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Abstract

Artificial Intelligence (Al) is a type of intelligence that comes from machines or
computer systems that mimics human cognitive function. Recently, Al has been
utilized in medicine and helped clinicians make clinical decisions. In gastroen-
terology, Al has assisted colon polyp detection, optical biopsy, and diagnosis of
Helicobacter pylori infection. Al also has a broad role in the clinical prediction and
management of gastrointestinal bleeding. Machine learning can determine the
clinical risk of upper and lower gastrointestinal bleeding. Al can assist the
management of gastrointestinal bleeding by identifying high-risk patients who
might need urgent endoscopic treatment or blood transfusion, determining
bleeding stigmata during endoscopy, and predicting recurrence of gastrointestinal
bleeding. The present review will discuss the role of Al in the clinical prediction
and management of gastrointestinal bleeding, primarily on how it could assist
gastroenterologists in their clinical decision-making compared to conventional
methods. This review will also discuss challenges in implementing Al in routine
practice.

Key Words: Gastrointestinal bleeding; Artificial intelligence; Machine learning; Artificial
neural networks; Clinical decision making
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Core Tip: Gastrointestinal bleeding is a common problem in the emergency department. Quick and
appropriate clinical decision is needed in the management of gastrointestinal bleeding. Artificial
intelligence, namely machine learning and deep learning, can utilize electronic health record data to
provide insights which might help clinicians, especially gastroenterologists, in the management of
gastrointestinal bleeding. The present review will discuss the roles of artificial intelligence in clinical
prediction and management of gastrointestinal bleeding, and compare them to conventional methods. This
review will also discuss challenges in the implementation of artificial intelligence in routine practice.

Citation: Maulahela H, Annisa NG. Current advancements in application of artificial intelligence in clinical
decision-making by gastroenterologists in gastrointestinal bleeding. Artif Intell Gastroenterol 2022; 3(1): 13-20
URL: https://www.wjgnet.com/2644-3236/full/v3/i1/13.htm

DOI: https://dx.doi.org/10.35712/aig.v3.i1.13

INTRODUCTION

Artificial intelligence (AI) simulates human intelligence processes and cognitive function using
machines or computer systems. Several terminologies need to be understood before talking about Al
Machine learning (ML) is a technique of Al in which a computer or a system can learn to improve its
function using experience and data without explicit instruction. There are several machine learning
methods, for example, CNN (convolutional neural network), that can perform image analysis. ANN
(artificial neural network) consists of a hidden-layered connection between input and output.
Meanwhile, deep learning is a class of machine learning which extracts higher-level information
progressively using multiple layers of neural networks[1]. Al has transformed information technology
by making it possible to analyse large-scale data within a short time[2].

Recently, Al has been utilized in medicine. Al has a broad role in medicine, from guiding treatment
decisions using electronic health record data to assisting in performing surgeries and intelligent
prostheses for people with disabilities[3]. In gastroenterology, Al has assisted in diagnosing and treating
gastrointestinal (GI) diseases. Al also has roles in small intestinal endoscopy and endoscopic ultrasound,
especially in evaluating and diagnosing lesions[4].

This review aims to discuss the roles of Al in GI bleeding, especially in clinical decision-making for
gastroenterologists. More specifically, this review will discuss the advancements in the application of Al
in clinical prediction and management of upper and lower GI bleeding and its limitations and future
challenges.

ARTIFICIAL INTELLIGENCE IN CLINICAL PREDICTION OF UPPER GASTROINTESTINAL
BLEEDING

Several scoring systems or risk models have been developed to predict the clinical risk of GI bleeding. In
patients using antithrombotic medications, these risk models include HAS-BLED (hypertension,
abnormal kidney and liver function, stroke, bleeding, labile international normalized ratio, elder age,
and drug or alcohol use), ATRIA (anticoagulation and risk factors in atrial fibrillation), ORBIT
(Outcomes Registry for Better Informed Treatment of Atrial Fibrillation), and HEMORR2HAGES
(hepatic or kidney disease, ethanol abuse, malignancy, older age, reduced platelet count or function,
rebleeding, hypertension, anemia, genetic factors, excessive fall risk, and stroke)[5-7]. Among these
models, HAS-BLED has the best performance to predict major bleeding events[8].

Compared to the previous risk models, the prediction model using machine learning is hypothesized
to have better performance since it can utilize more extensive and updated data sets. Herrin et al[9]
tested three machine learning algorithms: Regularized Cox regression (RegCox), random survival
forests, and extreme gradient boosting (XGBoost) on adult patients who were prescribed antithrombotic
drugs (vitamin K antagonists, direct oral anticoagulants (DOACs), and/or thienopyridine antiplatelet
agents) to predict the probability of GI bleeding at 6 and 12 mo. The data were obtained from medical
and pharmacy claims data of 300000 patients. They also compared the performance of the machine
learning algorithms to the HAS-BLED risk model.

In that study, all machine learning algorithms performed superiorly to HAS-BLED score in predicting
GI bleeding at 6 and 12 mo. HAS-BLED score achieved an area under the curve (AUC) of 0.61 [95%
confidence interval (CI): 0.59-0.62] for 6-mo GI bleeding risk and AUC of 0.60 (95%ClI: 0.59-0.61) for 12-
mo GI bleeding risk. Meanwhile, RegCox, the most superior algorithm from the three machine learning
algorithms, had an AUC of 0.68 (95%CI: 0.66-0.70) for 6-mo GI bleeding risk and AUC of 0.67 (95%Cl:
0.65-0.69) for 12-mo GI bleeding risk. HAS-BLED and the three machine learning algorithms obtained a
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similar sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV).
However, all of them had an AUC less than 0.70, which is the conventional threshold for acceptable
performance[9].

HAS-BLED score was derived to predict major bleeding events from patients treated with warfarin
[10]. However, recently, antiplatelet agents and DOACs are more commonly used. Even though clinical
extrapolation to calculate the risk of GI bleeding in patients taking antithrombotics is common, there are
still concerns regarding the accuracy of HAS-BLED in predicting bleeding events in patients taking
other types of anticoagulants or antiplatelets. Capodanno et al[11] found that HAS-BLED score could not
predict major bleeding events in patients undergoing PCI (percutaneous coronary intervention) without
artrial fibrillation who were discharged with dual antiplatelets. Although not specifically developed to
predict GI bleeding events, several scoring systems have been developed for predicting bleeding events
in patients taking dual antiplatelet therapy, such as CRUSADE, ACUITY, and PRECISE-DAPT.
However, each scoring system has different accuracies in predicting short-term and long-term bleeding
complications. For example, CRUSADE and ACUITY are better in predicting short-term complications,
while PRECISE-DAPT is better in predicting long-term bleeding events[12].

Machine learning algorithms that utilize real-time data, such as RegCox, should better predict GI
bleeding than the scoring systems mentioned above. Moreover, machine learning algorithms can
provide time-to-event outcomes that can be used in the prediction of both short-term and long-term GI
bleeding events. Herrin et al[9] used data sets from insurance claims and could not provide actual
clinical values, which might contribute to low AUCs in their study. Data sets from electronic health
record data that contain laboratory values and endoscopic reports might result in a better accuracy for
clinical prediction of GI bleeding,.

In patients presenting with upper GI bleeding, especially in the emergency department, it is
important to stratify a patient’s risk and predict mortality outcomes and the need for transfusion and
other hemostatic interventions. Scoring systems such as the Glasgow-Blatchford score (GBS), Rockall
score, and AIMS65 predict pre-endoscopic risk in patients with acute upper GI bleeding based on
clinical, hemodynamic, and initial laboratory variables. Shung et al[13] conducted a systematic review
that included 14 studies with 30 assessments of ML models. The median AUC for mortality,
interventions, or rebleeding outcomes for ML models was 0.84. AUCs were higher in studies using
ANNs than other models. They found that ML performed better than clinical risk scores for mortality in
upper GI bleeding.

Recently, Shung et al[14] validated a machine learning model for upper GI bleeding that predicted
composite outcomes of the need for hospital-based interventions (red blood cell transfusion, endoscopic
hemostatic intervention, or surgery) and 30-d all-cause mortality. The chosen ML model was the
XGBoost model. Different from previous studies, this study did not collect data from insurance records
but through medical data that was directly entered by a nurse, physician, or medical student.

The ML model obtained an AUC of 0.91 (95%CI: 0.90-0.93) in the internal validation group, and an
AUC of 0.90 (95%ClI: 0.87-0.93) in the external validation group. The model performed better than GBS
(AUC =0.87, 95%ClI: 0.84-0.91; P = 0.004), admission Rockall (AUC = 0.65, 95%CI: 0.60-0.71; P < 0.001),
and AIMS65 (AUC = 0.64, 95%CI: 0.59-0.69; P < 0.001)[14].

ML models could perform better than scoring systems in risk stratification in patients with upper GI
bleeding because they could extract patterns from raw data and increase accuracy with additional data
and experience. Moreover, ML models could analyze more complex and heterogeneous data.

ARTIFICIAL INTELLIGENCE IN CLINICAL PREDICTION OF LOWER INTESTINAL BLE-
EDING

Al also has roles in the clinical prediction of lower intestinal bleeding. In 2017, Loftus et al[15] conducted
a study that compared ANN and a regression-based model to predict the severity of lower GI bleeding
and the need for surgical intervention.

Loftus et al[15] performed the analysis retrospectively on 147 adult patients who underwent
endoscopy, angiography, or surgery for acute lower intestinal bleeding. The regression-based model
used was the Strate prediction rule. The ANN for prediction of severe bleeding incorporated six
variables present on admission: Systolic blood pressure; hemoglobin; outpatient prescription of aspirin
325 mg daily; Charlson comorbidity index; base deficit > 5 mEq/L; and international normalized ratio >
1.5. Meanwhile, the ANN for prediction of the need for surgery combined three predictors from severe
bleeding ANN with two additional variables, hemoglobin nadir and the occurrence of a 20% decrease in
haematocrit[15].

The Strate risk factors in the study correlated significantly with severe bleeding (r = 0.29, P < 0.001).
However, the Strate model was less accurate in predicting severe lower intestinal bleeding than the
ANN [area under the receiver operating characteristic curve (AUROC) 0.66 (95%CI: 0.57-0.75) vs 0.98
(95%CI: 0.95-1.00)]. The ANN for predicting the need for surgical intervention also had good
performance with an AUROC of 0.95 (95%ClI: 0.90-1.00). ANN could perform better than the regression-
based model because this program could incorporate intricate associations among variables into an
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algorithm, similar to nonlinear statistical processing[15].

Ayaru et al[16] analyzed non-endoscopic variables from patients with acute lower GI bleeding in the
emergency department for internal and external validation of the gradient boosting (GB) model. GB is a
supervised machine learning algorithm used in regression and classification tasks with multiple simple
learning algorithms used jointly to obtain better predictive performance. Their study compared GB
model with BLEED classification, Strate prediction rule, and conventional multiple logistic regression in
predicting severe bleeding, the need for therapeutic intervention, and recurrent bleeding in patients
with acute lower GI bleeding,.

Ayaru et al[16] found that the GB model performed better than other scoring systems with an
accuracy of 88% for recurrent bleeding and therapeutic intervention and 78% for the need for
therapeutic intervention. Meanwhile, conventional multiple logistic regression had an accuracy of 74%
in predicting recurrent bleeding and the need for therapeutic intervention and an accuracy of 62% in
predicting severe bleeding. BLEED classification and Strate prediction rule also performed more poorly
than the GB model.

In their study, the GB model could provide variables contributing to the risk of severe acute lower GI
bleeding and the contribution percentage. The variables and their contribution are platelet count
(13.4%), activated partial thromboplastin time (13.0%), haematocrit (12.4%), urea (10.9%), creatinine
(9.7%), prothrombin time (8.9%), diastolic blood pressure (6.8%), heart rate (4.1%), systolic blood
pressure (3.9%), and alcohol abuse (3.9%)[16].

Both studies by Loftus et al[15] and Ayaru et al[16] found that Al performed better than scoring
systems in predicting lower GI bleeding. Even though they used different algorithms, ANN and GB
model both could perform better than other regression-based models and scoring systems. Moreover,
the algorithms could provide variables contributing to the risk of bleeding and the need for therapeutic
intervention. However, both studies were limited by their retrospective design. More prospective
studies need to be conducted to determine the accuracy of ML models in lower GI bleeding prediction.
More studies, including different Al algorithms, also need to be conducted to determine the better
algorithm for predicting GI bleeding.

ARTIFICIAL INTELLIGENCE IN MANAGEMENT OF UPPER AND LOWER GASTRO-
INTESTINAL BLEEDING

Al has a broad role in the management of GI bleeding, starting from patient’s admission, during
endoscopy, to patient’s care post-endoscopy or surgery. In patient admission and during pre-
endoscopy, Al, especially machine learning, can be used in the risk stratification of patients with GI
bleeding. Machine learning can also be used to determine whether the patient needs urgent endoscopy,
blood transfusion, or surgical intervention, or if the patient can be safely observed and discharged from
the emergency room[17].

Early identification of patients with high-risk GI bleeding is important and can reduce mortality and
morbidity. To identify low-risk patients, a GBS score of 0 or 1 can be used to determine whether the
patient can be safely discharged from the emergency room (sensitivity 98.6%, specificity 34.6%).
However, GBS and other scoring systems such as Rockall and AIMS65 still perform poorly in predicting
high-risk patients needing endoscopic treatment or surgical intervention[18].

Shung et al[19] developed multiple natural language processing (NLP)-based approaches to identify
patients with acute GI bleeding in the emergency room. They used electronic health record-based
phenotyping algorithms and compared the performance with the Systematized Nomenclature of
Medicine, a standard method to identify patients” conditions. They found that the NLP-based approach
performed better than the Systematized Nomenclature of Medicine [PPV 85% (95%CI: 83%-87%) vs 69%
(95%CI: 66%-72%); P < 0.001] in identifying patients with acute GI bleeding.

Seo et al[20] developed four machine learning algorithms to predict adverse events and hemodynamic
instability in patients with initially stable non-variceal upper GI bleeding. The four machine learning
algorithms were logistic regression with regularization, random forest classifier (RF), GB classifier, and
voting classifier (VC). The adverse events analyzed included hypotension, mortality, and rebleeding
within 7 d. The algorithms were compared with the standard scoring system GBS and Rockall scores.
Among the machine learning algorithms, the RF model showed the best performance in predicting
mortality (AUC: RF 0.917 vs GBS 0.710), while the VC model had the highest accuracies in predicting
hypotension (AUC: VC 0.757 vs GBS 0.668) and rebleeding within 7 d (AUC: VC 0.733 vs GBS 0.694).

In the intensive care unit (ICU), Deshmukh et al[21] developed a machine learning model to calculate
mortality risk in patients admitted with GI bleeding. They compared the model with the APACHE IVa
risk score and found that the model performed better in classifying low-risk patients [AUC: 0.85 (95%ClI:
0.80-0.90) vs 0.80 (95%CI: 0.73-0.86)]. The model achieved a sensitivity of 100% and specificity of 27%,
compared with APACHE IVa risk score with a sensitivity of 100% and specificity of 4%.

Levi et al[22] also developed a machine learning algorithm to predict the need for blood transfusion in
ICU patients with GI bleeding. Existing scoring systems such as GBS and Rockall score focus on
predicting mortality and the need for intervention. They do not assist in determining the level of
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monitoring needed for hospitalized patients. Moreover, these scoring systems were validated only for
upper GI bleeding. Levi et al[22] trained the algorithm on different data sets: MIMIC-III (Medical
Information Mart for Intensive Care-III); elICU-CRD (eICU Collaborative Research Database v.2.0); or
both. All models performed well with an AUROC > 0.80. A similar study by Shung et al[23] also found
that a long short-term memory model, a type of Recurrent Neural Network, performed better than a
regression-based model (AUROC: 0.65 vs 0.56; P < 0.001) in determining high-risk GI bleeding patients
requiring red blood cell transfusion in the ICU.

In patients with acute lower GI bleeding, Das et al[24] constructed ANN and multiple logistic
regression models to predict the outcomes of intervention for control of hemorrhage, recurrent bleeding,
and death. The models classify patients with lower GI bleeding as high-risk and low-risk patients. The
study found that ANN was significantly better than BLEED (accuracy for predicting death 87% vs 21%;
for recurrent bleeding 89% vs 41%; and for intervention 96% vs 46%) in internal validation. ANN was
also better than multiple logistic regression models in predicting the three outcomes in the external
validation (for death 97% vs 70%; for recurrent bleeding 93% vs 73%; and for intervention 94% vs 70%).

Shung et al[23], Seo et al[20], Deshmukh et al[21], and Das et al[24] showed that machine learning
models could be used in risk stratification for patients with acute upper and lower GI bleeding. More
advanced interventions, such as endoscopic or surgical intervention, could be considered in high-risk
patients. Therefore, Al could help emergency physicians and gastroenterologists decide patients who
might need urgent endoscopic or surgical intervention and help prepare the necessary interventions
earlier. Meanwhile, Levi et al[22] showed that Al could help determine which patients need tighter
monitoring. Many patients with GI bleeding admitted to ICU stop bleeding and do not require further
intervention. In hospitals with limited ICU capacities, AI might help determine patients with GI
bleeding who may or may not require ICU-level care.

All studies mentioned above used electronic health record data to train the models, making the
results readily applicable for the hospital setting. These studies used different machine learning models.
Interestingly, Seo et al[20] found that different models had different accuracies in determining the risk of
different outcomes. Choosing the appropriate machine learning algorithm or model is essential to
achieve the highest accuracy. However, there are still not many studies that compare the accuracies
between different machine learning models.

During endoscopy, Al might help identify endoscopic characteristics of hemorrhage, such as
determining the Forrest classification of peptic ulcer, which will help determine the management
needed for the patient. Yen et al[25] compared the performance of deep learning with expert and novice
endoscopists. They retrieved endoscopic still images of 1694 patients with peptic ulcer bleeding. Four
deep learning models were pre-trained with ImageNet. In the end, the Mobile Net V2 model was chosen
with the most optimum performance and compared with expert and novice endoscopists. For the 3-class
categories, the sensitivity and specificity were 94.83% and 92.36%, respectively. Meanwhile, for the 4-
class categories, the sensitivity and specificity were 95.40% and 92.70%, respectively. The deep learning
model also had a higher interobserver agreement with expert endoscopists compared to novice
endoscopists.

Gastric ulcer is a common medical condition, with a yearly incidence of more than 5 in 1000 adults.
However, gastric ulcer also has a risk to develop into gastric cancer. The malignancy rate in endoscop-
ically diagnosed gastric ulcers ranges from 2.4% to 21%. Therefore, early detection of malignant ulcers is
important for further treatment and a better prognosis. Several studies have developed Al algorithms to
differentiate between malignant and benign gastric ulcers. For example, Klang et al[26] developed a
CNN model with an AUC of 0.91 (95%CI: 0.85-0.96) with a sensitivity of 92% and specificity of 75%.
Similar studies were also conducted by Namikawa et al[27], Yoon et al[28], and Wu et al[29] using the
CNN model to differentiate gastric ulcers and early gastric cancers with satisfying performances.

Al also aids in the diagnosis of Helicobacter pylori (H. pylori) infection. Itoh et al[30] developed a CNN
model to diagnose H. pylori infection, using 149 training images and 30 test images from upper GI
endoscopy images. The sensitivity of CNN for detection of H. pylori infection was 86.7%, while the
specificity was 86.7%, with an AUC of 0.956. Mohan et al[31] conducted a systematic review consisting
of five studies using CNN for detection of H. pylori infection. Images used for the diagnosis were from a
combination of white-light, blue laser imaging, and linked color imaging. The pooled accuracy of Al for
detecting H. pylori infection was 87.1% (95%CI: 81.8-91.1) with a sensitivity of 86.3% and specificity of
87.1%. Meanwhile, endoscopists achieved an accuracy of 82.9% (95%CI: 76.7-87.7), with a sensitivity of
79.6% and specificity of 83.8%.

Al also aids the detection of small bowel bleeding using wireless capsule endoscopy. Le Berre et al[32]
reviewed 12 studies using various Al classifiers such as color spectrum transformation, MLP (multilayer
perceptron network), SVM (support vector machine, a type of machine learning model), joint diagonal-
ization, PCA (principal component analysis), and CNN. The sensitivity from various studies ranged
from 87.8% to 100%, while the specificity ranged from 85.8% to 99.9%. The highest accuracy of 99.6%
was obtained in a study by Xiao ef al[33] using deep CNN and 10000 images (8200 training and 1800 test
images).

After management in the hospital, Al can be used in identifying the risk of recurrent bleeding in
patients with GI bleeding. Wong et al[34] developed a machine learning model to predict recurrent
bleeding. The model was built based on six parameters (age, baseline haemoglobin, presence of gastric
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ulcer, GI diseases, malignancies, and infections). The model identified patients with recurrent ulcer
bleeding within 1 year with an AUROC of 0.775 and overall accuracy of 84.3%.

CONCLUSIONS AND FUTURE CHALLENGES

As discussed above, Al, especially machine learning and deep learning, has broad roles in clinical
prediction and management of GI bleeding by utilizing data that could help clinicians in their decision-
making. Even though Al can utilize a large set of electronic health record data, they might not be able to
utilize several important data such as patient’s behavior or endoscopic images, which might not be
stated in electronic health records or stored in different servers[35].

Since machine learning outcomes depend on the data set, the outcome might not be replicable in
other centers. For example, factors that influence the risk of GI bleeding might be different in different
centers with different data sets using the same Al algorithm. The data set used for the algorithm
training could influence the algorithm's performance. Hence, it is crucial to have a high-quality data set
that is well-integrated with the Al system before establishing an Al system[35]. Once established, the
integrated electronic health record and Al algorithm system could be copied to be used by different
centers.

Adopting Al also has several barriers, especially in developing countries, such as insufficient techno-
logical infrastructure and difficulty integrating Al in the routine workflow. Adequate data warehouses,
secure analytic platforms, and informatics and machine learning experts must be employed. Some
clinicians might be reluctant to substitute clinical judgment with computational analysis. It is important
to ensure the healthcare providers’ trust before implementing the tool. A contingency plan concerning
patients” safety should be established if the algorithm makes an error. Legal framework regarding
clinical decision-making by Al and its responsibility is currently unavailable[35,36].

An issue related to the safety of Al is the “black-box” algorithms. Black box Al is any Al system
whose inputs and operations are not visible to its users. Many machine learning models are considered
a black box, and it is difficult to understand how the algorithm arrived at its conclusion, even for those
who trained it. Clinicians who use the algorithm might not realize whether a clinical decision suggested
by an Al model is wrong because they do not know how the model arrived at the conclusion. Moreover,
Al is still prone to biases. A diagnosis or prognostic algorithm trained with data from mostly Caucasian
patients, for example, might not be as accurate for Black or Asian patients. An algorithm developed in
high resource settings might not recommend accurate or fair treatment in settings with more limited
resources[37].

The black box algorithms also raise legal concerns. It is still unclear if it could be considered medical
malpractice when a clinician gives a wrong treatment recommended by a black-box algorithm because
they could not review the basis of recommendation. Lawsuits might also be brought to the hospitals that
implement the Al algorithm or even to the technology companies that develop the algorithm[37].
Currently, it is recommended to use Al to support a clinical decision that has been already made instead
of using Al to create a new clinical decision.

Another ethical concern regarding the use of Al in medicine is patients” privacy. Personal health
condition is one of the most legally protected forms of data. Meanwhile, Al is usually provided by start-
ups or private technological companies. Previous cases of data breaches or technological companies
monetizing their customers' personal information are concerns that need to be addressed. Companies
need to provide technical safeguards to maintain data privacy to prevent breaches. Patients should be
informed of data uses, and patients should give their consent before their data is used[38].

To prevent misuse of patients’ medical information, legal frameworks need to be updated to suit the
rapid improvement of Al. Health Insurance Portability and Accountability Act (HIPAA) privacy rule is
the United States national standard for protecting individual medical records and other individual
health information. An example of a loophole in the regulation is if a genetic company sells their data to
pharmaceutical or insurance firms, the HIPAA privacy rule could not apply because DNA information
is not legally counted as healthcare[39]. Therefore, regulations concerning patients” privacy and safety
need to be revisited and updated to catch up with the improvement of technology. Strict legal penalties
should be implemented for those who break the regulations.
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