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Abstract:

Introduction — Geriatric patients are particularly vulnerable to adverse
drug events due to age-related physiological changes and
polypharmacy. The Beers Criteria provides explicit guidance for
identifying potentially inappropriate medications (PIMs) in older adults;
however, its application is often performed manually and inconsistently
across healthcare settings. This study aims to develop a computational
framework for mapping drug—disease relationships to support
systematic identification of PIMs for geriatric medication safety.
Methods — A computational cross-sectional knowledge-based analysis
was conducted using the publicly available Indonesian Pharmaceutical
Dataset. Drug entities were normalized and mapped against the 2023
Beers Criteria using rule-based string matching. Identified PIMs were
categorized into geriatric risk domains, and drug—disease relationships
were extracted to construct structured mappings. Descriptive statistical
analysis was performed to quantify the proportion and distribution of
PIMs within the dataset.

Results — From 1,984 unique drug entities analyzed, 143 medications
(7.2%) were classified as potentially inappropriate for geriatric use.
Anticholinergic burden (28.7%) and sedative/CNS depressant risk
(23.1%) represented the largest PIM categories. Drug—disease mapping
identified 1,126 relationship pairs, with neurological and cardiovascular
therapeutic domains showing prominent clustering.

Conclusion — The proposed computational mapping framework
demonstrates the feasibility of transforming structured pharmaceutical
knowledge into a scalable geriatric medication safety model. This
informatics-based approach supports transparent, rule-driven
identification of PIMs and provides a foundation for future integration
into digital clinical decision-support systems.

Keywords: geriatric pharmacotherapy; potentially inappropriate
medications (PIMs); clinical decision support; medication safety
modeling; pharmaceutical knowledge integration
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1. Introduction

The global increase in life expectancy has led to a rapidly growing geriatric population, accompanied
by a substantial rise in chronic disease burden and polypharmacy. Older adults frequently receive
multiple medications to manage comorbid conditions, which increases the risk of adverse drug events,
drug—drug interactions, and medication-related complications. Age-related physiological changes,
including altered pharmacokinetics and pharmacodynamics, further amplify vulnerability to
inappropriate prescribing and medication-related harm. Ensuring medication safety in geriatric
populations has therefore become a critical priority in clinical and public health domains.

Potentially Inappropriate Medications (PIMs) in older adults have been systematically identified
through explicit criteria, among which the Beers Criteria remains one of the most widely recognized
frameworks. The Beers Criteria provides evidence-based guidance on medications that should
generally be avoided or used with caution in geriatric patients due to elevated risk profiles. While these
criteria are extensively used in clinical settings, their application often relies on manual review
processes, which can be time-consuming and inconsistent across institutions.

Advancements in bio-digital health and clinical informatics provide opportunities to enhance
medication safety through computational modeling and knowledge-based analysis. Structured drug
and disease datasets offer a foundation for algorithmic mapping of medication risks, enabling
automated identification of PIMs and systematic assessment of drug—disease relationships. Such
approaches move beyond traditional descriptive evaluations and support scalable digital safety
screening frameworks.

Computational mapping techniques allow structured integration of medication attributes, risk
classifications, and therapeutic indications. By leveraging digital knowledge modeling, it becomes
possible to identify high-risk drug categories, examine therapeutic domains associated with potentially
inappropriate prescribing, and generate structured safety indicators. This form of informatics-based
analysis aligns with the increasing demand for transparent, reproducible, and scalable digital health
solutions.

Despite the widespread recognition of the Beers Criteria, relatively few studies have explored its
application within a computational drug—disease knowledge modeling framework using structured
medication databases. Most prior research focuses on patient-level prevalence or clinical outcome
evaluation, whereas systematic digital mapping of drug knowledge repositories remains
underexplored.

Therefore, this study aims to develop a computational framework for mapping drug—disease
relationships to identify potentially inappropriate medications for geriatric use using the Beers Criteria.
By integrating structured drug data with explicit safety rules, this research contributes to the
development of an informatics-based medication safety model that supports scalable geriatric risk
identification within bio-digital health systems.

2. Method

2.1 Study Design

This study employed a computational cross-sectional knowledge-based modeling design to evaluate
medication safety risks in geriatric populations using structured drug and disease datasets. Unlike
patient-level observational studies, this research focused on secondary analysis of curated drug and
disease knowledge repositories to identify potentially inappropriate medications (PIMs) based on the
Beers Criteria framework. The study was designed as an informatics-driven evaluation rather than a
clinical outcome assessment, emphasizing algorithmic risk identification and digital safety modeling.
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The analytical unit in this research was the drug entity and its associated disease indications, rather
than individual patients. The objective was to systematically map drug—disease relationships and
determine whether specific medications fall under PIM classifications according to established
geriatric safety guidelines.

2.2 Data Collection

This study utilized secondary structured datasets obtained from the publicly available Indonesian
Pharmaceutical Dataset by Wiputra et al. (2025), published in Mendeley Data [1], [2]. The dataset
consists of two primary components: a structured drug dataset and a structured disease dataset. The
drug dataset contains detailed pharmaceutical information, including generic drug names, brand
names, dosage descriptions, warning statements, side effects, and therapeutic indications. The disease
dataset provides structured descriptions of medical conditions, including disease names, causes, and
symptom characteristics. These datasets were originally curated for digital pharmaceutical knowledge
applications and were repurposed in this study for computational medication safety modeling.

The drug dataset served as the primary source for identifying medication entities and extracting
therapeutic indication information necessary for drug—disease mapping. The disease dataset
supported terminology normalization and structured alignment of disease entities to enhance
consistency in computational mapping procedures. Both datasets were publicly available, anonymized,
and did not contain patient-level clinical records, demographic variables, or prescribing histories.
Consequently, this study was limited to computational knowledge-based modeling and did not involve
epidemiological prevalence estimation or real-world patient outcome analysis.

2.3 Computational Pipeline
The computational workflow implemented in this study is illustrated in Figure 1. The pipeline consisted

of five sequential stages: data preprocessing, Beers Criteria matching, drug—disease mapping, risk
categorization, and results aggregation and visualization.
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Fig. 1. Computational analysis pipeline for identifying potentially inappropriate medications for
geriatric use using structured drug—disease datasets and Beers Criteria.

1. Data Preprocessing. Drug names were standardized through case normalization, whitespace
trimming, and removal of duplicate entries. Textual fields such as warnings and indications
were cleaned to ensure consistent matching. Disease names were similarly normalized to
enable structured mapping between drug indications and disease entities.

2. Beers Criteria Matching. A structured Beers Criteria reference list was constructed based on
the most recent geriatric prescribing guidelines. Each listed medication was annotated with its
associated risk category and recommendation (e.g., avoid, use with caution). Exact and rule-
based string matching techniques were applied to map drugs within the dataset to the Beers
reference list. Identified matches were labeled as potentially inappropriate medications
(PIMSs).
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3. Drug-Disease Mapping. For each identified PIM, disease indication fields were extracted and
mapped to standardized disease entries. This process enabled the construction of drug—
disease relationship pairs. The mapping facilitated analysis of which therapeutic domains were
most frequently associated with high-risk medications.

4. Risk Categorization and Analysis. Identified PIMs were categorized into predefined geriatric
risk domains, including anticholinergic burden, sedative/CNS depressant risk, cardiovascular
risk, renal impairment risk, and gastrointestinal risk. Frequency counts and proportional
distributions were computed for each category to quantify medication safety patterns within
the dataset.

5. Results Aggregation and Visualization. Aggregated statistics were generated to summarize
the total number of drugs analyzed, the number and proportion classified as PIMs, and the
distribution across risk categories. Visualization techniques were employed to enhance
interpretability of computational findings.

As shown in Figure 1, the pipeline integrates structured knowledge extraction with risk classification
and analytical summarization, forming a reproducible informatics-based medication safety framework.

2.4 Operational Definitions

In this study, a potentially inappropriate medication (PIM) was defined as any drug identified in the
dataset that matched entries in the Beers Criteria reference list. Drug—disease relationships were
defined as explicit associations derived from therapeutic indication fields within the structured drug
dataset. Risk categories were assigned based on Beers Criteria classifications and associated geriatric
safety considerations.

2.5 Statistical and Analytical Approach

Descriptive statistical analysis was performed to calculate frequencies, proportions, and categorical
distributions of PIM classifications. No inferential statistical tests were conducted because the study
did not involve patient-level comparisons. Instead, emphasis was placed on computational
identification patterns and categorical mapping outcomes. The analytical outputs were designed to
support digital medication safety modeling and to inform potential integration into clinical decision-
support systems.

2.6 Al Disclosure

ChatGPT (OpenAl) was used solely for language editing, grammar refinement, and improving the
structural clarity of the manuscript. Its assistance was limited to enhancing readability and ensuring
alignment with international academic writing standards [3]. The Al tool did not contribute to the study
design, system development, knowledge modeling, computational procedures, data analysis, or
interpretation of findings [4], [5]. All methodological decisions, analytical processes, and technical
implementations were independently conducted and verified by the authors. The authors take full
responsibility for the accuracy, integrity, and scientific validity of this work [6], [7].

2.7 Ethical Clearance Statement

Ethical Approval — This study did not involve human participants, animal subjects, or clinical
interventions. The system evaluation was based on simulated test scenarios and did not include
identifiable personal or medical data. The proposed system functions as a risk assessment and
decision-support tool, not as a clinical diagnostic instrument. Since the research was limited to
computational modeling and rule-based analysis using non-patient data, formal ethical approval was
not required. The system outputs are intended to encourage professional medical consultation and do
not replace clinical diagnosis or treatment.
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3. Results

3.1 Dataset Overview and Drug Normalization

The structured drug dataset contained 2,172 medication entries. After normalization procedures,
including duplicate removal and standardization of drug names, 1,984 unique drug entities were
identified for computational analysis. Each drug entry included therapeutic indications and safety-
related textual attributes, enabling structured mapping against Beers Criteria.

From the curated Beers Criteria reference list (2023 version) [8], a total of 94 active pharmaceutical
ingredients were included as potentially inappropriate medications (PIMs) for geriatric populations.
Exact and rule-based string matching identified 143 drug entries within the dataset that corresponded
to Beers-listed medications. This indicates that approximately 7.2% of the analyzed drugs were
classified as potentially inappropriate for geriatric use under explicit Beers Criteria mapping.

3.2 Distribution of Potentially Inappropriate Medications
The identified PIMs were categorized according to geriatric risk domains specified in Beers Criteria.

The distribution is presented in Table 1.

Table 1. Distribution of Identified PIMs by Risk Category

Risk Category Number of Drugs Percentage (%)
Anticholinergic Burden 41 28.7
Sedative / CNS Depressant Risk 33 23.1
Cardiovascular Risk 29 20.3
Renal Impairment Risk 24 16.8
Gastrointestinal Risk 16 11.1
Total 143 100

As shown in Table 1, anticholinergic medications represented the largest proportion of identified PIMs
(28.7%), followed by sedative/CNS depressant drugs (23.1%).

3.3 Drug-Disease Mapping Analysis

Drug—disease relationship extraction resulted in 1,126 unique drug—disease pairs across the identified
PIM subset. The mapping revealed that certain disease domains were more frequently associated with
potentially inappropriate prescribing. The five most frequently associated therapeutic domains were:
1) Neurological disorders; 2) Cardiovascular conditions; 3) Gastrointestinal disorders; 4) Psychiatric
conditions; 5) Musculoskeletal disorders. Besides, Fig. 2 illustrates the proportional distribution of
disease categories linked to identified PIMs.

45

40

16

Number of Drugs

Anticholinergic Sedative / CNS Cardiovascular Renal Gastrointestinal
Burden Depressant Risk Risk Impairment Risk Risk

Fig. 2. Distribution of potentially inappropriate medications across geriatric risk categories.
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As illustrated in Fig. 2, anticholinergic and sedative-related medications dominate the identified risk
profile within the structured dataset.

3.4 High-Risk Medication Frequency
Frequency analysis identified the top 10 most recurrent Beers-listed medications within the dataset

(Table 2).

Table 2. Top 10 Most Frequent Potentially Inappropriate Medications

Drug Name Risk Domain
Amitriptyline Anticholinergic
Diazepam Sedative/CNS
Diphenhydramine Anticholinergic
Alprazolam Sedative/CNS
Nifedipine Cardiovascular
Spironolactone Renal Risk
Indomethacin Gastrointestinal
Clonidine Cardiovascular
Ketorolac Gastrointestinal
Digoxin Cardiovascular

Based on Table 2, these drugs were frequently mapped due to broad therapeutic indications across
multiple disease categories.

3.5 Network Representation of Drug—Disease Relationships
The structured mapping enabled visualization of interconnected drug—disease relationships. Figure 3
presents a conceptual representation of the mapping structure.

Drug—Disease Relationships Among Identified Potentially Inappropriate Medications
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Fig. 3. Conceptual network representation of drug—disease relationships among identified potentially
inappropriate medications.
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Based on Fig. 3 shows the network structure highlights clustering patterns in neurological and
cardiovascular therapeutic domains.

3.6 Summary of Computational Identification

The computational mapping process analyzed a total of 1,984 unique drug entities extracted from the
structured pharmaceutical dataset. Among these, 143 drugs (7.2%) were identified as potentially
inappropriate medications (PIMs) based on systematic matching with the Beers Criteria reference list.
The mapping procedure further generated 1,126 distinct drug—disease relationship pairs within the
identified PIM subset, enabling structured evaluation of therapeutic associations. Risk categorization
revealed five dominant geriatric safety domains, with anticholinergic burden and sedative/CNS
depressant risk representing the largest proportions of identified medications. The computational
pipeline successfully integrated drug normalization, rule-based Beers matching, disease mapping, and
categorical risk classification into a reproducible framework. These findings demonstrate the feasibility
of leveraging structured pharmaceutical knowledge datasets for automated geriatric medication risk
identification through computational modeling.

4. Discussion

The present study demonstrates that structured pharmaceutical knowledge datasets can be
systematically leveraged to identify potentially inappropriate medications (PIMs) for geriatric
populations using computational mapping techniques. Through integration of Beers Criteria with
curated drug—disease datasets, 7.2% of analyzed drug entities were classified as potentially
inappropriate for older adults [9]. This proportion reflects the presence of high-risk pharmacological
agents embedded within general therapeutic repositories and highlights the relevance of automated
safety screening mechanisms in digital health systems [10].

The predominance of anticholinergic and sedative/CNS depressant medications among identified PIMs
aligns with existing geriatric pharmacotherapy literature. Anticholinergic burden has long been
associated with cognitive decline, delirium, urinary retention, and increased fall risk in older adults
[11], [12]. Similarly, benzodiazepines and other CNS depressants are well documented to increase risks
of sedation, impaired coordination, and fractures [13], [14]. The high representation of these
categories within the dataset underscores the persistent clinical concern surrounding neurocognitive
and fall-related medication risks in geriatric populations [15]. The computational mapping of drug—
disease relationships further revealed clustering patterns across neurological, cardiovascular, and
psychiatric therapeutic domains [16], [17]. This finding reflects the complexity of managing chronic
multimorbidity in older adults, where medications frequently target overlapping symptom profiles.
From an informatics perspective, the network-based mapping approach provides a structured means
of visualizing and quantifying these associations, thereby offering insights into therapeutic domains
that may warrant enhanced safety oversight [18], [19].

Importantly, this study differs from traditional epidemiological analyses of PIM prevalence. Rather
than evaluating prescribing patterns in real-world patient populations, the present research focused
on knowledge-level computational identification. This approach allows scalable, reproducible, and
automated safety detection that can be integrated into clinical decision-support systems. By
embedding Beers Criteria rules within structured drug databases, digital systems can proactively flag
high-risk medications during prescribing workflows, thereby reducing reliance on manual review. From
a bio-digital informatics standpoint, the proposed framework illustrates how structured
pharmaceutical data can be operationalized into actionable safety models. The integration of data
preprocessing, rule-based matching, risk categorization, and visualization constitutes a modular
architecture adaptable to electronic prescribing platforms. Such informatics-driven approaches align
with current efforts to enhance medication safety through artificial intelligence and rule-based clinical
support tools [20], [21].
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Nevertheless, several limitations should be acknowledged. First, the analysis was conducted on
structured secondary datasets rather than patient-level prescribing records. Consequently, the study
does not estimate real-world prevalence or clinical outcomes. Second, string-based matching may not
capture all formulation variants or dosage-specific considerations included in Beers Criteria. Third, the
dataset represents a curated pharmaceutical repository and may not fully reflect national prescribing
formularies or real-time market availability. Future work should integrate patient-level electronic
health record data to validate the computational model and evaluate its impact on clinical decision-
making. Overall, the findings support the feasibility of computational drug—disease mapping as a
scalable approach for geriatric medication safety screening. By translating established geriatric
prescribing guidelines into structured digital frameworks, this study contributes to the advancement
of explainable, rule-based medication safety modeling within bio-digital health ecosystems.

Conclusion

This study developed and demonstrated a computational framework for mapping drug—disease
relationships to identify potentially inappropriate medications for geriatric use using the Beers Criteria.
By integrating structured pharmaceutical knowledge datasets with rule-based safety modeling, the
analysis identified a measurable subset of high-risk medications and systematically categorized them
across major geriatric risk domains. The findings highlight the feasibility of transforming curated drug
repositories into scalable medication safety screening systems through informatics-based approaches.
Unlike traditional prevalence studies, this research emphasizes knowledge-level computational
identification, enabling reproducible and automated risk detection suitable for integration into digital
health infrastructures. The proposed framework contributes to the advancement of bio-digital
medication safety modeling and provides a foundation for future development of explainable clinical
decision-support tools aimed at enhancing geriatric pharmacotherapy safety.
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