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Abstract

Background: Polypharmacy is associated with increased adverse drug event (ADE) risk
in older adults, but accurate risk stratification remains challenging. This study aimed to
develop and evaluate explainable machine learning (ML) models for predicting ADEs in
older adults with polypharmacy. Methods: This single-center retrospective cohort study
included adults aged >65 years who received outpatient care at Daegu Catholic University
Medical Center between January 2016 and December 2025. Logistic regression, random
forest, and Light Gradient-Boosting Machine (LightGBM) models were developed using
demographic, comorbidity, medication, and laboratory variables. Model performance was
evaluated using discrimination, calibration, and classification metrics. SHapley Additive
exPlanations (SHAP) analyses were performed to improve model interpretability. Results:
A total of 7505 older adults were included, including 366 patients who developed ADEs
within 90 days. In the independent test set, random forest demonstrated favorable overall
classification performance, achieving the highest accuracy (0.810), specificity (0.828), and F1-
score (0.193), whereas logistic regression showed the highest AUROC (0.705) and sensitivity
(0.589). SHAP analyses identified medication count, sodium level, diabetes mellitus, and co-
morbidity burden as major contributors to ADE risk prediction. Conclusions: Explainable
ML models demonstrated moderate but clinically meaningful performance for predicting
ADEs in older adults with polypharmacy. These findings suggest that explainable ML
approaches may support clinically interpretable medication safety risk stratification in
real-world clinical practice.
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because they represent a common yet potentially preventable source of morbidity and
healthcare utilization among older adults [6-9]. Previous epidemiologic studies have
consistently demonstrated that medication burden, comorbidity, and impaired physiologic
reserve substantially contribute to medication-related harm in geriatric populations [8-10].
In addition, interventions aimed at optimizing polypharmacy remain clinically challenging
despite increasing awareness of medication safety in older adults [11].

Early identification of older adults at high risk for ADEs remains difficult in real-
world clinical practice. Conventional statistical approaches and existing risk scores have
primarily focused on predefined linear associations between clinical variables and ad-
verse outcomes [10,12]. However, ADEs in older adults are often influenced by complex
interactions among age-related physiologic changes, multimorbidity, hepatic and renal
dysfunction, and cumulative medication exposure. Such multidimensional relationships
may not be adequately captured using traditional modeling strategies alone. Recent ad-
vances in machine learning (ML) have enabled more flexible predictive modeling capable
of identifying nonlinear relationships and complex feature interactions within healthcare
datasets [13,14]. Consequently, ML-based approaches have increasingly been explored in
medication safety research and ADE prediction using electronic health records [15].

Despite growing interest in artificial intelligence for medication management, several
important limitations remain. First, many previous ML studies have primarily focused on
potentially inappropriate medications, drug-specific adverse reactions, or imaging-based
prediction tasks rather than overall ADE risk stratification in older adults with polyphar-
macy [15-17]. Second, the clinical applicability of many ML models remains limited because
of poor interpretability and “black-box” decision-making processes [18]. Third, relatively
few studies have simultaneously integrated explainable artificial intelligence techniques
with clinically relevant geriatric polypharmacy prediction frameworks [19,20]. Moreover,
previous studies have frequently emphasized predictive performance alone without suffi-
ciently evaluating calibration performance, clinical utility, or the relative contribution of
clinically relevant predictors to model decision-making.

To address these gaps, we developed and evaluated multiple explainable ML models
for predicting ADEs in older adults with polypharmacy using electronic medical record
(EMR) data from a tertiary academic medical center. Unlike previous studies that primarily
focused on predictive discrimination alone, the present study additionally incorporated
SHapley Additive exPlanations (SHAP)-based interpretability analyses to quantify the
relative contribution of medication burden, comorbidity burden, and laboratory findings,
including renal function parameters such as serum creatinine and estimated glomerular
filtration rate (eGFR), to ADE risk prediction [21]. Furthermore, we comprehensively
evaluated model discrimination, calibration, and clinical utility using independent test-set
validation and decision curve analysis (DCA) [22-24]. Through this approach, we aimed to
develop clinically interpretable and methodologically robust ML models for medication
safety risk stratification in older adults with polypharmacy.

2. Materials and Methods
2.1. Study Design

This retrospective observational study was conducted using EMR data from Daegu
Catholic University Medical Center between 1 January 2016 and 31 December 2025. De-
mographic information, medication records, comorbidities, and laboratory findings were
extracted from the institutional EMR database for ML model development and evalua-
tion. The study period was selected to ensure sufficient longitudinal EMR accumulation
and an adequate number of ADEs for model development. Only clinically diagnosed
diabetes mellitus and hypertension documented in the EMR database were included be-
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cause undiagnosed conditions and pre-diabetes could not be reliably identified in this
retrospective dataset.

This study was approved by the Institutional Review Board of Daegu Catholic Uni-
versity Medical Center (approval number: DCUMC 2026-03-002; approval date: 11 March
2026). The requirement for informed consent was waived because of the retrospective
study design.

2.2. Study Population

Older adults aged 65 years or older who received outpatient care and had available
medication and laboratory data during the study period were eligible for inclusion. Patients
were included if complete medication records and baseline laboratory data were available at
the index date. Patients with incomplete clinical records, missing key laboratory variables,
duplicate encounters, or inadequate 90-day follow-up data were excluded from the analysis.
Complete-case analysis was performed because the overall proportion of missing data
was low.

Patients were categorized according to medication burden into three groups: non-
polypharmacy (0—4 medications), polypharmacy (5-9 medications), and hyper-polypharmacy
(>10 medications) [25-27]. Polypharmacy categories were defined based on the total
number of concurrently prescribed medications at the index date.

The following variables were collected from the EMR database: age, sex, body mass
index (BMI), Charlson Comorbidity Index (CCI), medication count, hypertension, diabetes
mellitus, chronic kidney disease, cardiovascular disease, serum creatinine, eGFR, sodium,
potassium, and glucose levels. CCI was selected as a standardized and validated measure of
overall comorbidity burden commonly used in prediction modeling studies involving older
adults. Hypertension, diabetes mellitus, chronic kidney disease, and cardiovascular disease
were identified using ICD-10 diagnostic codes recorded in the EMR database. Medication
count was incorporated into ML models as a continuous predictor variable. Laboratory
variables were obtained from measurements recorded closest to the index date.

2.3. Primary Outcome

The primary outcome was the occurrence of ADEs within 90 days after the index
date. ADEs were identified using medication-related ICD-10 diagnostic codes, emergency
department visits, hospitalization records, and physician-documented adverse medication-
related events within the EMR system. Operational definitions included medication-related
diagnostic codes, clinically documented adverse medication reactions, emergency depart-
ment visits related to medication complications, and hospitalization records attributable to
medication-related harm. ADE identification was based on structured electronic medical
record-based operational definitions derived from previous medication safety studies
and institutional clinical documentation criteria. Detailed operational definitions of ADE-
related outcomes are provided in Supplementary Table S1.

2.4. ML Model Development

Three ML models were developed and evaluated: logistic regression, random forest,
and Light Gradient-Boosting Machine (LightGBM). Logistic regression was included as
a conventional interpretable baseline model, while tree-based ensemble methods were
selected because of their ability to capture nonlinear relationships and complex interactions
among clinical variables.

The dataset was randomly divided into training and independent test sets using an
80:20 ratio with stratification according to ADE occurrence. Because ADE occurrence repre-
sented a relatively imbalanced outcome, stratified sampling was applied during dataset
partitioning and cross-validation procedures. Additional oversampling, undersampling,
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or synthetic resampling techniques, such as SMOTE, were not applied to avoid potential
overfitting and distortion of clinically observed event distributions. Model development
and internal validation were performed exclusively within the training dataset. Internal
validation was conducted using stratified five-fold cross-validation to reduce overfitting
and evaluate model robustness.

Categorical variables were transformed using one-hot encoding, and continuous
variables were standardized for logistic regression analysis when appropriate. Hyperpa-
rameters were selected based on prior clinical ML studies and empirically optimized using
cross-validation performance while minimizing overfitting. Final hyperparameters were
determined according to overall discrimination performance and model stability across
validation folds. All analyses were performed using a fixed random seed (2026) to ensure
reproducibility. The selected hyperparameters were applied consistently across five-fold
cross-validation analyses (Supplementary Table S2).

2.5. Model Evaluation

Model performance was comprehensively evaluated using discrimination, calibration,
classification, and clinical utility metrics. Discrimination performance was assessed using
the area under the receiver operating characteristic curve (AUROC) and the area under the
precision-recall curve (AUPRC). Because ADE occurrence represented a relatively imbal-
anced outcome, AUPRC was additionally evaluated to better assess predictive performance
under class imbalance conditions [15].

Classification performance metrics included accuracy, sensitivity, specificity, precision,
and Fl-score. Sensitivity and Fl-score were specifically considered important because
accurate identification of high-risk patients is clinically relevant for medication safety
surveillance in older adults. Calibration performance was assessed using calibration plots,
calibration intercepts and slopes, and the Brier score [22,23]. Lower Brier scores indicated
better agreement between predicted probabilities and observed outcomes.

Clinical utility was additionally evaluated using DCA, which estimates the net clinical
benefit of prediction models across a range of threshold probabilities [24]. Classification
metrics were calculated using a default probability threshold of 0.5. Model performance in
the independent test set was additionally evaluated to assess generalizability and robust-
ness of the developed models.

2.6. Explainability Analysis

To improve model interpretability, SHAP analyses were performed for the random
forest model, which demonstrated slightly superior overall predictive performance in
the independent test set [21]. SHAP values were used to quantify the contribution of
individual variables to model predictions, thereby enabling interpretation of clinically
relevant factors influencing ADE risk prediction. Feature importance was summarized
using mean absolute SHAP values, and SHAP summary plots were generated to visualize
the direction and magnitude of variable effects on predicted ADE risk. Additional feature
importance visualization based on SHAP values was provided to facilitate interpretation of
model behavior and clinically important predictors.

2.7. Statistical Analysis

No formal sample size calculation was performed because all eligible patients available
within the predefined study period were included. Continuous variables are presented
as mean =+ standard deviation, while categorical variables are presented as number and
percentage. Group comparisons were performed using one-way analysis of variance for
continuous variables and the chi-square test for categorical variables. All ML analyses were
performed using Python (version 3.12) with scikit-learn, LightGBM, and SHAP libraries. A
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two-sided p-value < 0.05 was considered statistically significant. This study was conducted
and reported in accordance with the TRIPOD-AI reporting guideline for prediction model
development studies.

2.8. Generative Al Usage

Generative Al (ChatGPT, GPT-5.5; OpenAl) was used for language editing and clarity
improvement. The tool assisted in grammar polishing and stylistic refinement of the
manuscript text. No Al tools were used for data analysis, interpretation of results, or
scientific decision-making. All scientific content, study design, and conclusions were
developed entirely by the authors, who take full responsibility for the manuscript.

3. Results
3.1. Baseline Characteristics

The study flowchart is presented in Figure 1. A total of 7505 older adults were included
in the final analysis, including 7139 patients without ADEs and 366 patients with ADEs
within 90 days. Baseline characteristics according to polypharmacy status are summarized
in Table 1. According to medication burden, 2927 patients (39.0%) were classified into the
non-polypharmacy group, 3723 patients (49.6%) into the polypharmacy group, and 855
patients (11.4%) into the hyper-polypharmacy group. Patients with greater medication
burden were older and had higher CCI values. Patients with greater medication burden
were generally older and had substantially higher comorbidity burden. Age and CCI
values progressively increased across the non-polypharmacy, polypharmacy, and hyper-
polypharmacy groups (both p < 0.001).

Older adults with outpatient visits
(Jan 2016 to Dec 2025)
(n=9480) Excluded (n = 1975)
* Age <65 years (n=1102)
+ Inadequate 90-day follow-up (n = 356)
* Missing predictor variables (n = 417)
Final study population * Duplicate records (n = 100)
(n=7505)
I
Non-polypharmacy Polypharmacy Hyper-polypharmacy
(n=2927) (n=3723) (n = 855)
No ADE within 90 days || ADE within 90 days No ADE within 90 days || ADE within 90 days No ADE within 90 days || ADE within 90 days
(n=2858) (n=69) (n=3533) (n=190) (n=748) (n=107)
H H i
1 1 1
L 4
No ADE within 90 days ADE within 90 days
(n=7139) (n=366)

Figure 1. Study flowchart. Older adults with outpatient visits at Daegu Catholic University Med-
ical Center between January 2016 and December 2025 were screened for eligibility. Patients were
categorized according to the occurrence of adverse drug events within 90 days. ADE, adverse
drug event.

The prevalence of major comorbidities progressively increased with greater medication
burden. Higher prevalences of hypertension, diabetes mellitus, chronic kidney disease,
and cardiovascular disease were consistently observed across increasing polypharmacy
categories (all p < 0.001). Laboratory findings suggested worse renal function among
patients with greater medication burden. Serum creatinine levels increased, whereas eGFR
values decreased across polypharmacy categories (both p < 0.001). Patients with hyper-
polypharmacy additionally showed higher potassium and glucose levels compared with
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the other groups. In contrast, sodium levels were relatively similar across medication
burden categories.

Table 1. Baseline characteristics according to polypharmacy status.

. Non-Polypharmac Polypharmac Hyper-Polypharmac

Variable (n =y;927) ¢ (ZI; 3723) ¢ * (n :;1;5) ’ o pevalue
Age 72.55 + 5.51 74.90 + 6.03 78.44 + 6.41 <0.001
BMI 24.11 + 3.19 24.15 + 3.16 2443 + 3.14 0.039

CCI 1.25 £ 1.00 1.88 +£ 1.09 3.05 +1.26 <0.001
Medication count 2.90 + 1.06 6.54 + 1.31 11.96 + 2.34 <0.001
Serum creatinine 0.80 +0.20 0.84 +0.21 0.95 + 0.25 <0.001
eGFR 85.09 + 13.07 81.49 + 13.39 74.83 + 14.34 <0.001
Sodium 139.94 + 2.88 140.02 + 2.90 139.90 + 2.75 0.400

Potassium 422 +0.36 424 +0.35 429 +0.37 <0.001
Glucose 109.64 + 26.01 114.85 + 27.67 121.96 + 27.70 <0.001
Male sex 1286 (43.9) 1666 (44.7) 350 (40.9) 0.128

Hypertension 1231 (42.1) 2293 (61.6) 692 (80.9) <0.001
Diabetes mellitus 495 (16.9) 1251 (33.6) 486 (56.8) <0.001
Chronic kidney disease 28 (1.0) 141 (3.8) 175 (20.5) <0.001
Cardiovascular disease 131 (4.5) 461 (12.4) 283 (33.1) <0.001
ADE within 90 days 69 (2.4) 190 (5.1) 107 (12.5) <0.001
ER visit within 90 days 209 (7.1) 331 (8.9) 106 (12.4) <0.001
Hospitalization within 90 days 109 (3.7) 175 (4.7) 77 (9.0) <0.001

Data are presented as mean =+ standard deviation or number (%). p-values were calculated using one-way analysis
of variance or the chi-square test, as appropriate. Non-polypharmacy was defined as the concurrent use of 04
medications, polypharmacy as 5-9 medications, and hyper-polypharmacy as >10 medications. ADE, adverse
drug event; BMI, body mass index; CCI, Charlson comorbidity index; eGFR, estimated glomerular filtration rate;
ER, emergency room.

Importantly, higher rates of adverse clinical outcomes were observed in patients with
greater medication burden. The incidence of ADEs within 90 days increased from 2.4%
in the non-polypharmacy group to 12.5% in the hyper-polypharmacy group (p < 0.001).
Higher rates of emergency room visits and hospitalization within 90 days were observed in
patients with greater medication burden (both p < 0.001).

3.2. Predictive Performance of ML Models

The predictive performance of the ML models is summarized in Table 2. During
five-fold cross-validation, random forest demonstrated slightly superior overall clas-
sification performance, achieving the highest Fl-score (0.179 £ 0.039) and specificity
(0.808 £ 0.016). Logistic regression showed comparable discrimination performance (AU-
ROC: 0.709 £ 0.054) and the highest sensitivity (0.599 £ 0.136), whereas LightGBM demon-
strated moderate predictive performance. Detailed fold-specific cross-validation results are
provided in Supplementary Table S3.

In the independent test set, random forest demonstrated favorable overall classification
performance compared with the other evaluated models, achieving the highest accuracy,
specificity, precision, and F1-score. Logistic regression demonstrated the highest AUROC
(0.705) and sensitivity (0.589). LightGBM showed moderate predictive performance across
discrimination and classification metrics.

Receiver operating characteristic curves for all ML models are presented in Figure 2A.
Precision—recall curves are additionally presented in Supplementary Figure S1. Calibration
plots demonstrated acceptable agreement between predicted and observed probabilities
across the evaluated models (Figure 2B). Calibration intercepts and slopes are additionally
presented in Supplementary Table S4. DCA additionally suggested favorable clinical utility
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for the random forest and logistic regression models across clinically relevant threshold

probabilities (Supplementary Figure S2).

Table 2. Predictive performance of ML models for ADE prediction.

Model

Random Forest

AUROC
AUPRC
Accuracy
Sensitivity
Specificity
Precision
Fl-score
Brier score

LightGBM Logistic Regression
Five-fold cross validation
0.677 £ 0.032 0.709 4 0.054
0.130 £ 0.020 0.154 4 0.024
0.771 £ 0.008 0.701 4+ 0.015
0.443 £ 0.065 0.599 4+ 0.136
0.788 4+ 0.011 0.706 4+ 0.020
0.096 £ 0.009 0.094 4+ 0.015
0.158 & 0.017 0.162 4 0.028
0.161 £ 0.004 0.208 4 0.007

0.708 £ 0.047
0.151 + 0.029
0.791 £ 0.011
0.473 + 0.132
0.808 + 0.016
0.111 £ 0.022
0.179 £ 0.039
0.173 + 0.004

Independent test set

AUROC (95% CI)
AUPRC
Accuracy
Sensitivity
Specificity
Precision
Fl-score
Brier score

0.676 (0.603-0.748)

0.705 (0.634-0.776)

0.141 0.174
0.771 0.710
0.466 0.589
0.786 0.716
0.100 0.096
0.165 0.165
0.163 0.204

0.704 (0.632-0.775)
0.157
0.810
0.466
0.828
0.121
0.193
0.170

Data are presented as mean + standard deviation across five-fold cross-validation analyses. Performance
metrics in the independent test set were evaluated using a held-out test dataset comprising 20% of the total
study population. Ninety-five percent confidence intervals for AUROC values were estimated using bootstrap
resampling. Model performance was assessed using the AUROC, AUPRC, accuracy, sensitivity, specificity,
precision, Fl-score, and Brier score. AUROC, area under the receiver operating characteristic curve; AUPRC, area
under the precision—recall curve.

ROC curves

Calibration plots

101

—— Logistic regression (AUROC=0.705)
~—— Random forest (AUROC=0.704)
—— LightGBM (AUROC=0.676)
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Figure 2. Discrimination and calibration performance of ML models for ADE prediction. (A) Receiver

operating characteristic curves for LightGBM, logistic regression, and random forest models. The di-

agonal dashed line represents chance-level discrimination. (B) Calibration plots comparing predicted

probabilities and observed event probabilities across the evaluated ML models. The diagonal dashed

line represents perfect calibration. AUROC, area under the receiver operating characteristic curve.
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3.3. Logistic Regression Analysis

Multivariable logistic regression analysis identified several independent predictors of
ADEs (Table 3). Diabetes mellitus, chronic kidney disease, cardiovascular disease, higher
C(lI, greater medication burden, and low sodium levels were independently associated
with increased ADE risk.

Table 3. Multivariable logistic regression analysis for prediction of ADEs.

Variable OR Lower 95% CI  Upper 95% CI  p-Value
Age 1.014 0.993 1.035 0.192
Male sex 0.925 0.736 1.164 0.508
BMI 1.004 0.969 1.041 0.826
Hypertension 1.267 0.968 1.659 0.084
Diabetes mellitus 1.365 1.024 1.820 0.034
Chronic kidney disease 1.700 1.039 2.781 0.035
Cardiovascular disease 1.361 1.002 1.848 0.049
CcCI 1.175 1.040 1.328 0.010
Medication count 1.095 1.054 1.138 <0.001
Serum creatinine 1.644 0.897 3.012 0.108
eGFR 0.995 0.986 1.004 0.292
Sodium 0.928 0.893 0.966 <0.001
Potassium 1.125 0.821 1.541 0.465
Glucose 1.000 0.995 1.005 0.953

Odds ratios (ORs) and 95% confidence intervals (Cls) were estimated using multivariable logistic regression
analysis. The dependent variable was ADE occurrence within 90 days. BMI, body mass index; CCI, Charlson
comorbidity index; CI, confidence interval; eGFR, estimated glomerular filtration rate; OR, odds ratio.

Medication count was also significantly associated with ADE occurrence (OR: 1.095,
95% CI: 1.054-1.138, p < 0.001), indicating that increasing medication burden contributed
substantially to ADE risk. Among laboratory variables, lower sodium levels were inde-
pendently associated with increased ADE risk (OR: 0.928, 95% CI: 0.893-0.966, p < 0.001).
Although sodium levels were relatively similar across polypharmacy categories in the
baseline analysis, lower sodium levels remained independently associated with ADE oc-
currence after multivariable adjustment. In contrast, age, BMI, serum creatinine, eGFR,
potassium, and glucose levels were not independently associated with ADE occurrence
after adjustment for other clinical variables.

3.4. SHAP-Based Model Interpretation

Feature importance derived from SHAP analyses is summarized in Table 4. Medication
count was identified as the most influential predictor for ADE prediction, followed by
sodium level, diabetes mellitus, CCI, and hypertension. Renal function-related variables,
including serum creatinine and eGFR, as well as the presence of chronic kidney disease,
also contributed substantially to model prediction performance.

The SHAP summary plot for the random forest model is presented in Figure 3.
Higher medication count, greater comorbidity burden, impaired renal function, and
low sodium levels were associated with increased predicted risk of ADEs. These find-
ings demonstrated that both medication-related and physiologic variables contributed
meaningfully to ADE risk prediction in older adults with polypharmacy. Additional
feature importance visualization based on mean absolute SHAP values is presented in
Supplementary Figure S3.
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Table 4. Top variables contributing to ADE prediction based on SHAP values.

Rank Variable Mean Absolute SHAP Value
1 Medication count 0.2429
2 Low sodium 0.1748
3 Diabetes mellitus 0.1618
4 CdCI 0.1368
5 Hypertension 0.1179
6 High serum creatinine 0.0897
7 Cardiovascular disease 0.0818
8 Age 0.0536
9 Chronic kidney disease 0.0432
10 Potassium 0.0318
11 Low eGFR 0.0216
12 Glucose 0.0069
13 Male sex 0.0040
14 BMI 0.0017

Feature importance was quantified using the mean absolute SHAP values derived from the random forest model.
Higher SHAP values indicate greater contribution to model prediction. BMI, body mass index; CCI, Charlson
comorbidity index; eGFR, estimated glomerular filtration rate; SHAP, SHapley Additive exPlanations.

medication_count
sodium

diabetes
charlson_comorbidity_index
hypertension
serum_creatinine
cardiovascular_disease
age

chronic_kidney disease
potassium

egfr

glucose

sex_male

bmi

H

¢||I|| I"lll'.o--v.---- .

High

Feature value

05 00 05

: : T Low
1.0 1.5 2.0

SHAP value (impact on model output)

Figure 3. SHAP summary plot for prediction of ADEs. The SHAP summary plot illustrates
the contribution of individual variables to model prediction. Each point represents an individ-

ual patient. Higher SHAP values indicate a greater contribution to predicted adverse drug event
risk. Red and blue colors indicate higher and lower feature values, respectively. SHAP, SHapley

Additive exPlanations.

4. Discussion

In this study, we developed and evaluated multiple explainable ML models for pre-
dicting ADEs in older adults with polypharmacy using EMR data from a tertiary academic
medical center. Among the evaluated models, random forest demonstrated slightly su-

perior overall predictive performance, whereas logistic regression showed comparable
discrimination ability with higher sensitivity and interpretability. In addition, SHAP-based
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explainability analyses identified medication burden, sodium level, comorbidity burden,
and renal function-related variables as major contributors to ADE risk prediction.

The present findings reinforce the well-established relationship between polyphar-
macy and medication-related harm in older adults. Previous studies have consistently
demonstrated that increasing medication burden is associated with higher risks of ADEs,
hospitalization, and mortality [2-5]. In our study, the incidence of ADEs increased
substantially across polypharmacy categories, particularly among patients with hyper-
polypharmacy. Medication count was also identified as the most influential predictor in
SHAP analyses and remained independently associated with ADE occurrence in multi-
variable logistic regression analysis. These findings support the concept that cumulative
medication exposure itself represents a major determinant of medication-related vulnera-
bility in older adults.

Comorbidity burden and renal dysfunction also emerged as important contributors to
ADE risk prediction. Chronic kidney disease and CCI were identified as clinically relevant
predictors in multivariable regression, while renal function-related variables such as serum
creatinine and eGFR also contributed to model predictions in SHAP analyses. Older adults
with impaired renal function are particularly susceptible to altered pharmacokinetics, drug
accumulation, and medication toxicity, which may increase the likelihood of ADEs [8,9].
Furthermore, although baseline sodium levels were relatively similar across polypharmacy
categories, lower sodium levels independently contributed to ADE risk prediction after
multivariable adjustment. This finding may reflect underlying frailty, chronic illness burden,
or medication-related electrolyte disturbances commonly observed in older adults receiving
multiple medications [28,29].

An important strength of the present study is the incorporation of explainable artificial
intelligence techniques into ADE prediction modeling. Although ML methods have increas-
ingly been explored in medication safety research [15], clinical implementation remains
challenging because many ML algorithms function as “black-box” systems with limited
interpretability [18]. To address this limitation, we used SHAP analyses to quantify the
relative contribution of individual variables to model predictions. This approach enabled
visualization of clinically plausible relationships between medication burden, lower sodium
levels, renal dysfunction, comorbidity burden, and ADE risk. Such interpretability may
improve clinician trust and facilitate the integration of ML-based prediction tools into
real-world medication management strategies.

Interestingly, logistic regression demonstrated predictive performance comparable
to that of more complex ML models. This finding is consistent with previous studies
suggesting that traditional statistical approaches may remain competitive with advanced
ML methods in certain clinical prediction tasks involving structured tabular healthcare
data [16]. Although random forest achieved slightly superior overall predictive perfor-
mance in our study, the relatively similar performance of logistic regression highlights
the importance of balancing predictive accuracy with model interpretability and clinical
usability. Nevertheless, despite comparable discrimination performance, tree-based ML
models may still offer practical advantages by capturing complex nonlinear relationships
and interactions among clinical variables without requiring prespecified interaction struc-
tures. In addition, SHAP-based explainability analyses enabled intuitive visualization of
individualized predictor contributions, which may facilitate integration into EMR-based
clinical decision support systems.

The discrimination performance observed in the present study was moderate; however,
previous ADE prediction studies using routinely collected healthcare data have similarly
reported AUROC values in the range of approximately 0.65-0.75 [15]. Therefore, the
present models may still provide clinically meaningful risk stratification when integrated
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into EMR-based medication safety screening systems in conjunction with clinical review.
The relatively low precision and Fl-scores observed across the evaluated models likely
reflect the low overall incidence of ADEs in the study population. In medication safety
screening, however, higher false-positive rates may be clinically acceptable because the
primary goal is early identification of potentially vulnerable patients who may benefit from
additional medication review and monitoring.

Although the overall discrimination was moderate (AUROC approximately 0.70), the
intended role of this model is not to replace clinical judgment but to support medication
safety screening in routine outpatient practice. During outpatient visits, the model could
automatically estimate an individual patient’s 90-day ADE risk using routinely available
demographic characteristics, comorbidities, medication burden, and laboratory results.
Patients identified as high risk could then undergo targeted medication reconciliation,
pharmacist-led medication review, evaluation of potentially inappropriate medications,
dose adjustment according to renal function, correction of reversible electrolyte abnormali-
ties, and closer follow-up after prescription changes. Conversely, patients classified as low
risk may avoid unnecessary intensive monitoring, allowing more efficient allocation of
clinical resources.

Such a risk-guided strategy may facilitate earlier identification of vulnerable older
adults before clinically significant ADEs occur. Rather than relying solely on medica-
tion count, clinicians could prioritize patients according to individualized predicted risk,
thereby improving medication safety while reducing preventable emergency department
visits, hospitalizations, and medication-related healthcare utilization. Because all pre-
dictor variables are routinely collected in electronic medical records, implementation as
an automated clinical decision support tool would require minimal additional workload
for clinicians.

The present study has several limitations. First, this was a retrospective single-center
study, which may limit generalizability to other healthcare systems or patient popula-
tions. Second, ADE identification was based on EMR-derived clinical documentation and
administrative records, which may have resulted in under-recognition of mild or undocu-
mented ADEs. Third, despite the inclusion of multiple clinically relevant variables, residual
confounding and unmeasured factors may still have influenced prediction performance.
Fourth, external validation using independent multicenter datasets was not performed.
Future studies incorporating prospective validation, multicenter external validation, and
temporal medication exposure patterns are necessary to further improve the generalizability
and clinical applicability of these models before routine clinical implementation.

5. Conclusions

Explainable ML models demonstrated moderate but clinically meaningful perfor-
mance for predicting ADEs in older adults with polypharmacy. Among the evaluated
models, random forest showed slightly superior overall predictive performance, whereas
logistic regression demonstrated comparable discrimination ability with higher sensitiv-
ity and interpretability. Medication burden, sodium level, comorbidity burden, and renal
function-related variables were identified as major contributors to ADE risk through SHAP-
based explainability analyses. These findings suggest that explainable machine learning
models may serve as automated medication safety screening tools for older adults with
polypharmacy. By identifying patients who are most likely to benefit from comprehensive
medication review, pharmacist intervention, individualized dose adjustment, and closer
follow-up, these models may support safer prescribing practices and more efficient allo-
cation of healthcare resources. Future prospective and multicenter validation studies are
warranted before routine clinical implementation. Such approaches may additionally assist
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clinicians in identifying potentially modifiable factors contributing to medication-related
harm risk.
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EMR Electronic medical record

ER Emergency room

LightGBM Light Gradient-Boosting Machine
ML Machine learning

OR Odds ratio

SHAP SHapley Additive exPlanations

Transparent Reporting of a multivariable prediction model for Individual

TRIPOD-AL Prognosis Or Diagnosis—Artificial Intelligence

https://doi.org/10.3390/jcm15155824


https://www.mdpi.com/article/10.3390/jcm15155824/s1
https://www.mdpi.com/article/10.3390/jcm15155824/s1
https://doi.org/10.3390/jcm15155824

J. Clin. Med. 2026, 15, 5824 13 of 14

References

1.  Hajjar, E.R,; Cafiero, A.C.; Hanlon, ].T. Polypharmacy in elderly patients. Am. J. Geriatr. Pharmacother. 2007, 5, 345-351. [CrossRef]
[PubMed]

2. Maher, R.L.; Hanlon, J.; Hajjar, E.R. Clinical consequences of polypharmacy in elderly. Expert Opin. Drug Saf. 2014, 13, 57-65.
[CrossRef] [PubMed]

3. Midao, L,; Giardini, A.; Menditto, E.; Kardas, P.; Costa, E. Polypharmacy prevalence among older adults based on the survey of
health, ageing and retirement in Europe. Arch. Gerontol. Geriatr. 2018, 78, 213-220. [CrossRef] [PubMed]

4. Wastesson, ].W.; Morin, L.; Tan, E.C.K,; Johnell, K. An update on the clinical consequences of polypharmacy in older adults: A
narrative review. Expert Opin. Drug Saf. 2018, 17, 1185-1196. [CrossRef] [PubMed]

5. Fried, TR,; O’Leary, J.; Towle, V.; Goldstein, M.K.; Trentalange, M.; Martin, D.K. Health outcomes associated with polypharmacy
in community-dwelling older adults: A systematic review. J. Am. Geriatr. Soc. 2014, 62, 2261-2272. [CrossRef] [PubMed]

6. Bates, D.W.; Cullen, D.J; Laird, N.; Petersen, L.A.; Small, S.D.; Servi, D.; Laffel, G.; Sweitzer, B.J.; Shea, B.F; Hallisey, R.; et al.
Incidence of adverse drug events and potential adverse drug events. Implications for prevention. ADE Prevention Study Group.
JAMA 1995, 274, 29-34. [CrossRef] [PubMed]

7. Classen, D.C.; Pestotnik, S.L.; Evans, R.S.; Lloyd, ].F,; Burke, ].P. Adverse drug events in hospitalized patients. Excess length of
stay, extra costs, and attributable mortality. JAMA 1997, 277, 301-306. [CrossRef] [PubMed]

8. Field, T.S.; Gurwitz, ].H.; Harrold, L.R.; Rothschild, J.; DeBellis, K.R.; Seger, A.C.; Auger, ].C.; Garber, L.A.; Cadoret, C.; Fish, L.S,;
et al. Risk factors for adverse drug events among older adults in the ambulatory setting. J. Am. Geriatr. Soc. 2004, 52, 1349-1354.
[CrossRef] [PubMed]

9.  Gurwitz, ].H,; Field, T.S.; Harrold, L.R.; Rothschild, J.; Debellis, K.; Seger, A.C.; Cadoret, C.; Fish, L.S.; Garber, L.; Kelleher, M.;
et al. Incidence and preventability of adverse drug events among older persons in the ambulatory setting. JAMA 2003, 289,
1107-1116. [CrossRef] [PubMed]

10. Nebeker, J.R.; Barach, P.; Samore, M.H. Clarifying adverse drug events: A clinician’s guide to terminology, documentation, and
reporting. Ann. Intern. Med. 2004, 140, 795-801. [CrossRef] [PubMed]

11.  Cole, J.A.; Gongalves-Bradley, D.C.; Alqahtani, M.; Barry, H.E.; Cadogan, C.; Rankin, A.; Patterson, S.M.; Kerse, N.; Cardwell,
C.R.; Ryan, C,; et al. Interventions to improve the appropriate use of polypharmacy for older people. Cochrane Database Syst. Rev.
2023, 10, Cd008165. [CrossRef] [PubMed]

12.  Onder, G; Petrovic, M.; Tangiisuran, B.; Meinardi, M.C.; Markito-Notenboom, W.P.; Somers, A.; Rajkumar, C.; Bernabei, R.; van
der Cammen, T.J. Development and validation of a score to assess risk of adverse drug reactions among in-hospital patients 65
years or older: The GerontoNet ADR risk score. Arch. Intern. Med. 2010, 170, 1142-1148. [CrossRef] [PubMed]

13. Beam, A.L.; Kohane, I.S. Big Data and Machine Learning in Health Care. JAMA 2018, 319, 1317-1318. [CrossRef] [PubMed]

14. Rajkomar, A.; Dean, J.; Kohane, I. Machine Learning in Medicine. N. Engl. ]. Med. 2019, 380, 1347-1358. [CrossRef] [PubMed]

15. Hu, Q.; Chen, Y;; Zou, D.; He, Z.; Xu, T. Predicting adverse drug event using machine learning based on electronic health records:
A systematic review and meta-analysis. Front. Pharmacol. 2024, 15, 1497397. [CrossRef] [PubMed]

16.  Chiu, Y.M,; Sirois, C.; Simard, M.; Gagnon, M.E.; Talbot, D. Traditional Methods Hold Their Ground Against Machine Learning in
Predicting Potentially Inappropriate Medication Use in Older Adults. Value Health 2024, 27, 1393-1399. [CrossRef] [PubMed]

17.  Dara, O.N.; Ibrahim, A.A.; Mohammed, T.A. Advancing medical imaging: Detecting polypharmacy and adverse drug effects
with Graph Convolutional Networks (GCN). BMC Med. Imaging 2024, 24, 174. [CrossRef] [PubMed]

18.  Ghassemi, M.; Oakden-Rayner, L.; Beam, A.L. The false hope of current approaches to explainable artificial intelligence in health
care. Lancet Digit. Health 2021, 3, €745-e750. [CrossRef] [PubMed]

19. Bringhurst, K.; Jones, T.; Runko, G.; Jabbari, M.; Zipparro, N.; Nghi Vo, G.; Ullah, A.; Vo, TM.; Corrigan, M.; Birrey, V.; et al.
Artificial Intelligence in the Management of Polypharmacy Among Older Adults: A Scoping Review. Cureus 2025, 17, €90867.
[CrossRef] [PubMed]

20. Christopher, C.M.; Pathak, N.; Babar, Z.U.; Shrestha, S. Artificial Intelligence in Medication Management for Older Adults in
Low- and Middle-Income Countries: A Narrative Review. Aging Med. 2025, 8, 458-467. [CrossRef] [PubMed]

21. Lundberg, S.M.; Erion, G.; Chen, H.; DeGrave, A.; Prutkin, ] M.; Nair, B.; Katz, R.; Himmelfarb, J.; Bansal, N.; Lee, S.I. From Local
Explanations to Global Understanding with Explainable Al for Trees. Nat. Mach. Intell. 2020, 2, 56-67. [CrossRef] [PubMed]

22. Steyerberg, EW.; Vickers, A.]J.; Cook, N.R.; Gerds, T.; Gonen, M.; Obuchowski, N.; Pencina, M.J.; Kattan, M.W. Assessing the
performance of prediction models: A framework for traditional and novel measures. Epidemiology 2010, 21, 128-138. [CrossRef]
[PubMed]

23.  Van Calster, B.; McLernon, D.J.; van Smeden, M.; Wynants, L.; Steyerberg, E.W. Calibration: The Achilles heel of predictive
analytics. BMC Med. 2019, 17, 230. [CrossRef] [PubMed]

24. Vickers, AJ.; Elkin, E.B. Decision curve analysis: A novel method for evaluating prediction models. Med. Decis. Mak. 2006, 26,

565-574. [CrossRef] [PubMed]

https://doi.org/10.3390/jcm15155824


https://doi.org/10.1016/j.amjopharm.2007.12.002
https://www.ncbi.nlm.nih.gov/pubmed/18179993
https://doi.org/10.1517/14740338.2013.827660
https://www.ncbi.nlm.nih.gov/pubmed/24073682
https://doi.org/10.1016/j.archger.2018.06.018
https://www.ncbi.nlm.nih.gov/pubmed/30015057
https://doi.org/10.1080/14740338.2018.1546841
https://www.ncbi.nlm.nih.gov/pubmed/30540223
https://doi.org/10.1111/jgs.13153
https://www.ncbi.nlm.nih.gov/pubmed/25516023
https://doi.org/10.1001/jama.1995.03530010043033
https://www.ncbi.nlm.nih.gov/pubmed/7791255
https://doi.org/10.1001/jama.1997.03540280039031
https://www.ncbi.nlm.nih.gov/pubmed/9002492
https://doi.org/10.1111/j.1532-5415.2004.52367.x
https://www.ncbi.nlm.nih.gov/pubmed/15271125
https://doi.org/10.1001/jama.289.9.1107
https://www.ncbi.nlm.nih.gov/pubmed/12622580
https://doi.org/10.7326/0003-4819-140-10-200405180-00009
https://www.ncbi.nlm.nih.gov/pubmed/15148066
https://doi.org/10.1002/14651858.CD008165.pub5
https://www.ncbi.nlm.nih.gov/pubmed/37818791
https://doi.org/10.1001/archinternmed.2010.153
https://www.ncbi.nlm.nih.gov/pubmed/20625022
https://doi.org/10.1001/jama.2017.18391
https://www.ncbi.nlm.nih.gov/pubmed/29532063
https://doi.org/10.1056/NEJMra1814259
https://www.ncbi.nlm.nih.gov/pubmed/30943338
https://doi.org/10.3389/fphar.2024.1497397
https://www.ncbi.nlm.nih.gov/pubmed/39605909
https://doi.org/10.1016/j.jval.2024.06.005
https://www.ncbi.nlm.nih.gov/pubmed/38977181
https://doi.org/10.1186/s12880-024-01349-7
https://www.ncbi.nlm.nih.gov/pubmed/39009978
https://doi.org/10.1016/s2589-7500(21)00208-9
https://www.ncbi.nlm.nih.gov/pubmed/34711379
https://doi.org/10.7759/cureus.90867
https://www.ncbi.nlm.nih.gov/pubmed/40995249
https://doi.org/10.1002/agm2.70051
https://www.ncbi.nlm.nih.gov/pubmed/41180382
https://doi.org/10.1038/s42256-019-0138-9
https://www.ncbi.nlm.nih.gov/pubmed/32607472
https://doi.org/10.1097/EDE.0b013e3181c30fb2
https://www.ncbi.nlm.nih.gov/pubmed/20010215
https://doi.org/10.1186/s12916-019-1466-7
https://www.ncbi.nlm.nih.gov/pubmed/31842878
https://doi.org/10.1177/0272989x06295361
https://www.ncbi.nlm.nih.gov/pubmed/17099194
https://doi.org/10.3390/jcm15155824

J. Clin. Med. 2026, 15, 5824 14 of 14

25.

26.

27.

28.

29.

Saum, K.U.; Schéttker, B.; Meid, A.D.; Holleczek, B.; Haefeli, W.E.; Hauer, K.; Brenner, H. Is Polypharmacy Associated with Frailty
in Older People? Results From the ESTHER Cohort Study. J. Am. Geriatr. Soc. 2017, 65, e27—-32. [CrossRef] [PubMed]

Toh, JJ.Y,; Zhang, H.; Soh, Y.Y,; Zhang, Z.; Wu, X.V. Prevalence and health outcomes of polypharmacy and hyperpolypharmacy in
older adults with frailty: A systematic review and meta-analysis. Ageing Res. Rev. 2023, 83, 101811. [CrossRef] [PubMed]

Chae, J.; Cho, H.J.; Yoon, S.H.; Kim, D.S. The association between continuous polypharmacy and hospitalization, emergency
department visits, and death in older adults: A nationwide large cohort study. Front. Pharmacol. 2024, 15, 1382990. [CrossRef]
[PubMed]

Filippatos, T.D.; Makri, A.; Elisaf, M.S.; Liamis, G. Hyponatremia in the elderly: Challenges and solutions. Clin. Interv. Aging
2017, 12, 1957-1965. [CrossRef] [PubMed]

Merel, S.E.; Paauw, D.S. Common Drug Side Effects and Drug-Drug Interactions in Elderly Adults in Primary Care. J. Am. Geriatr.
Soc. 2017, 65, 1578-1585. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/jcm15155824


https://doi.org/10.1111/jgs.14718
https://www.ncbi.nlm.nih.gov/pubmed/28024089
https://doi.org/10.1016/j.arr.2022.101811
https://www.ncbi.nlm.nih.gov/pubmed/36455791
https://doi.org/10.3389/fphar.2024.1382990
https://www.ncbi.nlm.nih.gov/pubmed/39144630
https://doi.org/10.2147/cia.S138535
https://www.ncbi.nlm.nih.gov/pubmed/29180859
https://doi.org/10.1111/jgs.14870
https://www.ncbi.nlm.nih.gov/pubmed/28326532
https://doi.org/10.3390/jcm15155824

	Introduction 
	Materials and Methods 
	Study Design 
	Study Population 
	Primary Outcome 
	ML Model Development 
	Model Evaluation 
	Explainability Analysis 
	Statistical Analysis 
	Generative AI Usage 

	Results 
	Baseline Characteristics 
	Predictive Performance of ML Models 
	Logistic Regression Analysis 
	SHAP-Based Model Interpretation 

	Discussion 
	Conclusions 
	References

