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Abstract 

Potentially inappropriate prescribing (PIP) is an avoidable factor leading to 

adverse drug events in older adults, particularly in the emergency department 

(ED). This study aimed to train and validate a machine learning (ML) model to 

predict the probability of PIP in elderly patients in the ED. This retrospective 

analysis encompassed patients aged 65 years and above who presented to the 

Al-Qatif Central Hospital. PIPs were identified using a validated screening tool 

designed for older persons to ensure appropriate treatment. Variables have been 

detected by least absolute shrinkage and selection operator regression. An 

extreme gradient boosting model was trained and assessed across training, 

internal validation, and external validation cohorts. The evaluation of model 

performance was performed using receiver operating characteristic areas under 

the curve (ROC-AUC) and decision curve analysis. Among 4942 patients, 80% 

exhibited at least one PIP. The final model exhibited robust discrimination in 

the external validation cohort (ROC-AUC = 0.7, accuracy = 0.84, Brier 

score = 0.13). Important factors contributing to PIP risk were cardiovascular 

disease, the number of medications prescribed in the ED, arthritis-related 

diseases, and musculoskeletal pain. The model exhibited effective calibration 

and offered clinical value across a broad spectrum of thresholds (20 – 60%). 

This model demonstrated robust predictive efficacy in detecting PIP risk among 

older ED patients. Its implementation may augment prescribing safety and 

promote clinical outcomes in geriatric care. 

Keywords: Potentially Inappropriate Prescribing, Older Patients, Emergency 

Departments, Machine Learning, STOPP/START Criteria, Predictive Modeling 
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1. Introduction 

Geriatric patients face increased risk of medication-

related problems due to comorbidities, age-associated 

alterations in pharmacokinetics and 

pharmacodynamics, and the prevalent use of multiple 

medications, commonly referred to as polypharmacy 

[1]. This population is particularly vulnerable to 

adverse drug events, functional deterioration, and 

hospital readmissions due to inappropriate prescribing 

practices [2]. A primary factor in these concerns is the 

use of potentially inappropriate medications (PIMs), 

which are drugs that pose a higher risk than benefit 

when safer or more effective alternatives exist. Various 

tools, such as the Screening Tool of Older Persons’ 

Prescriptions (STOPP) and the Screening Tool to Alert 

to Right Treatment (START) and Beer’s Criteria, have 

been established to detect PIMs and improve 

prescribing safety in older populations [3, 4]. 

However, in fast-paced clinical settings like the 

emergency department (ED), the successful utilization 

of prescribing tools is often challenging [5]. Older 

patients often arrive at the ED with complex diseases 

and insufficient or inaccessible medical histories. 

Clinicians often must make immediate treatment 

decisions without extensive information or detailed 

medication reviews. These issues increase the risk of 

prescribing errors and elevate the probability of 

potentially inappropriate prescribing (PIP) during 

emergency care [6]. Recent studies indicate a 

significant incidence of PIP, with almost 90% of 

community-dwelling older patients and 76% of older 

ED patients receiving at least one PIM [7, 8]. 

Although tools like STOPP/START and the Beers 

Criteria provide valuable guidance, their reliance on 

manual assessment and clinical judgment constrains 

their regular implementation in the ED. Therefore, an 

automated, quick solution is required for the integration 

into standard electronic health records (EHRs) [9, 10]. 

In this context, machine learning (ML) techniques have 

arisen as powerful approaches to improve medication 

safety [11]. These models can analyze extensive patient 

data, identify complex patterns, and predict risks in 

real-time, thereby assisting clinicians in making more 

secure prescribing choices. 

Previous efforts to develop and train predictive models 

for medication safety have predominantly concentrated 

on inpatient or long-term care settings [10, 12, 13]. 

These models generally depend on conventional 

statistical methods and focus exclusively on the 

existence or absence of PIP. Most of these models lack 

external validation and disregard the severity or 

quantity of PIMs. Importantly, limited research has 

focused on the ED setting, despite its high-risk nature 

and the distinctive challenges it poses for prescribing 

decisions. Accordingly, this study is designed as a 

context-specific validation and implementation study, 

aimed to train and validate a ML model to predict the 

probability of PIP among older adults attending the ED. 

By focusing on the ED, the study addresses a 

significant gap in medication safety research, as the 

final model will offer a practical and scalable approach 

to facilitate safer prescribing decisions for older adults 

in the ED. 

2. Materials and Methods 

2.1. Study Design and Characteristics of Study 

Population 

This retrospective cross-sectional study carried out at 

Al-Qatif Central Hospital (QCH), a leading referral 

facility in the Eastern Province of Saudi Arabia, from 

January 2020 to December 2021. Eligible participants 

included patients aged 65 years or older who visited the 

ED during the study period. Patients were excluded if 

they were younger than 65 years, visited outpatient 

clinics, or were admitted to inpatient medical, surgical, 

or intensive care units. The study employed data solely 

from the first documented visit of individuals with 

multiple ED visits. 

A subset of patients who visited the ED during the final 

three months of the study period (n = 449) was 

designated for external validation. Figure 1 presents a 

summary of the patient enrollment procedure and 

model training and validation methodology. 

2.2. Data Collection and Variables Definitions 

Demographic data, morbidities, laboratory tests 

findings, and the prescribed medications list were 

collected from electronic health and pharmacy records.  
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Figure 1. Flowchart for patient enrolment and model training and validation steps. LASSO: stands for Least 

Absolute Shrinkage and Selection Operator regression, XGBoost stands for Extreme Gradient Boosting, ROC-

AUC stands for Receiver Operating Characteristic Area Under the Curve, DCA stands for Clinical Decision 

Curve, and SHAP stands for SHapley Additive exPlanations 

Comorbidities were determined through medical 

records documentation or by utilizing the Rx-Risk 

comorbidity index on the long-term medication list and 

thereafter classified according to the International 

Classification of Diseases, 10th Version (ICD-10) [14, 

15]. The Charlson Comorbidity Index (CCI) was 

employed to evaluate the 1-year mortality risk, whereas 

creatinine clearance (CrCl) was calculated using the 

Cockcroft-Gault equation [16, 17]. 

To reduce diagnostic overlap and decrease the 

probability of model overfitting, clinically relevant 

disorders were classified as follows: asthma and 

chronic obstructive pulmonary disease (COPD) 

categorized as “respiratory diseases”; osteoarthritis and 

rheumatoid arthritis classified under “arthritis-related 

diseases”; divers forms of pain in the lower and upper 

back, muscles, bones, joints, ligaments, and tendons 

identified as “musculoskeletal pain”; peptic ulcer, 

gastroesophageal reflux disease, and other forms of 
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gastritis disorder recognized as “gastritis-related 

diseases”; and hypertension, ischemic heart diseases, 

heart failure, and arrhythmia designated as 

“cardiovascular diseases”. 

Medication data comprised prescriptions issued during 

ED visits as well as patients’ regularly prescribed 

medications, encompassing long-term, short-term, as-

needed prescriptions, and supplements. All 

medications were categorized according to the 

Anatomical Therapeutic Chemical (ATC) system [18]. 

2.3. Identification and Classification of Potential 

Inappropriate Prescribing 

PIPs were identified using the STOPP/START criteria, 

version 3 [3]. This tool is widely employed for patients 

aged 65 years and above in both acute and outpatient 

facilities. The overall number of medications 

prescribed at the ED and the total number of regular 

long-term prescriptions were recorded and reported. 

The principal investigator manually applied the 

STOPP/START criteria to identify PIMs. To minimize 

bias and ensure classification precision, a random 

sample of patient data was evaluated by two 

independent reviewers to validate PIM identification. 

Each STOPP or START violation was recorded as a 

single incident, with over-prescribing and under-

prescribing given equal weight in the assessment of the 

overall PIP burden. This inclusive strategy was 

implemented to capture the intricacies of prescribing 

decisions in the ED, where both improper medication 

utilization and the omission of necessary therapy 

elevate patient risk. Additionally, the total number of 

PIPs identified per patient was calculated to quantify 

the burden of PIP prescribing. This measure indicates 

cumulative exposure to PIP rather than direct clinical 

harm. An elevated PIM count indicated an increased 

level of prescribing risk, allowing the model to 

encompass both a binary classification and a spectrum 

of inappropriate prescribing risk.  

2.4. Preliminary Statistical Analysis and Significant 

Variable Identification 

Descriptive statistics were reported as mean ± standard 

deviation (SD) for normally distributed data, median 

(interquartile range (IQR)) for skewed data, and 

frequencies (%) for categorical data. Group 

comparisons were conducted utilizing the Student t-

test, Mann-Whitney U test, or chi-square test, as 

appropriate. Variables with a p-value less than 0.05 

were considered statistically significant and selected 

for inclusion in the model training process. 

The selection of predictors involved a two-step 

process: variables exhibiting significant differences in 

univariate analysis (p < 0.05) were incorporated into a 

Least Absolute Shrinkage and Selection Operator 

(LASSO) regression utilizing 10-fold cross-validation. 

This approach successfully reduced overfitting and 

determined the most predictive feature set [9]. 

2.5. Model Training and Performance Evaluation  

The Extreme Gradient Boosting (XGBoost) model was  

chosen due to its versatility and widespread application 

in contemporary clinical prediction, as reported in 

previous studies [19, 20]. The XGBoost model is an 

ensemble learning technique that produces 

classifications by pooling predictions from many 

decision trees. Its advantages encompass resilience in 

handling high-dimensional data, outstanding prediction 

precision, and resistance to overfitting. The XGBoost 

model demonstrates exceptional efficacy with 

extensive datasets, delivering enhanced accuracy and 

reliability [21].  

The evaluation of model performance was conducted 

throughout training, internal, and external validation 

sets, emphasizing discrimination, calibration, and 

clinical utility. This study employed two validation 

methods that were based on the final predictor used. 

The first predictor was initially established as proposed 

earlier, measuring risk as a continuous outcome. This 

approach utilized root mean squared error (RMSE), 

mean absolute error (MAE), and R-squared (R2) to 

evaluate the model performance. In the second 

approach, the predictor was classified as a binary result 

(present/absent). This method evaluated discriminative 

capability by the Receiver Operating Characteristic 

Area Under the Curve (AUC-ROC). The assessment of 

model calibration was performed using a calibration 

curve created through 1,000 bootstrap resampling 
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iteration which evaluates the alignment between 

projected probability and observed outcomes, depicted 

as scatter plots comparing expected and actual event 

rates. Participants were arranged in ascending order 

according to predicted probability and subsequently 

divided into equal groups. The mean predicted 

probability and the observed event rate were calculated 

and plotted for each group, with the expected 

probability represented on the x-axis and the observed 

event rate on the y-axis. The Brier score, which 

quantifies the mean squared error between predicted 

probabilities and actual outcomes, was utilized to 

assess model performance; a lower score signifies 

enhanced model efficacy [9]. 

2.7. Assessment of Clinical Utility and Net Benefit of 

the Final Model 

Clinical decision curve analysis (DCA) was utilized to 

evaluate clinical net benefit and confirm the model's 

clinical relevance. This analysis assesses the utility and 

cost-effectiveness of the prediction model by 

determining the optimal threshold probability, 

calculating net benefits, and guiding clinical decision-

making [9]. 

In DCA, two distinct scenarios are assessed: treating all 

patients or treating none. A prediction model is deemed 

medically beneficial only if its curve surpasses both 

scenarios. The optimal threshold probability can be 

found by net benefit analysis, thereby enhancing 

informed clinical decision-making and directing 

suitable therapies. 

2.8. Visualization of the Final Model 

The SHapley Additive exPlanations (SHAP) method 

was employed to create a bee-swarm plot, illustrating 

the contribution of each characteristic to the predicted 

outcomes. Furthermore, SHAP force charts were 

generated for specific examples to demonstrate the 

impact of distinct attributes on predictions for each 

sample, so offering a more profound understanding of 

the model’s decision-making process. 

2.9. Ethical Approval 

The data utilized for this study was gathered following 

the approval from the Institutional Review Board (IRB) 

at Mohammed Al-Mana College for Medical Sciences 

(SR/RP/79, Dated 17/02/2022) and the IRB at QCH 

(QCH-SREC019/2022, Dated 08/06/2022). 

3. Results 

3.1. Characteristics of the Enrolled Patients 

A total of 4,942 patients aged 65 year and older were 

incorporated in the preliminary model training phases, 

comprising 2,348 (48%) males and 2,594 (52%) 

females (Table 1). The median age was 73 years 

(IQR: 68 – 80). The primary disease categories 

comprised arthritis-related diseases (71%), gastritis-

related disorders (47%), coagulation disorders (43%), 

and musculoskeletal pain (43%) (Table 1). A total of 

3960 patients (80%) were prescribed at least one PIM, 

as determined by the STOPP/START criteria, version 

3. Table 1 illustrates that patients in the PIM group 

exhibited significantly elevated CCI ratings (5 vs. 3, 

p < 0.001), received a greater number of medications in 

the ED (3 vs. 2, p < 0.001), and had more frequent 

long-term prescriptions in their profiles (4 vs. 3, 

p < 0.001) compared to the non-PIM group. The PIM 

group demonstrated a higher prevalence of multiple 

comorbidities, including epilepsy (9% vs. 2%, 

p < 0.001), depression (4% vs. 1%, p < 0.001), 

diabetes mellitus (29% vs. 5%, p < 0.001), 

constipation (20% vs. 13%, p < 0.001), and anemia 

(29% vs. 11%, p < 0.001) relative to the non-PIM 

group (Table 1). 
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Table 1. Patients’ characteristics classified as gender differences. 

Characteristics Entire Cohort PIM Group Non-PIM Group p - value 

 n = 4942 n = 3960 n = 982  

Age, median (IQR) 73 (68 – 80) 73 (68 – 80) 72 (68 – 79) 0.024 

Weight, mean (SD) 73 (17) 73 (17) 72 (17) 0.08 

CrCl, mean (SD) 73 (31) 73 (31) 74 (30) 0.7 

CCI, mean (SD) 5 (3 – 7) 5 (4 – 7) 3 (3 – 4) < 0.001 

NPM at emergency, median (IQR) 3 (2 – 5) 3 (2 – 5) 2 (1 – 3) < 0.001 

NPM as regular, median (IQR) 4 (2 – 8) 4 (2 – 9) 3 (2 – 7) < 0.001 

Sex (Male), n (%) 2348 (48) 1852 (47) 496 (51) 0.04 

       (Female), n (%) 2594 (52) 2108 (53) 486 (49)  

Anxiety, n (%) 322 (7) 271 (7) 51 (5) 0.06 

Dementia, n (%) 24 (1) 22 (1) 2 (0.2) 0.2 

Epilepsy, n (%) 393 (8) 370 (9) 23 (2) < 0.001 

Depression, n (%) 174 (4) 163 (4) 11 (1) < 0.001 

Parkinson, n (%) 56 (1) 50 (1) 6 (1) 0.8 

Psychiatric diseases, n (%) 128 (3) 115 (3) 13 (1) 0.005 

Diabetes mellitus, n (%) 1204 (24) 1153 (29) 51 (5) < 0.001 

Thyroid disorders, n (%) 224 (5) 210 (5) 14 (1) < 0.001 

Gastritis related disease, n (%) 2342 (47) 2141 (54) 201 (21) < 0.001 

Constipation, n (%) 927 (19) 796 (20) 131 (13) < 0.001 

Liver diseases, n (%) 609 (12) 523 (13) 86 (9) < 0.001 

Emesis disorder, n (%) 434 (9) 364 (9) 70 (7) 0.04 

Coagulation disorder, n (%) 2099 (43) 1998 (51) 101 (10) < 0.001 

Renal diseases, n (%) 173 (4) 167 (4) 6 (1) < 0.001 

Anemia, n (%) 1235 (25) 1131 (29) 104 (11) < 0.001 

Arrhythmia, n (%) 160 (3) 159 (4) 1 (0.1) < 0.001 

Heart failure, n (%) 1741 (35) 1737 (44) 4 (0.4) < 0.001 

Hypertension, n (%) 1810 (37) 1801 (46) 9 (1) < 0.001 

Ischemic heart disease, n (%) 1974 (40) 1974 (50) 2 (0.2) < 0.001 

Lipidemia, n (%) 1551 (31) 1504 (38) 47 (5) < 0.001 

Incontinence, n (%) 590 (12) 522 (13) 68 (7) < 0.001 

Infections, n (%) 2021 (41) 1760 (44) 261 (27) < 0.001 

Gout, n (%) 93 (2) 91 (2) 2 (0.2) < 0.001 

Muscular Pain, n (%) 2126 (43) 1987 (50) 139 (14) < 0.001 

Respiratory disorder, n (%) 657 (13) 608 (15) 49 (5) < 0.001 

Arthritis related disease, n (%) 3500 (71) 2787 (70) 713 (73) 0.2 

Osteoporosis, n (%) 1164 (24) 1083 (27) 81 (8) < 0.001 

Vitamin D3, mean (SD) 119 (55) 119 (55) 121 (54) 0.3 

Albumin, mean (SD) 40 (9) 40 (9) 40 (9) 0.5 

Alanine Transferase, mean (SD) 32 (15) 32 (15) 32 (17) 0.9 

Aspartate Transferase, mean (SD) 21 (16) 20 (14) 21 (21) 0.5 

Cholesterol, mean (SD) 3.6 (1.3) 3.6 (1.3) 3.5 (1.3) 0.07 

Hemoglobin, mean (SD) 13.6 (2.4) 13.6 (2.4) 13.6 (2.7) 0.7 

Random Glucose, mean (SD) 7.1 (3.3) 7.1 (3.3) 7 (3.2) 0.5 

International normalized ratio, mean 

(SD) 

1.2 (0.5) 1.2 (0.5) 1.2 (0.6) 0.5 

Potassium, mean (SD) 4.4 (0.6) 4.4 (0.6) 4.4 (0.6) 0.08 

SD: Standard Deviation, IQR: Interquartile Range, CrCl: Creatinine Clearance, CCI: Charlson Comorbidity 

Index 

3.2. Pattern of Potentially Inappropriate 

Medication Prescription 

The mean number of PIMs per patient was 3.4 ± 3.0. 

Female patients demonstrated a significantly greater 

mean number of PIMs than male patients (3.5 vs. 3.2, 

p = 0.001) (Table 2). Female patients received 

prescriptions for medications indicated by the START 

criteria more often than male patients (1.9 vs. 1.7, 
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Table 2. Prevalence and pattern of potentially inappropriate medications within the study cohort, categorized by 

gender. 

Characteristics Entire Cohort Male group Female group p - value 

 n = 4942 n = 2348 n = 2594  

PIM, mean (SD) 3.4 (3) 3.2 (3) 3.5 (3) 0.001 

STOPP, mean (SD) 1.5 (1.8) 1.5 (1.8) 1.6 (1.9) 0.07 

START, mean (%) 1.8 (1.8) 1.7 (1.8) 1.9 (1.9) < 0.001 

PIM CVD, mean (SD) 0.6 (0.9) 0.6 (0.9) 0.6 (1) 0.5 

PIM Coagulation 0.13 (0.5) 0.15 (0.5) 0.11 (0.4) 0.001 

PIM Gastroenterology 0.12 (0.3) 0.1 (0.3) 0.13 (0.4) 0.001 

PIM Respiratory 0.01 (0.1) 0.01 (0.1) 0.01 (0.1) 0.8 

PIM Musculoskeletal 0.35 (0.6) 0.33 (0.6) 0.37 (0.6) 0.001 

PIM Endocrinology 0 (0.04) 0 (0.03) 0 (0.05) 0.5 

PIM Fall 0.24 (0.5) 0.22 (0.5) 0.26 (0.6) 0.007 

PIM Analgesic 0.09 (0.4) 0.08 (0.4) 0.9 (0.4) 0.007 

PIM: Potentially Inappropriate Medication, SD: Standard Deviation, STOPP: Screening Tool of Older 

Persons’ Prescriptions, START: Screening Tool to Alert to Right Treatment, CVD: Cardiovascular Diseases. 

Table 3. Commonly recorded potentially inappropriate prescribed medications in the study population, 

classified by gender. 

criterion Entire Cohort Male Group Female Group p - value 

 n = 4942 n = 2348 n = 2594  

BBs as mono therapy for HTN 115 (2) 53 (2) 62 (2) 0.8 

QT prolongation medications  1048 (19) 530 (21) 518 (18) 0.01 

NSAID with IHD 1275 (23) 589 (23) 686 (24) 0.5 

NSAID with HF 500 (9) 197 (8) 303 (11) < 0.001 

ASA with clopidogrel  156 (3) 89 (4) 67 (2) 0.01 

Antiplatelet with anticoagulant  277 (5) 162 (6) 115 (4) < 0.001 

Asa with no CVD  131 (2) 71 (3) 60 (2) 0.1 

PPI long therapy  426 (8) 173 (7) 253 (9) 0.006 

Corticosteroid with GORD 130 (2) 54 (2) 76 (3) 0.2 

NSAID with no PPI  1302 (24) 555 (22) 747 (26) < 0.001 

NSAID for OA with no Paracetamol 196 (4) 96 (4) 100 (4) 0.6 

Opioid for OA  502 (9) 228 (9) 274 (10) 0.5 

Opioid with no laxative 654 (12) 274 (11) 380 (13) 0.005 

BBs: Beta Blockers, HTN: Hypertension, NSAIDs: Non-Steroidal Anti-Inflammatory Drugs, IHD: Ischemic 

Heart Diseases, HF: Heart Failure, ASA: Aspirin, CVD: Cardiovascular diseases, PPI: Proton Pump 

Inhibitors, GORD: Gastro-Oesophageal Reflux Diseases, OA: Osteoarthritis. 

p < 0.001). Marked gender disparities were observed in 

gastrointestinal and musculoskeletal-related PIM, with 

female patients demonstrating a greater average usage 

than their male counterparts (Table 2). 

The most commonly identified PIMs included non-

steroidal anti-inflammatory drugs (NSAIDs) without 

proton pump inhibitors (PPI) protection (24%), QT-

prolonging medications (mostly macrolide antibiotics 

and amiodarone) (19%), NSAID use in patients with 

ischemic heart disease (23%), opioids without 

concurrent laxative use (12%), and dual antiplatelet 

therapy (aspirin + clopidogrel) (3%) (Table 3). 

3.3. Significant Clinical Variable Idenitfication  

Out of 28 variables significantly associated with PIM 

prescribing in the univariate analysis, 21 were retained 

by LASSO regression with a penalty parameter 

(lambda (λ) = 0.0011). The principal predictors 

identified encompassed age, gender, number of 

medications prescribed in the ED, and the existence of 

comorbidity, including epilepsy, depression, psychotic 
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Figure 2. Feature selection and model calibration diagnostics plots. Panel A represents LASSO coefficient path 

plot; Panel B represents cross-validation curve (mean Squared Error vs. λ); and Panel C represents LASSO-

selected features and their coefficients, and Panel D: predicted versus actual plot (model fit). Λ: lambda. 

Table 4. Model evaluation results for potentially inappropriate prescribing (PIP) burden risk prediction. 

Parameter Training Internal External 

RMSE 0.16 0.18 0.22 

MAE 0.12 0.14 0.16 

R2 0.77 0.66 0.62 

RMSE: Root mean square error, MAE: Mean absolute error, R2: R-squared. 

disorders, diabetes mellitus, gastritis-related disorders, liver diseases, constipation, emesis, renal diseases, anemia, 

cardiovascular diseases, dyslipidemia, urinary incontinence, infection, musculoskeletal pain, respiratory 

disorders, arthritis-related diseases, and osteoporosis (Figure 2).

3.4. Training and Validation of the Final Model 

A total of 4,942 patients were randomly assigned to a 

training set (n = 3,458; 70%) and an internal validation 

set (n = 1,484; 30%). An XGBoost ML model was 

trained to predict PIP risk using the clinical variables 

determined by LASSO regression. The efficacy of the 

XGBoost model in predicting PIP burden risk was 

assessed utilizing three principal metrics (RMSE, 

MAE, and R2) throughout the training, internal, and 

external validation sets, with the findings summarized 

in Table 4. 

The model was further evaluated to yield a binary 

predictor (yes/no) for the existence of PIP. The model 

demonstrated a ROC-AUC of 0.8 (SD; 0.02) in the 

training set, 0.076 (SD; 0.01) in the internal validation, 

and 0.7 (SD; 0.04) in the external validation (Figure 3). 

The confusion matrix plots for the model demonstrate 

a balanced predictive performance in the training set, 

with 153 false positives and 149 false negatives 

(Figure 4). A comparable pattern was noted in the 

internal validation set, comprising 84 false positives 

and 88 false negatives. In the external validation set, 

the number of false negatives exceeded that of false 

positives (48 compared to 17). In total, these 

misclassified instances constituted 13% of the external 

validation set, while 87% of the predictions were 

accurate. 
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Figure 3. The ROC-AUC for the final trained model in (A) training, (B) internal validation, and (C) external 

validation datasets. 

 

Figure 4. Confusion matrices illustrating the performance of the final model throughout training, internal 

validation, and external validation datasets. 

The calibration curve demonstrated a strong correlation 

between the expected and actual probabilities of PIP 

(Figure 5). In the external validation set, the model 

attained a Brier score of 0.13, indicating proficient 

model calibration. DCA plots further demonstrated that 

the model offered a greater net therapeutic benefit 

compared to the "treat-all" and "treat-none" strategies 

within a clinically pertinent probability threshold range 
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Figure 5. Calibration curve of the final trained model The dashed line stands for the ideal calibration; the 

dotted line illustrates the apparent (uncorrected) calibration curve, whereas the solid line represents the bias-

corrected curve derived from 1000 bootstrap samples. 

 

Figure 6. Decision curve analysis for the final trained model across training, internal validation, and external 

validation cohorts. 

Table 5.  Performance parameters of the final trained model. 

Parameter Value 

ROC-AUC 0.7 

Accuracy 0.84 

Precision 0.78 

F1 0.81 

Recall 0.81 

Brier Score 0.13 

ROC-AUC: Receiver operating characteristic area under the curve. 
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Figure 7. SHapley Additive exPlanations (SHAP) plot illustrating predictors contributions to the final model. 

CVD: Cardiovascular diseases, NPM: Number of prescribed medications in emergency department. 

of 20 – 60% (Figure 6). The final model performance 

parameters are summarized in Table 5. 

SHAP analysis revealed that the top predictors 

contributing to PIP risk include cardiovascular 

diseases, musculoskeletal pain, the number of 

medications prescribed in the ED, gastritis-related 

disorders, and arthritis-related conditions (Figure 7). 

The SHAP bee-swarm plot demonstrates the direction 

and intensity of each predictor's influence on specific 

predictions. Additionally, SHAP force charts were 

utilized for specific cases to provide individualized risk 

interpretation. 

3.5. Model Deployment and Accessibility 

The final trained model was deployed as an interactive 

web-based tool using the ShinyApp platform to 

enhance usability and support clinical integration. This 

tool enables users to enter individual patient 

characteristics and obtain real-time predictions of PIP 

risk. The platform is publicly accessible, requires no 

specific software or programming expertise, and is 

designed to facilitate real-time decision-making in 

emergency care settings 

(https://aymenali.shinyapps.io/pim_shin1/). 

4. Discussion 

This study trained and externally evaluated an 

ML model utilizing the XGBoost algorithm to predict 

the risk and burden of PIP among older persons 

presenting to the ED. The model, based on a 

retrospective dataset of 4,942 patients aged 65 years 

and older, had satisfactory discriminative performance 

(AUC-ROC = 0.70), high accuracy (84%), and 

clinically significant usefulness, as validated by DCA 

in the external validation set. Significant predictors 

encompassed cardiovascular diseases, the total number 

of medications prescribed in the ED, musculoskeletal 

pain, gastritis-related problems, and arthritis-related 

conditions. Moreover, SHAP plot analysis improved 

model interpretability by visually illustrating the 

contribution of each predictor to individualized risk 

assessments. These findings support the potential 

application of this model for real-time risk evaluation 

and personalized decision-making in acute care 

environments. It should be interpreted as evidence 

https://aymenali.shinyapps.io/pim_shin1/
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supporting the contextual applicability of ML based 

PIP prediction in the ED, rather than as the 

development of a universally generalizable predictive 

model. 

This study's significant accomplishment is the effective 

implementation of a high-performing, interpretable 

model utilizing readily available clinical and 

medication data. Previous studies examining the 

prevalence of PIP in older populations have 

predominantly concentrated on patients in primary or 

long-term care settings and often relied on logistic 

regression or rule-based algorithms to identify 

associated factors [9, 12, 22]. In contrast, this study 

focuses on the ED, a setting characterized by urgent 

decision-making, frequent polypharmacy, and 

incomplete medical histories [5]. The findings 

coincided with a growing body of studies endorsing the 

efficacy of artificial intelligence (AI) in reducing 

medication-related harm in older persons, who are 

especially vulnerable to incorrect prescribing due to 

altered pharmacokinetics and various chronic illnesses 

[11]. 

A significant finding of this study is the remarkably 

high prevalence of PIP within the population studied. 

More than 80% of elderly ED patients demonstrated at 

least one PIP, exceeding rates recorded in similar 

populations. Prior studies indicated that PIP occurred 

in 35% of older adults visiting geriatric clinics and 40% 

among those with dementia [13, 22]. A prevalence of 

78% was observed among patients discharged from 

geriatric cardiovascular wards [12]. The elevated PIP 

rate noted in the present study may be attributed to the 

nature of the ED setting, where rapid assessments, 

polypharmacy, and time constraints increase the 

likelihood of suboptimal prescribing. These findings 

underscore an urgent need for real-time clinical 

decision support tools tailored to the demands of 

emergency care. 

Cardiovascular disease (CVD) emerged as the primary 

predictor of PIP risk in the model. This aligns with 

current evidence indicating that older adults with CVD 

frequently present with multiple comorbidities, 

necessitating complex and long-term pharmacologic 

regimens [23, 24]. These patients are particularly 

susceptible to polypharmacy, a recognized risk factor 

for PIP, drug–drug interactions, and adverse drug 

reactions [25]. Moreover, several medications 

commonly used in the management of CVD, including 

diuretics, beta-blockers, antiplatelets, and 

anticoagulants, are often identified by STOPP criteria 

as potentially inappropriate, especially when 

prescribed without explicit indications or in the context 

of contraindications such as renal impairment or a 

history of bleeding [3]. This emphasizes the need for 

targeted medication review protocols for older patients 

with cardiovascular conditions, particularly in high-

pressure environments like the ED. 

Another important finding was the predictive impact of 

musculoskeletal pain and arthritis-related conditions on 

PIP risk. Pain is a prevalent issue among older persons 

and often necessitates pharmacologic intervention with 

medications that carry substantial safety concerns [26, 

27]. NSAIDs are frequently used to relieve 

musculoskeletal and arthritic pain; however, they are 

deemed unsuitable for elderly people with 

comorbidities such heart failure, renal disease, or 

gastrointestinal disorders [3]. Despite these concerns, 

NSAIDs continue to be extensively administered, 

particularly in acute care settings [28, 29]. 

Furthermore, opioids may be prescribed without 

sufficient evaluation of non-pharmacologic options or 

the patient's functional level, hence increasing the risk 

of drowsiness, delirium, falls, and cognitive 

deterioration [30]. The relationship between pain 

management and PIP risk emphasizes the necessity of 

integrating both clinical context and patient-specific 

risk factors into prescribing decisions, especially in 

pain management. 

Although polypharmacy, cardiovascular and 

musculoskeletal diseases were confirmed as risk 

factors for PIP in the SHAP analysis, these findings 

aligned with previous published research which linked 

these variables to PIP prescribing. These findings may 

limit variable discovery novelty; but it increases the 

model's clinical credibility. The final model further 

demonstrates how these variables' relative importance, 

directionality, and interaction patterns differ in the ED 

context, despite their individual significance. The 
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model demonstrates the clinical relevance of 

medication burden at the ED by showing that acute 

polypharmacy exposure during the ED encounter has a 

stronger marginal effect on PIP risk than several 

chronic disease indicators using SHAP analysis. Early 

ML-based PIP studies did not consistently show this 

ED-specific risk hierarchy. 

The current ML model had ROC-AUC 0.70 and 

accuracy 0.84 for binary PIP presence in external 

validation. Recent ML-based PIM models have 

reported higher discrimination in clinically 

homogeneous cohorts, such as Yang et al.'s 0.894 

external ROC-AUC in elderly stroke patients [9]. 

However, externally transported acute-care prediction 

tasks have AUCs closer to 0.77 [21]. Likewise, other 

ML-based PIP models created for outpatient or disease-

specific inpatient cohorts have indicated AUC values 

between around 0.80 and 0.90, demonstrating superior 

discriminative efficacy under more stable prescription 

environments [12, 22]. Main explanation for this 

slightly difference could be linked to the fragmented 

medication histories, time-critical decision-making, 

and heterogeneous patient presentations may limit 

discrimination in the ED. Within this context, the 

present model prioritizes robust calibration, clinical 

utility, and interpretability over maximal AUC. 

Decision curve analysis demonstrated meaningful net 

benefit across clinically relevant thresholds, supporting 

the model's role as a risk-screening and prioritization 

tool to help clinicians identify older ED patients who 

may benefit from targeted medication review. Finally, 

the incremental contribution of this model is its ED-

specific validation, use of routinely available data, 

temporal external validation, and real-world 

deployment, not in outperforming models developed in 

less time-critical care settings. 

The reported accuracy of 84% may indicate robust 

performance; however, given the high frequency of PIP 

in the population, it is crucial to acknowledge the 

potential effects of class imbalance. To address this 

issue, we assessed model performance using 

supplementary metrics, including the AUC (0.70), 

sensitivity (81%), and specificity (78%), all indicating 

satisfactory discrimination. The results demonstrate 

that the model is both accurate and proficient in 

differentiating between PIP and non-PIP situations, 

maintaining a suitable balance between true positives 

and true negatives. 

In the external validation set, a subset of patients with 

PIP was categorized as low risk by the model, 

demonstrating the intrinsic trade-off between 

sensitivity and specificity in predictive modelling. 

Although the model exhibited satisfactory 

discrimination overall, false negatives continue to be 

clinically significant, particularly in elderly patients 

with intricate prescription regimens. 

Several strengths of this study should be highlighted. 

Initially, it utilized a large, real-world dataset obtained 

from electronic health records of a high-risk ED 

population, thereby augmenting the model’s 

applicability to clinical practice. This study specifically 

examined the risk of PIP in ED settings, distinguishing 

itself from prior studies that primarily concentrated on 

primary or long-term care settings. Older patients in the 

ED are especially susceptible to rapid medication 

changes, fragmented clinical information, and acute 

medical presentations [5, 9, 12]. The implementation of 

the revised STOPP/START criteria (version 3) 

facilitates a comprehensive and contemporary 

assessment of PIM in contrast to previous criteria or the 

widely used Beer’s criteria, which does not address 

under-prescribing and anticholinergic burden [3, 4]. 

The model not only predicts the presence of PIP but 

also quantifies their burden severity, offering enhanced 

clinical granularity. Model training employed a strict 

technique, utilizing LASSO for variable selection and 

external validation, thus strengthening the robustness 

and generalizability of the results. The application of 

SHAP-based interpretation improves transparency and 

promotes clinician trust in the model's predictions. 

Additionally, the methodological approach employed 

in this study aligns with prior research on predicting 

PIP through a ML framework. The originality of this 

work is not algorithmic innovation; it is its 

contribution, which is predominantly contextual and 

implementation-oriented, illustrating the application of 

existing ML algorithms in the ED setting. This restricts 

claims of methodological innovation but enhances the 
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clinical significance of the findings by tackling a 

prescribing context marked by time constraints, 

polypharmacy, and insufficient clinical data, features 

that are less pronounced in previous inpatient or long-

term care research. Numerous ML-based tools for 

predicting PIP have been reported as the majority were 

created for inpatient, outpatient, or disease-specific 

settings and were not intended for real-time application 

in ED. The current model clinically distinguishes itself 

by focusing on the ED, addressing both over- and 

under-prescribing, and offering an interpretable, 

implementable tool to facilitate rapid prescribing 

decisions. 

Nonetheless, several limitations must be 

acknowledged. The retrospective, single-center design 

may restrict the applicability of the findings to other 

healthcare systems or populations with varying 

demographic or prescribing patterns. This limitation 

was somewhat alleviated by the incorporation of 

temporally separate external validation cohort. The 

identification of PIM was limited to structured data 

available in electronic health records. Consequently, 

important factors such as clinical reasoning, patient 

preferences, and undocumented indications or 

contraindications may not have been fully captured. 

Third, the model has not yet been prospectively 

validated or integrated into clinical workflows, limiting 

assessment of its real-time effectiveness and impact on 

prescribing behavior. Although predicting drug-

specific adverse reactions may be clinically beneficial, 

such approach require comprehensive longitudinal data 

and distinctly traceable drug-event correlations, which 

are generally inaccessible for the current study. 

However, the total number of PIP has consistently been 

correlated with adverse drug events, hospital 

utilization, and mortality in older adults. In ED, where 

clinicians often initiate or adjust multiple medications 

under time constraints, cumulative prescribing load 

serves as a clinically significant and actionable risk 

indicator.  

The external validation sample might be considered 

small cohort; however, it represents real-world data 

heterogeneity and was adequate for assessing model 

discrimination, calibration, and clinical utility. The 

model exhibited consistent performance in this 

temporally independent cohort, confirming its 

robustness and generalizability. Further studies need to 

address these deficiencies by implementing the model 

in varied environments and assessing its impact on 

clinical outcomes, including adverse drug events, 

hospital readmissions, and medication reconciliation 

rates. 

This study addresses a pressing need in emergency care 

by providing a real-time tool for improving prescribing 

safety among older adults. In the ED, where clinicians 

frequently lack access to comprehensive medication 

review resources and must make rapid decisions, this 

model might be used as an essential clinical decision 

assistance instrument. Enabling the prompt 

identification of patients at increased risk of PIP may 

facilitate targeted pharmacist intervention, enhance 

prescribing appropriateness, and ultimately mitigate 

harm in those who are particularly susceptible to 

medication-related problems. The incorporation of the 

model into electronic prescribing systems or clinical 

dashboards may facilitate the modernization of 

geriatric pharmacology and pharmacotherapy and 

improve patient safety in acute care settings. 

Finally, the implementation of ML technologies into 

ED practices presents significant ethical issues, 

especially with healthcare provider autonomy and 

accountability. The proposed model is designed not to 

replace clinical judgment or mandate automated 

prescribing decisions, but to serve as an advisory risk 

stratification tool that identifies patients who may 

require more thorough medication assessment. The 

ultimate prescribing decisions rest solely with the 

treating clinician, who must balance model output with 

clinical context, patient preferences, and expertise. 

5. Conclusions 

This work trained and externally evaluated an 

interpretable ML model for predicting PIP among 

elderly ED patients. The final model exhibited robust 

performance and practical applicability, providing a 

scalable tool to facilitate safer prescribing decisions in 

acute care. Its integration into clinical decision support 
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systems may improve medication safety and contribute 

to the optimization of geriatric pharmacotherapy. 
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