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Abstract

Gastrointestinal (GI) adverse drug reactions (ADRs) are common among glucagon-like
peptide-1 receptor agonist (GLP-1 RA) users and frequently contribute to treatment discon-
tinuation and reduced therapeutic benefit. This retrospective study aimed to develop and
validate an explainable artificial intelligence (XAI) model to predict GI ADR risk among
GLP-1 RA users using real-world clinical data from the NIH All of Us Research Program.
Adults prescribed GLP-1 RAs were identified and classified according to the occurrence
of GI ADRs following treatment initiation. Multiple supervised machine learning models,
including logistic regression, random forest, extreme gradient boosting (XGBoost), support
vector machine, neural network, LightGBM, and CatBoost, were evaluated using demo-
graphic, socioeconomic, clinical, medication, and laboratory variables. Model performance
was assessed using area under the receiver operating characteristic curve (AUC), accuracy,
precision, recall, and F1-score. A total of 8697 participants were included, of whom 59.1%
experienced GI ADRs. All models demonstrated reasonable predictive performance, with
AUC values ranging from 0.82 to 0.84. The XGBoost achieved discrimination of (AUC:
0.84 ± 0.01). SHapley Additive exPlanations (SHAP) identified gastroesophageal reflux
disease, hemorrhoids, and elevated HbA1c as important predictors of GI ADR risk. These
findings demonstrate the potential utility of explainable machine learning approaches for
predicting the safety of GLP-1 RA therapy.

Keywords: explainable artificial intelligence; adverse drug reactions; GLP-1 receptor
agonists; machine learning; pharmacovigilance

1. Introduction
Glucagon-like peptide-1 receptor agonists (GLP-1 RAs) are widely used for the man-

agement of type 2 diabetes mellitus and obesity due to their demonstrated benefits in
glycemic control, weight reduction, and cardiovascular risk reduction [1]. However, their
real-world effectiveness is frequently limited by gastrointestinal (GI) adverse drug reactions
(ADRs), including nausea, vomiting, diarrhea, constipation, and abdominal discomfort [2].
It was found that use of GLP-1 RA was associated with increased risk of pancreatitis, gas-
troparesis, and bowel obstruction [3]. These adverse effects are reported in more than half
of treated individuals and represent a major barrier to long-term treatment adherence [4].
Discontinuation rates of GLP-1 RA therapy are substantial, with nearly two-thirds of pa-
tients stopping treatment within the first year, often due to intolerable GI ADRs [4]. Early
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discontinuation undermines the sustained metabolic benefits of therapy and is associated
with adverse clinical consequences, including weight regain and deterioration of glycemic
control [5,6].

Despite the clinical importance of these adverse effects, there remains considerable
inter-individual variability in susceptibility to GI ADRs, which is not well understood [7].
This problem is challenging because GI ADR risk is influenced by complex, non-linear
interactions among demographic, clinical, behavioral, and treatment-related factors that
are difficult to capture using traditional statistical approaches. Moreover, prior studies
have largely relied on limited clinical variables or have focused on population-level as-
sociations rather than individualized risk prediction. Identifying patients at high risk of
adverse effects prior to treatment initiation could support more personalized prescribing,
improve adherence, and optimize clinical outcomes. Advances in artificial intelligence
(AI) and machine learning (ML) offer an opportunity to address this gap by leveraging
high-dimensional real-world data to develop predictive models [8]. In particular, explain-
able artificial intelligence (XAI) approaches enable not only accurate prediction but also
interpretation of model outputs, allowing for identification of key clinical and biological
drivers of ADRs [9,10].

Therefore, this study aimed to develop and validate XAI to predict the risk of gas-
trointestinal ADRs among GLP-1 RA users using real-world data from the NIH All of Us
Research Program. In addition, we sought to identify the important factors of GI ADR risk
to support personalized treatment strategies and improve medication safety. A clear un-
derstanding of the varying risk profiles of GLP-1 RAs enables clinicians to make informed
treatment decisions that weigh clinical benefits against potential adverse effects [11].

2. Materials and Methods
2.1. Study Design

We conducted a retrospective observational study that integrated predictive modeling
using XAI techniques to predict the risk of GI ADRs associated with GLP-1 RA therapy.

2.2. Study Population

Eligible participants included adults aged ≥18 years with documented exposure to
GLP-1 RA therapy within the All of Us dataset. The study cohort consisted of individuals
who developed gastrointestinal adverse drug reactions following treatment initiation.
Cases were defined as participants with documented GI ADRs, including abdominal pain,
nausea, vomiting, diarrhea, constipation, gastroparesis, or pancreatitis occurring after
GLP-1 RA initiation. Controls were defined as GLP-1 RA users without any recorded or
reported GI ADRs. Participants with evidence of GI ADRs prior to initiation of GLP-1
RA therapy were excluded to ensure temporal alignment between exposure and outcome.
GLP-1 receptor agonist exposure was identified from the OMOP Drug Exposure domain
using standardized drug concept identifiers mapped to RxNorm concepts. Gastrointestinal
adverse drug reactions were identified from the OMOP Condition Occurrence domain
using standardized clinical diagnostic concepts mapped to the OMOP Common Data
Model (primarily SNOMED concepts harmonized from source ICD-9/ICD-10 coding
systems). Outcome ascertainment was based on the first recorded occurrence of predefined
gastrointestinal conditions after the initial documented GLP-1 receptor agonist exposure.
Gastrointestinal adverse drug reactions were not restricted to a predefined follow-up
period; rather, the first documented GI ADR occurring at any time after treatment initiation
during the available observation period within the NIH All of Us Research Program was
considered the study outcome. This approach was selected because GI ADRs associated
with GLP-1 RA may occur shortly after treatment initiation or later during treatment.
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Because this was a retrospective observational study using routinely collected clinical
data, the occurrence of GI events after treatment initiation was interpreted as a temporal
association with GLP-1 RA exposure rather than definitive evidence of causality.

2.3. Data Source

Data for this study were obtained from the National Institutes of Health (NIH) All
of Us Research Program, a large, longitudinal, and diverse research database designed to
advance precision medicine. The dataset includes de-identified participant-level informa-
tion derived from multiple sources, including electronic health records, participant surveys,
physical measurements, biospecimens, and genomic sequencing. For this study, data were
accessed through the Controlled Tier of the All of Us Researcher Workbench. Multiple
data domains were utilized, including clinical conditions capturing ADRs, drug exposure
records identifying GLP-1 RA use, demographic variables such as age, sex, race/ethnicity,
socioeconomic characteristics, as well as laboratory and measurement data encompassing
clinical and anthropometric variables. This comprehensive dataset enables evaluation
of clinical and demographic predictors of GI ADRs and enhances the generalizability of
findings across diverse populations [12–14].

2.4. Data Processing

All data processing and analyses were conducted within the All of Us Researcher
Workbench using Python (version 3.10). Participant-level data were extracted using struc-
tured SQL queries executed in the Controlled Tier environment. Following data extraction,
datasets were merged using unique participant identifiers to construct the analytic dataset.
Data cleaning procedures included removal of duplicate records, and harmonization of
variable formats across domains. For demographic variables, categorical recording was
performed to facilitate modeling. Specifically, gender was recoded into three categories
(male, female, other), race into four categories (White, Black, Asian, and other), and eth-
nicity into three categories (Hispanic, non-Hispanic, and other). Duplicate observations
were removed by retaining the first occurrence per participant to ensure a single record per
individual. Missing data were handled using a complete-case analysis.

Feature engineering was conducted to derive clinically meaningful predictors from raw
data, including demographic characteristics, comorbid conditions, medication exposures,
and laboratory measures. All preprocessing steps were implemented within machine
learning pipelines to ensure that transformations were learned exclusively from the training
data and applied to the test data, thereby preventing information leakage.

2.5. Machine Learning Model Development, Training, and Validation

Multiple supervised machine learning algorithms were developed and evaluated, in-
cluding logistic regression (LR), Random Forest (RF), extreme gradient boosting (XGBoost),
support vector machine (SVM), neural network (NN), LightGBM, and CatBoost. These
models were selected to capture a range of analytical approaches, encompassing linear,
nonlinear, and ensemble-based methods capable of modeling complex relationships and
higher-order interactions among predictors.

Hyperparameters for each model were optimized using cross-validation-based tuning
procedures. Specifically, grid search strategies were implemented within a stratified 10-fold
cross-validation framework to identify optimal parameter combinations that maximized
predictive performance [15]. For tree-based models (random forest, XGBoost, LightGBM,
and CatBoost), key parameters such as the number of trees/iterations, maximum tree
depth, and learning rate were varied. For support vector machine models, kernel type
and regularization parameters were explored, while neural network models were tuned by
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adjusting architecture-related parameters including the number of hidden layers, number
of neurons, and learning rate (Supplementary Table S1).

To develop and internally validate the machine learning models, we employed strati-
fied 10-fold cross-validation, which preserves the distribution of gastrointestinal adverse
drug reactions across all folds. In this approach, the analytic dataset was partitioned into
ten approximately equal subsets. During each iteration, one subset served as the validation
set while the remaining nine subsets were used for model training. Model performance
metrics were averaged across the ten folds to provide better estimates of predictive per-
formance, assess model stability and generalizability, and reduce the risk of overfitting.
Because both the training and testing datasets originated from the same NIH All of Us
Research Program cohort, this evaluation constitutes solely internal validation.

2.6. Model Performance Evaluation

Model performance was assessed using stratified 10-fold cross-validation. Perfor-
mance was evaluated using multiple complementary metrics, including the area under the
receiver operating characteristic curve (AUC), accuracy, precision, recall (sensitivity), and
F1-score. These metrics collectively provide a comprehensive assessment of model discrim-
ination and classification performance, capturing the balance between correctly identifying
individuals with GI ADRs and minimizing false-positive predictions [16]. SHapley Addi-
tive exPlanations (SHAP) were applied to enhance interpretability of model outputs [16].
SHAP values identified the most influential clinical, demographic, and treatment-related
factors associated with GI ADR risk. SHAP values were calculated from the final XGBoost
model using the TreeExplainer algorithm to quantify the contribution of each predictor to
the predicted probability of GI-ADRs.

2.7. Features

The machine learning models were developed using a comprehensive set of predic-
tor variables selected based on their clinical relevance and previously reported associa-
tions with GI ADRs among GLP-1 RA users. Candidate predictors include demographic
characteristics, socioeconomic factors, clinical comorbidities, medication exposures, and
laboratory and anthropometric measurements. Demographic variables included age, sex,
race, and ethnicity. Socioeconomic variables comprised educational attainment, annual
household income, employment status, health insurance coverage, and marital status. Clin-
ical variables included pre-existing gastrointestinal and metabolic comorbidities that may
influence susceptibility to GI ADRs, including gastroesophageal reflux disease (GERD),
irritable bowel syndrome (IBS), hemorrhoids, liver disease, ulcerative colitis, and Crohn’s
disease. Medication-related variables captured concomitant use of drugs known to affect
gastrointestinal function or interact with GLP-1 RA, including opioids, proton pump in-
hibitors, nonsteroidal anti-inflammatory drugs (NSAIDs), antihistamines, corticosteroids,
anticholinergic agents, and antidepressants. Continuous clinical variables included gly-
cated hemoglobin (HbA1c) as a measure of glycemic control and body mass index (BMI)
as an indicator of adiposity. Categorical variables were encoded using one-hot encoding,
while continuous variables were standardized prior to model training where appropriate.
Binary variables (e.g., GERD, IBS, ulcerative colitis, medication use, employment, insurance,
and marital status) were coded as 0 = No and 1 = Yes. Demographic variables were initially
encoded according to the predefined classifications available in the NIH All of Us Research
Program. All predictor variables were ascertained using information available before
the occurrence of the first documented gastrointestinal adverse drug reaction. Predictors
recorded after the occurrence of GI ADRs were not included in model development to
minimize information leakage and reverse causation.
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3. Results
3.1. Characteristics of the Study Participants

The study included 8697 participants, of whom 59.1% experienced gastrointestinal
(GI) adverse drug reactions (ADRs). The majority of participants were female (61.8%), with
a mean age of 56.87 ± 12.91 years. Most participants were White (54.5%) and non-Hispanic
(79.7%). Regarding socioeconomic characteristics, 40.8% had a college or advanced degree,
while 36.5% had lower educational attainment. A large proportion of participants (95.7%)
had health insurance coverage. In terms of clinical characteristics, gastroesophageal reflux
disease (GERD) was present in 48.4% of participants, followed by hemorrhoids (22.7%),
liver disease (9.4%), and irritable bowel syndrome (IBS) (8.6%). Ulcerative colitis (0.9%)
and Crohn’s disease (1.0%) were relatively uncommon. Medication use was widespread,
including opioids (89.6%), proton pump inhibitors (58.5%), nonsteroidal anti-inflammatory
drugs (NSAIDs) (51.8%), antihistamines (65.1%), steroids (46.9%), anticholinergics (37.7%),
and antidepressants (63.3%). The mean BMI was 36.44 ± 9.35 kg/m2, and the mean HbA1c
was 7.68 ± 2.41%. Additional details are provided in Table 1.

Table 1. Demographics and Clinical Characteristics of the Study Participants.

Variable No ADR (n = 3558) ADR (n = 5139) Total (N = 8697) ADR (%)

Age (years) 56.16 ± 12.98 57.36 ± 12.83 56.87 ± 12.91 —
Gender
Female 2000 (23.0%) 3376 (38.8%) 5376 (61.8%) 62.8
Male 1498 (17.2%) 1679 (19.3%) 3177 (36.5%) 52.8
Other 60 (0.7%) 84 (1.0%) 144 (1.7%) 58.3
Race
White 2008 (23.1%) 2730 (31.4%) 4738 (54.5%) 57.6
Black 668 (7.7%) 1036 (11.9%) 1704 (19.6%) 60.8
Asian 88 (1.0%) 71 (0.8%) 159 (1.8%) 44.7
Other 794 (9.1%) 1302 (15.0%) 2096 (24.1%) 62.1
Ethnicity
Non-Hispanic 2903 (33.4%) 4028 (46.3%) 6931 (79.7%) 58.1
Hispanic 568 (6.5%) 940 (10.8%) 1508 (17.3%) 62.3
Other 87 (1.0%) 171 (2.0%) 258 (3.0%) 66.3
Education
College and above 1664 (19.1%) 1881 (21.6%) 3545 (40.8%) 53.1
High school 693 (8.0%) 1283 (14.7%) 1976 (22.7%) 64.9
No high school 1201 (13.8%) 1975 (22.7%) 3176 (36.5%) 62.2
Employment (Employed) 1531 (17.6%) 1684 (19.4%) 3215 (37.0%) 52.4
Income
<25 k 773 (8.9%) 1473 (16.9%) 2246 (25.8%) 65.6
25–50 k 566 (6.5%) 878 (10.1%) 1444 (16.6%) 60.8
50–100 k 780 (9.0%) 1015 (11.7%) 1795 (20.6%) 56.5
100–200 k 667 (7.7%) 633 (7.3%) 1300 (14.9%) 48.7
>200 k 772 (8.9%) 1140 (13.1%) 1912 (22.0%) 59.6
Insured 3393 (39.0%) 4926 (56.6%) 8319 (95.7%) 59.2
Married 1706 (19.6%) 2222 (25.6%) 3928 (45.2%) 56.6
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Table 1. Cont.

Variable No ADR (n = 3558) ADR (n = 5139) Total (N = 8697) ADR (%)

Clinical Conditions
GERD 822 (9.5%) 3385 (38.9%) 4207 (48.4%) 80.5
IBS 56 (0.6%) 689 (7.9%) 745 (8.6%) 92.5
Hemorrhoids 353 (4.1%) 1623 (18.7%) 1976 (22.7%) 82.1
Liver disease 132 (1.5%) 686 (7.9%) 818 (9.4%) 83.9
UC 7 (0.1%) 74 (0.9%) 81 (0.9%) 91.4
CD 10 (0.1%) 79 (0.9%) 89 (1.0%) 88.8
Medications
Opioid 2827 (32.5%) 4962 (57.1%) 7789 (89.6%) 63.7
Anticholinergics 783 (9.0%) 2493 (28.7%) 3276 (37.7%) 76.1
PPI 1252 (14.4%) 3834 (44.1%) 5086 (58.5%) 75.4
NSAIDs 1336 (15.4%) 3172 (36.5%) 4508 (51.8%) 70.4
Antihistamines 1690 (19.4%) 3973 (45.7%) 5663 (65.1%) 70.2
Steroid 1134 (13.0%) 2947 (33.9%) 4081 (46.9%) 72.2
Antidepressant 1777 (20.4%) 3727 (42.9%) 5504 (63.3%) 67.7
HbA1c (%) 7.44 ± 2.11 7.85 ± 2.59 7.68 ± 2.41 —
BMI (kg/m2) 35.87 ± 8.17 36.84 ± 10.07 36.44 ± 9.35 —

Note: Percentages are calculated based on the total study population. ADR (%) was calculated as the number
of participants with gastrointestinal adverse drug reactions divided by the total number of participants within
each category. Abbreviations: ADR, adverse drug reaction; BMI, body mass index; CD, Crohn’s disease; GERD,
gastroesophageal reflux disease; HbA1c, hemoglobin A1c; IBS, irritable bowel syndrome; NSAIDs, nonsteroidal
anti-inflammatory drugs; PPI, proton pump inhibitor; UC, ulcerative colitis.

3.2. Performance of ML Models for Predicting Gastrointestinal Adverse Drug Reactions

Overall, all machine learning models demonstrated consistent predictive performance,
with low variability across cross-validation folds, indicating good generalizability and
minimal overfitting. Across models, discriminative performance was comparable, with
AUC values ranging from 0.82 to 0.84. Among the evaluated models, XGBoost achieved a
slightly higher overall performance, with an AUC of 0.84 ± 0.01 and classification metrics,
including an accuracy of 0.76 ± 0.01, recall of 0.80 ± 0.02, and F1-score of 0.80 ± 0.01.
The RF and NN models demonstrated similar performance, each achieving an AUC of
0.83 ± 0.01 and balanced precision and recall (both approximately 0.79–0.80), indicating
stable and reliable classification across ADR outcomes. The SVM model achieved the
highest precision (0.83 ± 0.02) among all models, indicating better ability to minimize
false-positive predictions (Table 2 & Figure 1).

Table 2. Performance of different ML Models Using 10-Fold Cross-Validation (Mean ± SD).

Model AUC Accuracy Precision Recall F1-Score

LR 0.82 ± 0.01 0.74 ± 0.01 0.81 ± 0.01 0.74 ± 0.01 0.77 ± 0.01
RF 0.83 ± 0.01 0.75 ± 0.01 0.79 ± 0.01 0.79 ± 0.02 0.79 ± 0.01
XGBoost 0.84 ± 0.01 0.76 ± 0.01 0.79 ± 0.01 0.80 ± 0.02 0.80 ± 0.01
SVM 0.82 ± 0.01 0.75 ± 0.01 0.83 ± 0.02 0.73 ± 0.02 0.77 ± 0.01
NN 0.83 ± 0.01 0.75 ± 0.01 0.79 ± 0.01 0.80 ± 0.01 0.79 ± 0.01
LightGBM 0.83 ± 0.01 0.75 ± 0.01 0.82 ± 0.02 0.74 ± 0.02 0.78 ± 0.01
CatBoost 0.82 ± 0.01 0.75 ± 0.01 0.81 ± 0.01 0.74 ± 0.02 0.78 ± 0.01

Abbreviations: AUC, area under the receiver operating characteristic curve; CatBoost, categorical boosting; F1-
score, harmonic mean of precision and recall; LightGBM, light gradient boosting machine; LR, logistic regression;
NN, neural network; Precision, positive predictive value; Recall, sensitivity; RF, random forest; SVM, support
vector machine; XGBoost, extreme gradient boosting.
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The calibration analyses demonstrated good agreement between predicted and ob-
served probabilities across all evaluated machine learning models. Among the evaluated
algorithms, the XGBoost model exhibited a better calibration performance, with the Brier
score (0.1636), a calibration intercept closest to zero (0.0058), and an almost ideal calibration
slope (1.0003), indicating agreement between predicted and observed risks. The RF model
also demonstrated good calibration (Brier score = 0.1688, calibration intercept = 0.1235,
calibration slope = 1.0488). Overall, the calibration metrics indicated the reliability of the
predicted probabilities generated by the proposed models (Supplementary Table S2).

 

Figure 1. Receiver Operating Characteristic Curves for Predicting ADRs of GLP-1 RA. Receiver
operating characteristic curves illustrating the predictive performance of multiple machine learning
models for identifying gastrointestinal ADRs among GLP-1 RA users. The x-axis represents the false
positive rate (1 − specificity), and the y-axis represents the true positive rate (sensitivity). Model
performance was evaluated using stratified 10-fold cross-validation.

3.3. Precision–Recall Curve for Prediction of Gastrointestinal ADRs of GLP-1 RA

The precision–recall (PR) curve demonstrated consistent predictive performance across
all machine learning models for identifying gastrointestinal ADRs following GLP-1 RA
therapy (Figure 2). Overall, model performance was comparable, with PR-AUC values
ranging from approximately 0.87 to 0.88 across algorithms, indicating better classification
performance. Ensemble tree-based models, including XGBoost, LightGBM, and Random
Forest, exhibited slightly higher and more stable precision across a wide range of recall
values, suggesting improved ability to correctly identify ADR cases while minimizing
false-positive predictions (Figure 2).
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Figure 2. Precision–Recall Curves for Predicting Gastrointestinal ADRs of GLP-1 RA. Precision–
recall (PR) curves illustrating the predictive performance of multiple machine learning models for
identifying gastrointestinal ADRs among GLP-1 RA users. The x-axis represents recall (sensitivity),
and the y-axis represents precision (positive predictive value). Model performance was evaluated
using stratified 10-fold cross-validation, and the curves represent the mean performance across folds.

3.4. Explainable ML Identification of Predictors of Gastrointestinal ADRs of GLP-1 RA

Figure 3 presents the SHAP summary plot generated from the XGBoost model, il-
lustrating the overall importance of each predictor and its contribution to the prediction
of GI-ADRs. Features are ranked from top to bottom according to their mean absolute
SHAP values, with variables at the top exerting the greatest overall influence on model
predictions. Each point represents an individual participant. The horizontal position of
each point corresponds to its SHAP value, where positive SHAP values indicate that the
feature increases the predicted probability of GI-ADRs, whereas negative SHAP values
indicate that the feature decreases the predicted probability. The color of each point reflects
the feature value, with red indicating higher feature values and blue indicating lower
feature values.

Among all predictors, gastrointestinal-related comorbidities and concomitant med-
ications were the most influential determinants of GI-ADR risk. The presence of GERD,
hemorrhoids, IBS, liver disease, and ulcerative colitis, as well as the use of PPIs, anticholin-
ergics, NSAIDs, steroids, opioids, antidepressants, and antihistamines, were generally
associated with positive SHAP values, indicating an increased predicted probability of
GI-ADRs. In contrast, lower values of several continuous variables, including age, HbA1c,
and BMI, were associated with reduced predicted risk, whereas higher values tended to
shift predictions toward increased risk. The broad horizontal dispersion of SHAP values
for several predictors demonstrates substantial inter-individual variability in their effects,
suggesting heterogeneity in susceptibility to GI-ADRs among GLP-1 receptor agonist users
(Figure 3).
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Figure 3. SHAP Plot of Important Features for the Prediction of Gastrointestinal ADRs Following
GLP-1 RA Therapy. Abbreviations: BMI, body mass index; GERD, gastroesophageal reflux disease;
HbA1c, hemoglobin A1c; IBS, irritable bowel syndrome; NSAIDs, nonsteroidal anti-inflammatory
drugs; PPI, proton pump inhibitor; UC, ulcerative colitis. SHAP summary illustrates the global
importance and direction of association of predictors in the machine learning model for GI-ADRs
among GLP-1 RA users. The displayed categories represent the encoded category relative to the
reference category. The reference categories were Male for gender, White for race, non-Hispanic for
ethnicity, no high school diploma for education, and <$25,000 for household income. Positive SHAP
values indicate an increased predicted probability of the outcome, whereas negative SHAP values
indicate a decreased predicted probability.

4. Discussion
Our study evaluated multiple supervised machine learning algorithms to predict GI-

ADRs associated with GLP-1 RAs. Overall, all models demonstrated consistent predictive
performance, with minimal variability across cross-validation folds. Among the evaluated
models, XGBoost achieved a slightly higher discriminative performance, while the other
models demonstrated comparable performance. In addition, precision–recall curve analysis
indicated that ensemble tree-based models maintained higher and more stable precision
across a broad range of recall values.

Our findings are consistent with prior literature demonstrating the utility of machine
learning, particularly ensemble approaches, in predicting ADRs; however, challenges such
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as class imbalance and limited external validation remain barriers to widespread clinical
implementation [17]. Given the rapidly increasing use of GLP-1 RAs for both diabetes
and obesity management, concerns regarding their safety profile have become increasingly
prominent. Gastrointestinal ADRs remain a leading cause of treatment discontinuation and
therapeutic failure, contributing to increased healthcare utilization and costs, particularly
in cases involving severe complications such as gastroparesis [18]. These risks may be
further exacerbated in individuals with underlying metabolic conditions such as diabetes
and obesity. In this context, the ability of machine learning models to identify individuals at
high risk of GI-ADRs prior to treatment initiation represents a significant advancement in
clinical care. Early risk stratification may enable clinicians to individualize treatment strate-
gies, including dose titration, regimen modification, or selection of alternative therapies.
Importantly, a subset of GLP-1 RA-induced ADRs is potentially preventable at the time of
prescribing, highlighting the clinical value of predictive models in improving medication
safety and adherence [19,20].

Beyond their clinical utility, machine learning approaches can facilitate earlier identi-
fication of safety signals, improve toxicity prediction, and reduce reliance on traditional,
resource-intensive preclinical models during drug development [21]. In drug development
pipelines, AI-driven approaches can accelerate the identification of safer drug candidates,
reduce late-stage failures, and optimize cost-efficiency [22]. Furthermore, integrating
drug–target interaction data with interpretable machine learning represents a promising
approach for advancing predictive pharmacovigilance. By linking molecular targets to
adverse clinical outcomes, such frameworks can improve prediction accuracy and provide
mechanistic insights into ADR development. These insights can support safer and more
efficient drug design [23].

Additionally, the SHAP analysis provided important insights into the clinical factors
associated with GI-ADRs. Notably, GERD and hemorrhoids emerged as among the most in-
fluential features, consistently associated with increased SHAP values, indicating a greater
likelihood of GI-ADR occurrence. This finding suggests that pre-existing gastrointestinal
conditions may substantially amplify susceptibility to GLP-1 RA-induced adverse effects.
The association between GERD and increased GI-ADR risk is biologically plausible and
aligns with the known pharmacologic effects of GLP-1 RAs. These agents delay gastric emp-
tying and modulate gastrointestinal motility, which may exacerbate upper gastrointestinal
symptoms such as nausea, bloating, and reflux [24]. In individuals with underlying GERD,
impaired esophageal clearance and lower esophageal sphincter dysfunction may further
predispose patients to worsening reflux symptoms when exposed to GLP-1 RAs [25]. The
SHAP results reinforce this interaction by demonstrating a consistent positive contribution
of GERD to model predictions [26].

Similarly, hemorrhoids were identified as a significant feature to predict GI-ADR risk.
Although hemorrhoids are not traditionally considered in pharmacovigilance studies of
GLP-1 RAs, their prominence in the SHAP analysis may reflect underlying alterations in
bowel habits, particularly constipation and straining, which are well-documented adverse
effects of GLP-1 RA therapy [27]. Reduced gastrointestinal motility and delayed transit time
may increase intrarectal pressure, thereby exacerbating hemorrhoidal symptoms [28]. The
observed positive SHAP values associated with hemorrhoids suggest that these patients
may be particularly vulnerable to lower gastrointestinal complications during treatment.

Importantly, these findings highlight the role of baseline gastrointestinal health in
shaping individual responses to GLP-1 RA therapy. GERD and hemorrhoid gastrointesti-
nal conditions contribute to predicting ADR risk through distinct but complementary
pathways. These results underscore the importance of incorporating pre-existing gastroin-
testinal comorbidities into clinical decision-making and risk stratification prior to GLP-1
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RA initiation. From a clinical perspective, these findings suggest that patients with GERD
or hemorrhoids may benefit from closer monitoring, dose titration strategies, or adjunctive
therapies to mitigate adverse effects. Further research should explore these associations
using prospective designs and investigate whether targeted interventions in these high-risk
groups can improve treatment adherence and outcomes.

In addition to gastrointestinal comorbidities, elevated hemoglobin A1c (HbA1c)
emerged as an important predictor of GI-ADRs in the SHAP analysis, with higher HbA1c
values consistently associated with increased likelihood of ADR occurrence. This finding
suggests that poor glycemic control may play an important role in modulating patient
susceptibility to GLP-1 RA-related gastrointestinal intolerance. The association between
higher HbA1c and increased GI-ADR risk is biologically plausible and may reflect underly-
ing diabetes-related gastrointestinal dysfunction. Chronic hyperglycemia has been linked
to autonomic neuropathy, which can impair gastrointestinal motility and lead to conditions
such as delayed gastric emptying (gastroparesis), altered intestinal transit, and visceral
hypersensitivity [29]. In this context, the pharmacologic effects of GLP-1 RAs—particularly
their known action of slowing gastric emptying—may further exacerbate pre-existing motil-
ity disturbances, resulting in a higher burden of gastrointestinal symptoms such as nausea,
vomiting, and abdominal discomfort [30,31]. Moreover, higher HbA1c levels may serve as
a proxy for more advanced or poorly controlled diabetes, which is often associated with
greater disease severity, longer disease duration, and increased comorbidity burden. Addi-
tionally, individuals with poor glycemic control may have altered gut hormone responses
and impaired neurohormonal regulation, potentially amplifying the gastrointestinal effects
of GLP-1 RA therapy [32,33]. From a clinical perspective, these findings highlight the impor-
tance of considering baseline glycemic status when initiating GLP-1 RA therapy. Patients
with elevated HbA1c may benefit from more gradual dose titration, closer monitoring for
gastrointestinal symptoms, and proactive management strategies to improve tolerability.
Furthermore, the SHAP-based interpretation underscores the value of integrating metabolic
and gastrointestinal risk factors into personalized treatment approaches.

4.1. Strengths and Limitations of the Study

This study has several important strengths. First, we leveraged a large and diverse
real-world dataset from the All of Us Research Program, enhancing the generalizability
of our findings across heterogeneous populations. Second, we applied multiple machine
learning algorithms and performed rigorous model validation using stratified 10-fold
cross-validation, ensuring reliable performance estimates. Third, the incorporation of
explainable artificial intelligence through SHAP analysis represents a major strength, as it
enabled clinically interpretable identification of key risk factors for gastrointestinal adverse
drug reactions.

Despite these strengths, several limitations should be acknowledged. First, although
genomic data were available within the All of Us dataset, genetic features were not incor-
porated into the current analysis. Given emerging evidence that genetic variation in drug
target pathways may influence both efficacy and adverse effects of GLP-1 RA, omission of
these factors may limit the ability to fully capture predictive performance and explainability
of the ML models [34]. Second, important treatment-related variables, including medication
dose, duration of therapy, and adherence patterns, were not included in the models. These
factors are clinically relevant, as temporary discontinuation and reinitiation of GLP-1 RA
therapy are common in response to adverse effects and may influence ADR occurrence [19].
Third, the use of concomitant medications or supportive treatments (e.g., laxatives or
antiemetics) was not fully captured, which may have modified the observed associations.
Fourth, the adverse events were identified from routinely collected clinical diagnoses rather

https://doi.org/10.3390/aimed1030019

https://doi.org/10.3390/aimed1030019


AI Med. 2026, 1, 19 12 of 15

than formal pharmacovigilance adjudication. Therefore, a causal relationship between GLP-
1 RA therapy and the observed gastrointestinal events cannot be definitively established.
Finally, external validation in independent cohorts is still required before these models can
be considered for widespread clinical implementation. Such validation will help establish
their generalizability across different patient populations, healthcare systems, and clinical
practice settings.

4.2. Future Directions

Future research should focus on enhancing the predictive performance and clinical
utility of machine learning models for adverse drug reaction prediction. Incorporating
genomic data, including pharmacogenomic variants and polygenic risk scores, may further
improve risk prediction. In addition, integrating longitudinal treatment data—such as
medication dose, duration, and adherence—could enable dynamic risk prediction and
better reflect real-world treatment trajectories. Furthermore, combining structured clinical
data with unstructured data sources, such as clinical notes and patient-reported outcomes,
may enhance model performance and capture nuanced predictors of adverse events. From
a translational perspective, expanding these approaches to drug development pipelines
represents a promising direction. Integration of interpretable machine learning with drug–
target interaction data and preclinical models may facilitate earlier identification of toxicity
signals and improve the safety profile of emerging therapies. Ultimately, these efforts may
contribute to the development of precision pharmacovigilance frameworks that optimize
both GLP-1 RA safety and therapeutic effectiveness.

5. Conclusions
In conclusion, machine learning models demonstrated consistent performance in

predicting gastrointestinal adverse drug reactions among GLP-1 RA users. Ensemble
tree-based models achieved better predictive performance, while explainable AI methods
identified key clinical drivers of ADR risk, including underlying gastrointestinal conditions
and metabolic factors such as elevated HbA1c. The application of explainable machine
learning provides a powerful framework for both prediction and interpretation, support-
ing improved clinical decision-making, enhanced medication safety, and more targeted
pharmacovigilance.
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