will be an universally 
accepted one as it would require 
def ining what  const itutes 
intelligence), but an AI can be 
mostly described as a machine 
that imitates complex human 
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ABSTRACT

Artificial intelligence (AI) is not a new idea or field of research. However, recent advancements in computing 
technology as well as increasing worldwide experience in applying AI to various fields have enabled us to hope 
that applying it to the medical practice could improve outcomes. The aim of the article was to evaluate potential 
applications of AI in the clinical practice of gastroenterology. Artificial intelligence algorithms can offer many 
benefits over the traditional diagnostic, prognostic, therapeutic scores, or non-AI enhanced procedures that 
we perform today. It can very easily process complex mathematical data, allow using many parameters and 
highly sophisticated formulas to determine a conclusion, to a degree that would be impractical or impossible 
for an unaided human to do alone in the clinical practice. This could permit creating significantly more 
individualized treatments for each patient. As more data becomes available, it can be fed into the algorithm, 
changing it based on the new data. However, we must be aware that most studies performed today are still 
early studies, and that their utility still needs to be evaluated in future large-scale studies. Apart from the 
medical challenges, it must be noted that the large-scale implementation of AI will have challenges related 
to ethical and financial aspects as well.
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Abbreviations: AI: artificial intelligence; ANN: artificial neural network; CNN: convolutional neural network; 
IBD: inflammatory bowel disease; IBS: irritabile bowel syndrome; NAFLD: nonalcoholic liver disease; NN: 
neural network; NASH: nonalcoholic steatohepatitis; PNN: probabilistic neural network; RNN: recurrent 
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thinking [1, 2]. Some of the original concepts of AI were 
established in the 1950s by Alan Turing, and recent 
technological advancements have allowed for more complex 
types of AI [3, 4].

Machine learning uses statistics to establish relationships 
between the various parameters. It should be noted that, while 
there are clinical scores in current use that were first established 
using regression algorithms (most notably the Model of End Stage 
Liver Disease and other scores based on it [5]), a machine learning 
algorithm can also be designed as an ever-improving algorithm. 
Most common types of simple machine learning algorithms 
include regression algorithms and classification algorithms.

Regression algorithms attempt to predict a mathematical 
relationship between two or more parameters (e.g., age and 
incidence of a specific disease), with minimal error. The most 
commonly used algorithm in this category is linear regression 
[6]. Classification algorithms attempt to determine thresholds 
for various categories (e.g., severity category based on blood 
test results). Algorithms commonly used to classify include 
random forests [7] and support vector machine (SVM) [8-
12], although both can be used for regression analysis as well.
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Support vector machine is a simpler type of algorithm, 
where each observation (e.g. patient) is drawn on a chart, 
using it’s features as distance from the axis (e.g., patients with 
alcoholic hepatitis might have prothrombin time and bilirubin 
as features), and then a hyperplane (which is essentially a 
border between the two categories – e.g., severe and non-severe 
hepatitis) is drawn in order to separate the two categories of 
patients. Support vector machine can sometimes use custom 
features in order to obtain a clear separation between the 
categories. These custom features are computed from the input 
ones (e.g., the algorithm might compute the Maddrey score 
and use it as a feature).

Decision trees are a type of algorithm that attempts to 
classify a result based on its characteristics by creating a step-
by-step process to perform decisions (e.g., if bilirubin > 10 
then if also INR > 2: prognosis is poor, otherwise prognosis is 
good). While this type of algorithm is simple and easy to follow 
logically, it is very easy for the AI to tailor the step-by-step too 
closely to the dataset it learns from and be unable to make 
accurate predictions when presented with new data. The more 
commonly used version of this algorithm is the random forests 
algorithm which attempts to build multiple such decision 
trees, from randomly assigned variables (e.g., if the input 
variables include coagulation time, bilirubin, and creatinine, 
the algorithm might build a tree with just coagulation and 
creatinine, and another tree with bilirubin and creatinine) and 
randomly assigned subsamples of data (e.g., one tree might 
be built on the first 40% of the data, while another might be 
built on the middle 30%). The final output will be determined 
as follows: each tree “votes” on they think the output should 
be, and the majority vote will be considered the most likely 
prediction. While there will be errors (e.g., trees being assigned 
useless parameters), these errors will be random, and they will 
most likely cancel each other out.

Neural networks are a more complex type of algorithm, 
that uses neural nodes. Each node receives input for various 
parameters (like the dendrites in a natural neural network), 
processes the data in the neural node (like the core of the neural 
cell), and outputs a calculated parameter (like the axon in a 
neural cell). A neural network contains multiple such nodes 
(hence network), and the algorithm assigns different weights 
to each node, depending on overall accuracy and importance 
of each node. This type of network is referred to in articles 
as either a neural network (NN) or artificial neural network 
(ANN). These algorithms allow for very complex formulas to 
be used routinely for establishing diagnosis and predicting 
treatment outcomes and survival [13, 14].

A deep learning network is essentially a multi-layer neural 
network, which allows for intermediate conclusions (the 
conclusions of one layer of the network will be used as input 
parameters for the next layer). This allows for significantly 
more nuanced and complex learning algorithms and are 
generally used in complex applications, such as image and 
video recognition [15, 16]. The most widely used algorithm 
type in medical studies is the convolutional neural network 
(CNN), which is highly regarded for its ability to interpret 
picture data and recurrent neural network (RNN) which is 
highly regarded for its ability to interpret video and audio 
data [17, 18]. Practical applications in gastroenterology 

mostly relate to AI enhanced endoscopic procedures [19, 
20], AI enhanced imaging [21] but also as a potential clinical 
aid [22].

The actual implementation of AI can differ slightly for 
each type of algorithm, but most studies have a few things in 
common. 

The data is usually divided into two datasets. The first 
set (training set) is used by the AI to learn and form the 
mathematical relationships, while the second set (testing set) 
is used to test the accuracy of the newly formed mathematical 
relationships [23]. 

Another key characteristic of the AI algorithms is the type 
of learning performed – supervised learning or unsupervised 
learning. Supervised learning is done by providing the 
algorithm in the training phase with both input data (e.g., 
blood tests results) and output data (e.g., mortality), allowing 
the algorithm to develop its own relationships between the 
data. The algorithm is later given in the testing phase just 
input data, and its ability to correctly predict output data is 
measured [24]. The datasets for the two phases are different 
(sometimes allocated at random from a larger dataset). 
Unsupervised learning is done by providing the algorithm 
with input data only (in both datasets), to identify new 
patterns. Previously unknown classification parameters 
are used to identify clusters of patients with a consistent 
pattern within the cluster but different patterns between the 
clusters. Once the algorithm has grouped patients in different 
clusters, these clusters are analyzed, and their outcomes are 
determined [25].

In more complex algorithms, a combination of both 
supervised and unsupervised learning can also be used. One 
such method implies using a deep learning (multi-layer) 
network, where the output data of one layer serves as input data 
for a different layer that is of the opposite learning method (the 
results of an unsupervised learning algorithm could be used 
as input for a supervised learning algorithm, or vice versa). 
For example, an unsupervised clustering algorithm can be 
run on imaging results, and a classifier is then used to predict 
which clusters resulting from the first layer correlate to which 
outcome [26]. Another method involves using the supervised 
data to help increase the accuracy of the unsupervised learning 
(essentially the algorithm is designed as an unsupervised 
learning algorithm but receives some help initially from 
supervised learning) [27-29]. 

Artificial intelligence algorithms can offer many benefits 
over the traditional diagnostic, prognostic, therapeutic 
scores, or non-AI enhanced procedures that we perform 
today. Artificial intelligence can very easily process complex 
mathematical data, accounting for many parameters and using 
highly sophisticated formulas to determine a conclusion, to a 
degree that would be impractical or impossible for a human to 
do alone in the clinical practice. Some neural networks that are 
being studied today use hundreds of parameters to determine a 
potential outcome, suggesting the possibility of a significantly 
more individualized treatment for each patient [30]. Another 
advantage constitutes the ability of the algorithm to “learn”. As 
more data becomes available, it can be fed into the algorithm, 
which allows it to change based on the new data and increase 
its accuracy. 
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Artificial intelligence algorithms also have many 
disadvantages. Many of these will probably be overcome as 
our understanding and application of AI will improve, but 
at this early stage, it is important to understand the inherent 
weaknesses of these tools, as they present new challenges to 
the clinician.

Artificial intelligence algorithms are very dependent on 
high quality data, much more so than the current practice. For 
an algorithm to correctly train itself and become proficient, 
it requires large amounts of data, and the data needs to be 
accurate and consistent [31]. This presents unique challenges, 
as the requirement for large amounts of data would suggest 
multi-center AI as a solution, but issues such as differing testing 
methodologies or test types between the various centers might 
impede the algorithms’ ability to learn [32].

It should be also noted that these algorithms will require 
intense human supervision at their early stage, as AI is very 
susceptible to biases and overfitting. The algorithm might 
learn very well on the initial training set, but in trying to 
predict the outcomes extremely accurately in the training set, 
it fails to correctly predict the actual target population. This 
can happen due to several reasons, including small number of 
observations in the training set, inherent bias when selecting 
the training set (patients of the same center, specifically 
selected pictures for image training, patient demographics 
etc.), or algorithm settings. The result is the algorithm either 
interprets data that is not generalizable (biased data) or creates 
an overly complex model that is not generalizable (overfitting 
the prediction model) [33]. Human oversight of this algorithms 
is especially difficult, as the more complex an algorithm is, the 
less information the human overseer has regarding the actual 
decision process of the algorithm [34].

Another significant question that will require a complex 
answer as AI systems are implemented into the medical 
practice, is how medical liability would be assigned. A recent 
article proposes a level system to assess the autonomy of AI 
systems in performing medical decisions [35], ranging from 
level 0 (no AI used) to level 5 (AI is fully autonomous in 
making medical decisions). While current research proposes 
AIs as a useful tool, it is very likely that some procedures could 
become partially or completely automated in the future. The 
question remains, as we progress towards the higher levels of 
AI autonomy, who is liable when the AI fails [36]. 

Finally, AI is a processing intensive method, and this will 
add to the operating costs of every institution that employs 
them. Most likely, each institution will have to choose 
between paying for computer hardware and employee (AI 
programmer/supervisor) salary cost or paying a third party 
for a software as service package. Some of these costs may 
be offset by better organizational efficiency [37]. At this early 
stage of development however, we do not yet know how the 
implementing AI will change the economics of the medical 
practice [38]. There are further implications regarding the need 
for an AI to have large amounts of data. Storage of this data 
in large centers could have a privacy concern as well as data 
security concerns as cyberattacks and data leaks have become 
a common occurrence in other fields with large amounts of 
data storage and AI implementations [39,40].

The aim of this article was to evaluate potential applications 
of AI in the clinical practice of gastroenterology. The 
searching strategy and the Prisma flowcharts are listed in the 
Supplementary file.

ARTIFICIAL INTELLIGENCE IN 
GASTROENTEROLOGY

There have been attempts to apply AI systems to almost 
every problem in gastroenterology. Most studies, however, 
have very few patients, which would make them very likely to 
be subject to the above-mentioned disadvantages. We list here 
some of the more promising results, but it should be noted that 
most of these are retrospective studies and further research is 
probably needed in all fields.

Atrophic Gastritis
A study was performed on 350 patients with either atrophic 

body gastritis (study lot) or without atrophic body gastritis 
(control lot). Input data used was non-endoscopic – anamnestic, 
clinical, blood test data and the results were compared to the 
histopathological examination. Two algorithms were used: 
ANN and linear discriminant analysis (LDA), a less complex 
classifier type of algorithm. Overall accuracies were between 
around 94-98% for most configurations of input data [41]. 

Upper Gastrointestinal Bleeding
A study performed on 2,380 patients with upper 

gastrointestinal bleeding, where 30-day mortality was predicted 
by using an ANN and non-endoscopic input data (a total of 
68 input variables). Patients were split randomly between the 
training and testing sets. The results were compared to a score 
currently used in clinical practice, the Rockall score. Using 
ANN yielded much better results, with an overall accuracy of 
96.8%, compared to the 52.9% for the Rockall score [42]. Similar 
studies were performed by other researchers, comparing to the 
Rockall, the Glasgow-Blatchford and the AIMS65 scores, with 
superior results for the AI model (AUROC of 0.90 compared 
to 0.86 for Glasglow-Blatchford, 0.66 for Rockall score, and 
0.64 for AIMS65) [43].

Patients at risk for recurrent upper gastrointestinal bleeding 
from ulcers were classified into high risk and low risk groups 
for rebleeding within a year by a model. The AUROC value 
was not impressive, but the negative predictive value was 91%, 
suggesting the test could be used to rule out some patients from 
more intensive follow-up [44].

Gastric Cancer
A meta-analysis of multiple studies that have tried to assess 

prognosis in gastric cancer, using endpoints such as survival 
time, recurrence and metastasis shows good accuracy (70-95%). 
Multiple parameters were used, including demographics, blood 
tests, imaging results, (computed tomography), tissue samples; 
most studies used a larger number of patients (hundreds) [45]. 
Of particular note are studies that tried to predict response to 
adjuvant chemotherapy [46] and survival [47], with superior 
results to the currently used tumor – nodules – metastases 
(TNM) system.
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Nonalcoholic Fatty Liver Disease
Most studies involved in identifying nonalcoholic fatty liver 

disease (NAFLD) and nonalcoholic steatohepatitis (NASH) 
used imaging data from ultrasound or transient elastography. 
A study used a probabilistic neural network (PNN) type AI 
(a classifier) to differentiate patients with normal liver vs. 
patients with NAFLD vs. patients with NAFLD and cirrhosis, 
based on ultrasound images. The overall accuracy was 97%, 
with an AUC of 0.98 [48]. Lee et al. [49] have tried to compare 
results of a CNN type network using ultrasound images from 
3,446 patients as input. The test was compared with liver 
biopsy results or transient elastography results. AUC for 
determining cirrhosis was 0.857-0.901 [49]. Considering that 
an experienced operator could also reach similar conclusions, 
and that a skilled operator is still required to guide data 
acquisition, it is unclear whether these results, while showing 
high performance in diagnosis, will lead to a significant 
improvement in the clinical practice.

Artificial intelligence models were also applied to 
histopathological examinations, as a possible method of 
automated examination. These models could recognize the 
characteristics of NAFLD, with high accuracy (AUROC 95-
99%) [50]. Similar accuracies were found in distinguishing 
between NASH and non-NASH NAFLD in another study [51].

Considering the prevalence of NAFLD, multiple algorithms 
were developed to try to identify patients at risk, using 
electronic health records. Many of these have shown significant 
improvement in detection rates, compared to the simple 
diagnosis and codifications systems in use today [52-55].

Various types of AI have been used to classify patients with 
NAFLD and already developed cirrhosis. An ANN using input 
data based on demographics, personal history, and blood tests 
managed to correctly classify patients with cirrhosis with an 
overall accuracy of 86% of cases in a study with nearly 400 
patients [56].

Cirrhosis
Artificial intelligence models attempted to determine 

the risk of readmission and death in patients with cirrhosis. 
The AI was not able to accurately predict (best AUROC was 
around 0.78, most being around 0.60-0.65) these parameters 
and showed minimal improvement over using standard scores 
(MELD-Na – AUROC of around 0,67 for 1 year mortality) [57, 
58]. Relatively few articles explore predictions in cirrhosis, 
perhaps due to relatively poor significant findings of the AI 
models attempted so far.

Predictive factors for progression from chronic viral 
hepatitis to advanced fibrosis and cirrhosis were studied using 
various types of AI. Different input data were used: clinical 
data [59], biochemical and imaging data [60], patient genome 
[61], and virus genome [62] and similar results were reported 
(AUROCs of around 0.80). Biochemical data was also used 
to predict progression of patients with primary sclerosing 
cholangitis, with good results (C-statistic of 0.90), which is 
significantly better than current scores (C-statistics of 0.72 
for MELD, 0.85 for the Mayo primary sclerosing cholangitis 
risk score) [63].

Liver transplantation has been the „holy grail” of treatment 
for cirrhosis, but graft rejects and overall poor improvement in 

survivability has been a significant challenge. Given the scarcity 
of the donor pieces, a better prediction of which patients benefit 
most from transplantation would be useful. Lau et al. [64] has 
attempted to perform a small-scale study, using a random 
forests type classifier. The results are promising, as the AI had 
an AUROC of 0.818 in identifying patients that are going to 
experience graft failure [64]. 

Inflammatory Bowel Diseases
An automatic histopathological interpretation system 

was tested on a small number of patients with inflammatory 
bowel diseases (IBD), with promising results (98% accuracy) 
compared to expert human interpreters [65]. Histological 
characteristics were also used to distinguish between Crohn’s 
disease and ulcerative colitis, using an SVM type algorithm, 
using tissue samples from affected areas of the colon. Input data 
was based on the proteomic pattern profile of each sample, and 
the results had a 76.9% accuracy in distinguishing between the 
two pathologies [66].

Another interesting study has tried to integrate genomic 
characteristics into a prediction model for Crohn’s disease, with 
improvements from the traditional analysis methods (AUROC 
of 0.816 compared to 0.786) [67].

While the best results for diagnosis in IBD, even with 
AIs, still use histopathological, biochemical and imaging data 
(with accuracies in the range 82-93%, depending on study 
methodology [68]), it should be noted that the small studies 
listed above show that the increased computational capacity of 
an artificial intelligence can allow for novel and complex data to 
be included into the diagnosis models, which would have been 
either impractical or impossible in an non-AI clinical practice. 

A simple random forest algorithm using biological and 
demographic data was used to predict Cron’s disease response 
to ustekinumab, as defined by remission at 42 weeks. Artificial 
intelligence was unable to accurately predict the response 
before the treatment start (AUROC=0.59) but was reasonably 
accurate in predicting the outcome once the treatment has 
started (at 8 weeks, AUROC=0.78) [69]. 

Another study tried to predict the risk of IBD flares and 
group patients in “high risk” and “low risk” for flares. Input 
data included demographics, previous medications, number 
of previous hospitalizations and biochemical data. The AI 
type was random forest, with results having an AUROC of 
0.85-0.87 [70]. 

Irritable Bowel Syndrome
The exact mechanisms and triggers or irritable bowel 

syndrome IBS have been the subject of much debate, with 
some patients having reported certain foods as triggers for 
the symptoms. A few small studies have tried to assess the 
relationships between food composition (by logging foods 
with smartphone apps) and attempting to correlate diet with 
symptoms [71, 72]. While these studies are very early-stage, 
performed with a low number of patients, and it is yet unclear 
if the AI improves the results, or if they are driven by patient 
behavior modification (more strict logging of foods), it seems 
reasonable that data obtained from larger scale studies might 
allow us to better understand the pathogenesis of the disease, 
as well as provide better individualized therapy. Analysis of the 
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gut microbiome through fecal samples and AI implementation 
may also yield useful information for these patients, but the 
relationship between the results and IBS is as of yet unclear [73].

Colorectal Cancer
Kudo et al. [74] have used an ANN type network with data 

from 3,134 patients with T1 colorectal cancer to predict lymph 
nodes metastases. Input data included tumor characteristics, 
results of histopathological examinations and demographic 
data. The ANN managed to identify patients with lymph 
node metastases, with an AUROC of 0.83, compared to the 
current guidelines which yielded an AUROC of 0.73. This 
model could have considerable implications in determining 
which patients require further surgery [74]. Another study 
has also tried to classify patient response to chemotherapy 
(5-fluorouracil), using biomarkers with significant differences 
in survival between the predicted responder and predicted 
non-responder groups [75]. 

Automated identification of histopathological tissue 
samples was attempted, using a CNN type network, with 
good results; the score proposed by the AI was a significant 
prognostic factor for patient survival [76]. Microsatellite 
instability is also easily identified by an AI algorithm with an 
AUROC of 0.865 vs. expert pathologists with an AUROC of 
0.605 [77]. 

Data from a colorectal cancer registry (a total of 4,299 
patients enrolled) was used to evaluate risk factors for colorectal 
cancer recurrence with promising results, an AUROC of 0.878 
for some applications [78].

Computer Aided Endoscopy
A systematic analysis of 16 studies evaluated AI performance 

in detecting esophageal neoplasms using either a CNN type 
network (14 studies), or a SVM type algorithm. The results 
of the AI were very good, with an AUROC of 0.96-0.98. The 
studies were, however, mostly retrospective, and the analysis 
concluded that further prospective studies are required [79]. 
What is more interesting is that one of the studies from the 
meta-analysis identifies that the AI detection has significantly 
better accuracy when compared to novice endoscopists, but 
similar accuracy compared to senior endoscopists [80].

High rates of detection were also obtained for early gastric 
cancers in a meta-analysis of 17 studies. Most of these studies 
are retrospective and used a CNN-type network with a training 
set consisting of endoscopy images. The results had an average 
AUROC of 0.96 [45, 46, 81, 82].

Computer Aided Colonoscopy
Artificial intelligence-based real-time image detection 

and categorization permits a new type of aid in clinical 
practice. Potentially, an AI could be used to either aid the 
colonoscopy operator, or to perform automatic classification 
and identification of structures. 

Multiple studies were performed in the attempt of improving 
polyp detection rates and, especially, adenoma detection. 
Detection rates were consistently improved in most studies, 
with odds ratio between 1.36–2.33 (for adenoma detection) and 
between 1.72–2.02 (for polyp detection). More interestingly, 
most studies report an important improvement in detection 

rates of all polyps, but especially of small (< 5 mm) polyps, 
which are more likely to be missed by an un-assisted operator 
in conventional colonoscopy. In most studies, the colonoscopy 
videos were examined by a panel of expert reviewers, both with 
and without AI assistance, and the results were compared. 
Notably, the examination time was increased by an average of 
1-2 minutes for the AI assisted procedures [83-85]. 

An automatic robotic steering system for endoscopy was 
compared to conventional steering in both novice and expert 
human operators. The results showed significant improvement 
in polyp detection rate for novice operators, but not for expert 
operators. The cecal intubation time was also significantly 
better for expert operators with conventional steering, 
suggesting that, while technically feasible, the model needs 
significant improvement [86]. 

Stidham et al. [87] assessed deep learning algorithms (more 
specifically a CNN type algorithm) for their ability to grade 
remission in ulcerative colitis. The training set consisted of 
colonoscopy images and the testing set included colonoscopy 
images as well as full length colonoscopy video. The study 
found excellent accuracy and interobserver agreement with 
human examinators [87]. A similar study was performed by 
Gottlieb et al. [88] but using a RNN type network and using 
only full-length colonoscopy video. The algorithm had similar 
results, with a high degree of accuracy [88].

Video Capsule Endoscopy
Video capsule endoscopy is a time consumptive examination 

for the operator, as it requires that a human operator examines 
hours of footage recorded from the gastrointestinal tract. A 
meta-analysis of 9 studies tried to assess the accuracy of AI 
(using CNN type networks) as a potential replacement for 
the human operator. Overall accuracy was around 95% for 
the detection of ulcers and bleeding [89]. Performance was 
also found to be good (90.8%) for detecting more superficial 
lesions, including erosions and ulcerations [90].

Computer Aided Endoscopic Ultrasound
Computer aided endoscopic ultrasonography studies were 

also performed for patients with gastrointestinal stromal 
tumors. Results were promising, with an AUROC of 0.965 for 
lesions larger than 20 mm, which was significantly higher than 
an AUROC of 0.684 that was obtained by expert operators [91].

Diagnosis of autoimmune pancreatitis and differential 
diagnosis with pancreatic ductal adenocarcinoma is a difficult 
proposition. A CNN-type AI was implemented to distinguish 
between the two diseases as well as chronic pancreatitis and a 
normal pancreas, with good results (sensitivities of 90-99% and 
specificities of 71-98%, depending on the exact comparison) 
in distinguishing between the four entities [92, 93].

Screening Programs
Electronic health records have shown some promise in 

screening for pancreatic cancer, with current results having an 
AUROC of 0.68-0.72 [94, 95]. Some studies suggested better 
performance when applied to high-risk populations [96]. 
Other suggested parameters to be analyzed by AIs included 
imaging results and even social media data [97], but further 
research is needed.



A primer into AI in gastroenterology� 249

J Gastrointestin Liver Dis, June 2022 Vol. 31 No 2: 244-253

An interesting study was performed by Nakhleh et al. [98], 
where the researchers studied a potentially novel application 
of AI. They used an AI pattern analysis algorithm on a specific 
nano-array that assessed exhaled volatile organic compounds 
from 1,404 subjects with various diseases, including some 
gastroenterological diseases like colon cancer, IBS, IBD, but 
also for non-gastroenterological diseases. The overall accuracy 
was 86%, and the results suggested that the test evaluated 
the pathogenic mechanisms behind each disease, as similar 
diseases seem to have similar volatile organic compounds 
profiles [98]. Nevertheless, this may have great practical 
application as a possible screening tool.

LIMITS OF CURRENT STUDIES

Many of the evaluated studies have significant methodology 
difficulties. Most of them are performed using already existing 
data (retrospective studies), providing no knowledge of how 
an AI might be implemented in practice. Most studies also 
contain low number of patients, which, as already discussed, 
runs a significant risk of an AI overfitting or otherwise creating 
a non-representative model for the task it tackles. 

Some of the studies with large numbers of input data 
have issues with data sampling bias and methodology. The 
most relevant example is training an AI for endoscopy. Some 
studies use live full-length videos, but most use images, and 
it is usually not clearly explained how the images are chosen: 
are they the actual frames of the video (hence representing the 
entire full-length video) or are they specifically chosen to be 
easier to interpret (by excluding blurred frames for example)?

Another issue of methodology is that not all studies 
completely explain how the AI was built and tested – size 
of training set, size of testing set, how the sets were chosen, 
or any other parameter related to the specific type of AI 
implemented (e.g., setting a maximum number of decision 
nodes in a decision tree). We should recognize that, while 
seeking to fine tune an AI to perform well, the human 
programing the AI is also unwillingly or unknowingly 
susceptible to bias. A quality hallmark of a good scientific 
study is the complete reproductivity of the study based on the 
methodology description, however, due to the significantly 
increased computational complexity, AI related research 
includes new obstacles to maintaining this important objective. 
One possible solution could be to post the implementation 
code in an online open repository, similar to how datasets 
are currently being shared for traditional research [99]. This 
will however introduce new problems: it will either require 
that most researchers be able to understand and evaluate the 
code (which will perhaps require that AI programming and 
implementation be taught in the University), or that frequent 
collaboration is performed with specialized engineers (current 
implementation, but to a much larger scale, especially if AIs go 
from being a largely academic and research tool to becoming 
a clinical practice tool).

In some fields (e.g., non-endoscopic evaluation of atrophic 
gastritis) there are very few studies performed so far, to the 
point that it is very difficult to form a clear picture whether the 
AI is useful or accurate. In other fields there are many studies, 
but the implementation is significantly different between the 

studies, which, while very useful for comparing different 
implementations of AI for a specific task, makes it more difficult 
to draw a conclusion. Some study results, while most likely 
being not random, might not perform well-enough to have a 
practical application or improvement in the clinical practice. 

We suspect that the most difficult implementation of AI 
would probably be in rare diseases (due to the small sample 
sizes and making multi-center AI mandatory) and in invasive 
maneuvers (especially if automation is desired, due to the 
incredibly varied and large amounts of input data).

Finally, we should mention that, for quality assessment 
tools it is difficult to determine if they are correctly applied 
to AI studies (e.g., assessing bias or sample size of the study).

POTENTIAL NEW RESEARCH 
DIRECTIONS

Artificial intelligence models could potentially be used 
as training tools, for either students or doctors at the start of 
their carriers.

Several of the studies performed here showed that the AI 
could be as good as an experienced human investigator, but 
significantly better than a novice investigator. While the impact 
on the clinical practice might be low (depending on the overall 
level required to be classified as “experienced” for that task), 
the AI might be used to train the novice more quickly. 

Artificial intelligence algorithms could also be used to train 
students. As some of the commercially available AI driven 
products can suggest (e.g., voice assistants), the AI can be 
tailored to the individual student and suggest potential learning 
improvements. An overall analysis on batches of students can 
also be performed, which may find flaws within a course or 
teaching tool (unclear explanation, insufficient context etc.). 
Finally, like a voice assistant, a potential “patient simulator” 
could be created, that will more easily allow students to practice 
and train on specific skills (e.g., anamnesis), in a more realistic 
environment.

CONCLUSIONS

Artificial intelligence has a great potential to improve 
healthcare, and its implementation can yield improvements 
in multiple areas related to gastroenterology. However, we 
must be aware that most studies included in this paper have 
significant methodological issues, either by being retrospective, 
containing a low number of patients, or potentially having 
sampling biases make drawing conclusions difficult. The 
increased computational complexity also makes these studies 
very difficult to reproduce for validation. We fully expect that, 
with more research and better methodology, the results and 
conclusion of this paper may significantly change. Apart from 
the medical challenges, it must be noted that the impact of 
large-scale implementation of artificial intelligence will have 
challenges related to ethical and financial aspects as well.
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