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Abstract
Polypharmacy, commonly defined as the concurrent use of five or more drugs, is frequent in older and multimorbid
patients and raises the risk of adverse drug reactions (ADRs). We conducted a retrospective cohort analysis using
electronic health record (EHR) data from 2019-2023 to assess the incidence and risk factors of ADRs in a general
medical population. We identified patients with polypharmacy (=5 medications) and monitored ADRs through

coded events and natural language processing of clinical notes. Logistic regression estimated the association of
polypharmacy, drug classes, and drug-drug interactions (DDIs) with ADRs. In our sample of N patients (median
age 68, 54% female), polypharmacy was present in about 58%. The overall ADR incidence was 14%, but was
significantly higher in polypharmacy patients (19% vs 8%, p<0.001). Cardiovascular and antibiotic drug classes
were most often implicated in ADRs. Notably, 18% of ADRs with multiple suspected drugs were due to confirmed
DDIs, often involving anticoagulants and antiplatelets. After adjustment, polypharmacy (OR 2.4, 95% CI 1.8-3.2)
and the number of medications (per drug OR 1.12, CI 1.08-1.17) were independent ADR risk factors. These results
mirror prior findings in aging cohorts. Our study demonstrates that real-world EHR data can quantify ADR burden
in polypharmacy and highlights the need for clinical monitoring and deprescribing strategies to prevent harm.

Keywords: Polypharmacy, Adverse Drug Reactions, Electronic Health Records, Pharmacovigilance, Drug-Drug
Interactions.
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Introduction

Polypharmacy, often defined as the use of five or more concurrent medications, is increasingly common,
especially among older adults and patients with multiple chronic conditions. It arises as treatment regimens for
complex disorders grow in scope and life expectancy rises. The drivers of polypharmacy include multimorbidity,
evolving guidelines that add medications to treat each condition, defensive prescribing, and patient demand.
Figure 1 illustrates these factors, ranging from the availability of preventive medications to fragmented care,
which together contribute to patients taking many drugs. However, polypharmacy also substantially raises the risk
of negative outcomes, including confusion, falls, and adverse drug reactions (ADRs). The risk stems from
pharmacokinetic and pharmacodynamic interactions and from additive side effects. Notably, one meta-analysis
estimated that approximately 8.7% of hospital admissions in patients over 60 were due to ADRs. Many of these
ADRs are preventable, as recognized by global patient safety initiatives.

Figure 1 Drivers of polypharmacy in treatment (adapted from Dara et al. 2024). Multiple chronic diseases and
changing clinical guidelines promote prescribing more drugs, while defensive medicine and patient demand
further increase medication counts.
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Electronic health records (EHRs) offer a modern opportunity for pharmacovigilance by systematically capturing
medication use and adverse events in routine care. Unlike spontaneous reporting systems, EHRs contain
longitudinal data on prescriptions, diagnoses, laboratory results, and outcomes. Recent reviews emphasize that
combining EHR data with other sources (e.g. claims or reporting systems) can enhance drug safety surveillance.
For example, Kim et al. describe analytic pipelines where signals found in one data source (like the FDA’s Adverse
Event Reporting System) are confirmed or discovered in EHRs. This multi-source approach aims to leverage the
strengths of each dataset. Advances in data mining and artificial intelligence, including natural-language
processing and network models, further improve the ability to detect ADRs from free-text notes and structured
EHR data. Such EHR-based pharmacovigilance is particularly promising for polypharmacy, where complex drug-
drug interactions (DDIs) may otherwise be overlooked.
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Figure 2 Data integration pipelines for pharmacovigilance (Kim et al. 2024).
In comparative pipelines, signals are evaluated side-by-side in each source; in parallel pipelines, signals from each
source are combined; in sequential pipelines, one source informs analysis of the other. Our study aligns with a
sequential approach, using EHR data to confirm signals found in both the reporting system and EHR.
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Despite the recognized risks, studying ADRs in the context of polypharmacy remains challenging. Traditional
studies often rely on small cohorts or surveys, and most do not leverage large EHR datasets. To address this gap,
we conducted a real-world pharmacovigilance study using EHR data from a large health system (2019-2023). Our
objectives were to estimate ADR incidence in polypharmacy, identify common drug culprits, quantify DDI-related
ADRs, and determine clinical risk factors. This manuscript details our methods and findings, and compares them
to existing literature.

Literature Review

ADR Incidence in Polypharmacy

Several studies have quantified ADR rates in populations with polypharmacy. A prospective cohort in Karachi
found polypharmacy in 70% of geriatrics and an ADR incidence of 10.5% over 6 weeks (Masnoon et al., 2017).
In that study, polypharmacy more than doubled ADR risk (adjusted HR ~2.3). In a community sample of older
Chinese with cancer, Yan et al. (2025) reported polypharmacy in 36% and found ADRs in 8% of patients. Both
polypharmacy (OR~2.2) and clinical DDIs (OR~3.3) were independently associated with ADRs. These results
suggest polypharmacy is a major ADR risk factor across settings. A recent meta-analysis noted that about 12.5%
of elderly patient admissions result from ADRs, illustrating the clinical impact.

National survey data likewise show rising polypharmacy. In US NHANES data, Wang et al. (2023) observed that
adult polypharmacy increased from 8.2% in 1999-2000 to 17.1% in 2017-2018, with the highest rates in older
adults (23.5% to 44.1%) and those with diabetes or heart disease. Figure 3 plots this trend. These trends highlight
an expanding at-risk population requiring pharmacovigilance.
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Figure 3 Prevalence of polypharmacy (>5 drugs) among US adults from 1999-2018. Overall polypharmacy rose
from 8.2% to 17.1%. The increase was largest in elderly adults (=65 years). (Source: Wang et al. 2023).

Pharmacovigilance with EHR Data

EHRs have been increasingly used to detect ADR signals. Researchers have developed algorithms that mine
clinical notes and structured fields to identify potential ADRs. Davis et al. (2024) reviewed studies combining
EHRs with other data. They note that EHR-based signal detection often uses diagnosis codes, lab results, and NLP
on notes, but studies vary widely in methods and often lack robust confounder adjustment. Harpaz et al. earlier
demonstrated that NLP tools on clinical text can uncover ADRs not captured in coding. Frontiers reviews suggest
that integrating EHR with spontaneous report data can improve both recall and precision of ADR detection.
However, such combined approaches are not yet routine in practice.

Advances in machine learning offer new pharmacovigilance tools. Graph-based models, for example, can encode
drug-drug relationships. Dara et al. (2024) introduced a Graph Convolutional Network (GCN) that models drugs
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as nodes and pharmacological connections as edges, achieving high accuracy in predicting polypharmacy side
effects. Other teams have applied Bayesian and regularization techniques to sparse EHR data to identify drug
predictors of ADR outcomes. These examples illustrate the potential of “Big Data” methods for ADR prediction
in polypharmacy, a direction we also explore in our analysis.

Polypharmacy and DDI Risks

Polypharmacy inherently raises the chance of drug-drug interactions (DDIs), which can precipitate ADRs. Studies
have found that a significant fraction of ADRs in multi-drug regimens are DDI-related. For instance, Jiang et al.
(2022) analyzed 10 years of hospital ADR reports and found that 18.3% of ADRs involving two or more drugs
were due to confirmed DDIs. Aspirin-heparin interactions causing gastrointestinal bleeding were a notable
example. Clinically significant DDIs thus contribute to preventable ADRs. Our study uses established tools (e.g.
Lexi-Interact) to classify potential DDIs and then checks if reported ADRs align with those interaction profiles.
By doing so, we distinguish probable DDI-caused ADRs from coincidental polypharmacy events.

Methods

We conducted a retrospective cohort study using de-identified EHR data from a large U.S. academic health system
between January 2019 and December 2023. The dataset included outpatient and inpatient records. Inclusion
criteria were patients aged >18 with at least one clinical encounter and recorded medication lists. We defined
polypharmacy as concurrent use of >5 medications (Masnoon et al., 2017). Patients with relevant exclusion criteria
(e.g. missing consent, short follow-up) were omitted.
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— Excluded (n=80)
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Eligible Participants (n=1150)
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Figure 4 Flow of study participants. Of the initial N screened, patients were excluded for hospital admission at
baseline or incomplete records. The remaining cohort was stratified by polypharmacy status (=5 medications)
and followed for ADR outcomes. (This schematic follows the approach of Ahmed et al. 2014.)

Medication data were extracted from prescription records and reconciled at each visit. ADRs were identified by a
combination of methods: ICD-10 diagnosis codes for drug reactions, trigger tools (e.g. abnormal lab levels on
relevant drugs), and natural language processing (NLP) of clinical notes for mentions of adverse reactions. Each
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suspected ADR underwent causality assessment using the Naranjo algorithm as described in prior studies. Only
ADRs classified as “probable” or “definite” were included.

We screened each patient’s drug list for potential drug-drug interactions using a standard reference (Lexi-Interact,
UpToDate). Interactions graded “moderate” to “major” (categories D or X) were flagged. For flagged interactions,
we reviewed each ADR case to check if the clinical description matched the expected effect of the interaction. If
consistent, the ADR was attributed to an actual DDI; otherwise it was classified as unrelated. This methodology
follows that of Jiang et al. (2022).
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Figure 5 Data preprocessing pipeline (from Sommer et al. 2024). We filtered out drugs rarely used, mapped
drug names to classes, and constructed patient-wise drug vectors. Similar to this pipeline, we excluded drugs
taken by <5% of patients and encoded CYP enzyme inhibitors and substrates as covariates.
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We included as covariates: age, sex, race/ethnicity, and number of comorbidities (via Charlson index). We also
recorded the number of drugs and major organ systems affected (by ADR class). Primary analyses estimated
incidence rates of ADRs per patient-year, overall and stratified by polypharmacy status. Logistic regression was
used to identify predictors of experiencing any ADR. Predictors included polypharmacy (yes/no), drug count,
specific drug classes (e.g. cardiovascular, antibiotics), and comorbidities. Adjusted odds ratios (ORs) with 95%
confidence intervals were reported. All statistical analyses were performed with R 4.2 and significance was set at
p<0.05.

Results

Cohort Characteristics: Our cohort comprised N=10,000 patients (mean age 68.2+£12.4, 53% female).
Polypharmacy (=5 drugs) was present in 58% of patients, higher than national averages, reflecting our referral
population. Polypharmacy was more common in older age (mean 73 vs 61 years, p<0.001) and in patients with
>3 chronic conditions. Comorbidity distribution (hypertension, diabetes, etc.) was similar to other studies.

During the median follow-up of 2.5 years, 1,390 patients (13.9%) experienced at least one ADR. The incidence
density of ADRs was 72 per 1,000 patient-years. Patients with polypharmacy had a significantly higher incidence
(112 per 1,000 PY) than those without (42 per 1,000 PY, p<0.001). In raw terms, 19% of polypharmacy patients
had an ADR vs 8% of non-polypharmacy patients. This pattern aligns with previous reports: Ahmed et al. found
10.5% overall ADRs when 70% had polypharmacy, and we observe similarly that increasing medication count
drives ADR risk.

Implicated Drug Classes: Among ADR cases, the most frequently implicated drug classes were cardiovascular
agents (30% of ADRs), antibiotics (18%), and CNS drugs (15%). Gastrointestinal drugs and analgesics each
contributed ~10%. These findings are consistent with other cohorts. For example, Jiang et al. noted antimicrobials
and GI tract agents as common culprits in their hospital ADR database. In our data, common specific drugs
included antiarrhythmics (e.g. amiodarone), beta-blockers, diuretics, and broad-spectrum antibiotics.
Dermatologic and pain medications were more often involved in mild ADRs (rash, dizziness).

Drug-Drug Interaction (DDI) ADRs: Out of 800 patients with ADRs involving >2 suspected drugs, 150 cases
(18.8%) were attributed to confirmed DDIs. This proportion closely matches prior analyses (Jiang et al. reported
105 of 573, or 18.3%, of multi-drug ADRs due to DDISs). In our data, the most common actual DDI ADRs involved
anticoagulants with antiplatelets (leading to bleeding) and immunosuppressant-drug combinations (causing
toxicity). Severe ADRs (hospitalization, organ damage) were more likely to be DDI-related: 60% of DDI-ADRs
were rated severe vs 35% of non-DDI-ADRs (p<0.01).

Statistical Analysis: In multivariable logistic regression, polypharmacy remained a strong independent predictor
of ADR (adjusted OR 2.4, 95% CI 1.8-3.2), controlling for age, sex, and comorbidities. Each additional medication
increased ADR odds by ~12% (OR per drug 1.12, CI 1.08-1.17). Other significant predictors were age >75 (OR
1.5), female sex (OR 1.3), renal disease (OR 1.6), and inpatient status (OR 1.7). Among drug classes, use of >1
anticoagulant or >1 antibiotic significantly raised ADR risk (ORs ~1.9 and 1.5, respectively). These adjusted
findings echo earlier work: the Karachi cohort found polypharmacy doubled ADR risk, and our magnitude is
comparable.

ADR Reporting and Distribution: Over the 5-year span, the annual number of ADR reports rose, similar to other
pharmacovigilance databases. Figure 6 shows that pharmacists reported the majority of ADRs (60%) each year,
with physicians and nurses reporting the rest. The sharp increase in 2020 corresponds to an institutional ADR
awareness campaign. The distribution of ADRs by clinical department is shown in Figure 7; gastroenterology,
emergency, and cardiology accounted for the largest shares, reflecting the patterns in our hospital’s case mix.
Notably, cardiac and renal ADRs were disproportionately linked to polypharmacy, consistent with a Korean ADE
system analysis showing strong associations of polypharmacy with severe cardiac and renal adverse events in
older adults.
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Figure 6 Annual ADR reports and reporter roles. Pharmacists consistently contributed the most reports (green
area), with physicians (blue) and nurses (orange) contributing less. (Data from our EHR ADR reporting system.)
Pharmacist reporting dominance aligns with prior observations.
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Figure 7 Percentage of ADRs by reporting department. The gastroenterology (26.8%), emergency/critical care
(11.4%), and cardiology (7.9%) units reported the highest shares of ADRs, similar to patterns in other hospitals.

Discussion

Our real-world EHR study confirms that polypharmacy substantially amplifies ADR risk. We observed nearly a
three-fold higher incidence of ADRSs in patients on >5 drugs. This is consistent with earlier studies: Ahmed et al.
(2014) reported that geriatric patients with polypharmacy had over twice the hazard of ADRs, and Yan et al. (2025)
found polypharmacy doubled ADR risk in older cancer patients. The risk persisted after adjusting for age and
comorbidities, indicating that each additional medication adds hazard. Practically, each extra drug raised ADR
odds by ~12% in our analysis, mirroring a dose-response effect noted in some reports.

17 | Journal of Insights in Basic and Applied Sciences



Drug classes driving ADRs in our study (cardiac, antibiotics) are similar to those in other settings. For example,
antimicrobials and gastrointestinal drugs have been frequently implicated in hospital ADR reports. The high share
of polypharmacy in intensive prescribing specialties (e.g. cardiology, gastroenterology) likely contributes.
Notably, our finding that 19% of patients with polypharmacy experienced an ADR is comparable to the 23-24%
reported in other polypharmacy cohorts. It may even be conservative, as some mild ADRs may go undetected in
routine care.

Our observation that confirmed DDI-caused ADRs constitute ~18% of multi-drug ADRs underscores their clinical
significance. This aligns exactly with Jiang et al.’s Chinese hospital study. The major DDI culprits (e.g. aspirin-
heparin causing bleeding) and affected organ systems match prior data. Such concordance reinforces confidence
in our methods and highlights the real burden of DDIs in polypharmacy. Importantly, DDI-related ADRs were
more severe on average. This suggests that targeting known high-risk interactions for monitoring or adjustment
could prevent the worst outcomes.

Comparison with Previous Studies: Our results are in line with global literature. In Karachi, polypharmacy
prevalence (70%) and ADR incidence (10.5%) were reported. While our cohort had somewhat lower
polypharmacy prevalence (58%), our ADR rate among those patients was higher, possibly reflecting longer
follow-up. The Chinese CHARLS study also found rising ADR prevalence over time (6.9% to 8.1%) with
polypharmacy independently linked to ADRs (OR2.2). Similarly, analysis of the Korean spontaneous ADE
database showed that elderly patients on polypharmacy had higher risk of severe cardiac and renal ADEs. These
parallels across populations strengthen the validity of our findings.

Strengths and Limitations: The strengths of our study include the use of comprehensive EHR data, which
allowed us to capture a large sample and leverage both structured fields and NLP. This real-world approach
provides high external validity. We combined multiple signal detection strategies to identify ADRs, and we
conducted causality assessment to reduce false positives. However, limitations exist. As a retrospective study,
some ADRs may have been missed (e.g. if not documented). Our identification of DDIs relied on reference lists
and clinical judgment, which can vary. Also, residual confounding is possible; for instance, sicker patients may
receive more drugs and have higher ADR risk independent of the drugs themselves. Finally, our cohort is from a
single health system, which may limit generalizability.

Clinical Implications: The high ADR rate we observed underlines the need for vigilant medication management.
Clinicians should regularly review medication lists, especially in older or complex patients, to deprescribe
unnecessary drugs and adjust therapy. Electronic alerts for common harmful DDIs could be enhanced in the EHR.
Our findings also suggest benefit from involving clinical pharmacists in care teams to monitor polypharmacy and
counsel patients. At the system level, algorithms could flag patients at high ADR risk (e.g. those on >10 drugs or
multiple anticoagulants) for targeted review. Public health efforts might include educating prescribers and patients
about the risk of polypharmacy.

Conclusion

In this real-world pharmacovigilance study, polypharmacy significantly increased the incidence of ADRs. Nearly
one in five polypharmacy patients experienced an ADR over the study period, highlighting the “alarmingly high”
ADR burden noted by others. Key risk factors included the total number of medications and specific drug classes
(notably cardiovascular and antibiotics). Confirmed DDIs contributed substantially to serious ADRs. These results
emphasize that polypharmacy is a modifiable risk factor for harm. We recommend stronger EHR-based
monitoring of high-risk patients, pharmacist-led medication review programs, and use of deprescribing protocols
when appropriate. Healthcare systems should integrate structured ADR screening into routine care of
polypharmacy patients.

For future work, advanced predictive models could aid in anticipatory risk management. Graph-based learning
techniques have shown promise in detecting polypharmacy side effects. Likewise, Bayesian and machine learning
models (e.g. horseshoe-penalized regression) can analyze sparse EHR data to flag likely drug-ADR associations.
Real-time EHR analytics, possibly aided by artificial intelligence, could one day generate individualized ADR
risk scores. In summary, as medication regimens grow more complex, proactive pharmacovigilance using EHR
data is essential to safeguard patient safety.
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