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ABSTRACT

Medication errors are a serious issue and a preventable source of harm to patients in healthcare. This is particularly true
for high-risk groups such as children, older adults, and those taking multiple medications. Traditional ways of ensuring
medication safety mostly depend on reviewing past incidents and manual checks. These methods often face problems
with underreporting and late detection.Recent advancements in artificial intelligence (Al) and machine learning (ML)
have shifted medication safety from a reactive approach to a predictive one. This review examines Al-driven models that
predict medication errors and highlights how pharmacists’ roles are changing with Al in pharmacy practice. It covers
various Al techniques, including supervised and unsupervised machine learning, deep learning, and natural language
processing, and how these are used in prescribing, dispensing, administration, and monitoring medication safety. The use
of Al enabled clinical decision support systems (CDSS), predictive tools, and risk assessment methods has resulted in
significant reductions in medication errors, improved alert relevance, and better patient safety outcomes. Pharmacists
play a vital role in validating data, training algorithms, interpreting clinical data, integrating workflows, and collaborating
across different professions. This ensures that Al findings lead to practical safety measures.Despite these advantages,
challenges remain. Issues such as alert fatigue, data privacy, bias in algorithms, ethical decision-making responsibilities,
and financial obstacles still exist. Future developments will aim to make Al easier to understand, utilize federated
learning, connect with pharmacogenomics, and create systems that continuously learn. Overall, when pharmacists take
the lead in adopting Al technologies, it can greatly enhance medication safety and improve patient centered pharmacy

practices.

KEYWORDS: Machine learning, Clinical decision support systems, Patient safety, Predictive analytics,

Pharmacovigilance.
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1. INTRODUCTION

Medication errors remain a critical challenge for healthcare systems globally, contributing to preventable morbidity and
mortality, as well as economic burden.™! Susceptibility is heightened among high risk groups, including geriatric
patients, the pediatric population, and individuals on polypharmacy, due to the complexity of medication regimens and
physiological variances.”® Such errors occur at various stages of the medication use process from prescribing to

administering and therefore indicate the ever present need for safety systems.!

Pharmacists have a pivotal role for security of medication use due to their clinical knowledge in pharmacotherapy and
patient care. Their responsibilities include prescription verification, medication reconciliation, adverse drug reaction
monitoring, and patient counselling all of which are essential to prevent medication related harm.*® Studies have
repeatedly shown that pharmacist-led interventions on medication safety have yielded positive results in both inpatient

and outpatient care settings.™

Traditionally, medication error detection depended on manual reporting systems, audits, and retrospective evaluation,
all of which are constrained by under reporting and untimely risk identification.®® However, given the complexity of

healthcare today, either approach alone is not sufficient to contain or prevent errors effectively before they occur.

Technological advancements especially in digital health technologies and artificial intelligence (Al) are changing the
medication safety landscape with the emphasis moving from error reporting to error prediction. Al powered clinical
decision support systems (CDSS) can flag high risk medications, identify potential drug—drug interactions, and issue
alerts to mitigate harm.! Additionally, these systems mitigate alert fatigue by improving accuracy and

contextualization.[”

Importantly, Al does not replace pharmacists but augments their work as they are better involved in developing
strategies geared toward safety rather than reaction to problems. Embedding Al tools into pharmacy workflows can
enhance workflow efficiencies, mitigate risks associated with medications, and create robust multidisciplinary
approaches to patient care.”® Hence, pharmacists augmented with Al are becoming critical agents of change in the

medication-use system to make it more predictive and safe.

2. Artificial Intelligence and Machine Learning Fundamentals

Artificial intelligence (Al) is defined as the simulation of human intelligence by computer systems to support learning,
reasoning, and decision making in healthcare.®*® A widely used Al subset, Machine learning (ML), is meant for
system to learn from pattern of data and enhance model outcome without direct programming to do 0. These
technologies enable the rapid analyses and predictive capabilities clinical safety requires and the optimization in

medication consumption necessitates.™*

2.1 Al Classifications Used in Healthcare
Clinical medication safety uses multiple Al techniques;

e Supervised learning: Models trained on clinical dataset labels (correct/incorrect prescriptions) for predicting high

risk prescriptions, drug interactions, or dosage errors (random forest, support vector classifications).*%*!

e Unsupervised Learning: Reveal prescribing behavior patterns and clusters of medication risk that are not visible

to the naked eye.***!
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e Deep Learning (DL): Its neural network based risk signal identification system processes intricate clinical data,
such as medical notes and pharmacy records.*%

e Natural Language Processing (NLP) Information: Extracts information from unstructured textual data, such as
clinical notes, incident reports, or accident reports.!

o Expert Systems and Rule based Al: Includes guidelines in CPOE and CDSS, such that they do not administer
inappropriate medication.*>*4l

e Reinforcement Learning: Learns adaptive drug dosing strategies and dynamic treatment optimization.

These approaches provide accurate pattern recognition and decision support, alleviating the burden of manual efforts,

and improving medication safety.™*"!

2.2 Data Sources for Medication Error Prediction

Effectiveness of Al depends on receiving quality clinical data from different healthcare systems:

e Electronic Health Records (EHR): Gives diagnoses, labs, allergies, and medication history.!*#241°]

e Computerized Provider Order Entry (CPOE): With forms for medication orders, selection of drugs, and dose
prescriptions vital for prescribing error detection.™ !

e Medication Administration Records (MARs): Help track the timing and accuracy of administered medications,
detecting omission errors and dose-related mistakes.!?

e Pharmacy information systems: Have dispensing records and pharmacist’s interventions that confirm error
preventing activities.***°!

¢ Incident Reporting Systems: Deliver historical feedback used for models to prevent incidents from making the

[13,14]

same mistakes again.

e Claims and Billing Data: Identify medication related hospital readmissions as outcomes.*>*"]

The integration of this aggregated data changes the predictive ability of Al from a reactive medication safety system to

proactive medication safety.[6*"]

3. Al Models for Medication Error Prediction
Artificial intelligence benefits from advanced computational algorithms to detect prescribing, dispensing, and
administration patterns that are risk conductive in clinical workflows.™ Using large data, a machine learning model

can assess future error probabilities, thus preventing adverse events in reality.

3.1 Medication safety ML algorithms

Below are some of the ML models that have shown a high predictability performance:

e Random Forest (RF): Based on decision tree ensembles to identify high-risk medications, dosage mismatches,
and potential drug interaction cases.!*

e Support Vector Machines (SVM): Efficiently classify error prone prescriptions based on pattern recognition from
structured clinical information. "

o Artificial Neural Network (ANN): Neuronal learning mimic for complex data sets, e.g., patterns of

polypharmacy.?"
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e Logistic Regression and Gradient Boosting: Offer transparent models of prescription decision errors and adverse
[22]

drug events.
These models turn historical incident data into decodable risk warnings, leading to a dramatic drop in preventable

medication errors.*%%2

3.2 Deep Learning and Natural Language Processing (NLP)

Deep Learning (DL) promotes medication safety by performing layered feature extraction from structured and
unstructured data:

The NLP enables interpretation in the following areas;

o Unstructured clinical notes

o Pharmacy intervention loggings

o Electronic prescribing messages

DL powered NLP algorithms aid in detecting transcription errors, incomplete orders, and misleading abbreviations in
real-time.[>?4 Newer models (Transformers, BERT-based architectures) perform better than baselines and traditional

methods in textual causative risk prediction.?

3.3 Predictive Analytics and Risk Stratification

The Predictive analytics approach combines risk markers unique to the patient and those specific to medications to

prioritize safety relevant actions:

e Identification of high risk populations (e.g., pediatrics, elderly patients with polypharmacy)./%!

e Dose calculation error prediction for drugs with a small therapeutic index.®

e Risk scoring based on multi factors on alerts to note which ones are of high priority according to the risk, hence
reducing alert fatigue.?”?

o Hospitals adopting the predictive risk stratification approach reported 30-60% reduction in prescription errors and
reduced the number of readmissions related to ADEs.[%?"]

4. Pharmacist’s Role in AI-Integrated Medication Safety

Pharmacists have important roles in integrating, implementing and optimizing prediction system of medication errors

using Al. Their expertise in pharmacotherapy, clinical workflows, and safety regulations makes them critical

stakeholders to improve accuracy in medications and reduce preventable adverse events. [

4.1 Data Validation and Training the Algorithm

Pharmacists will be responsible for making sure that the per patient care data that are used in the Al modeling are

accurate, clinically relevant, and placed in the right context. Developing standardized clinical terminologies (e.g., dose

units, administration routes, error classifications) is paramount for data quality and reducing algorithmic bias.B” They

offer domain expertise in annotating medication safety datasets, interpreting the model’s output, and adjusting the

threshold for error alerts to increase sensitivity and specificity.?23!
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4.2 CDSS: Intervention Optimization

Al-based CDSS Systems improve pharmacist’s capacities in the following areas:

e  Drug—drug interaction (DDI) monitoring

o Dose optimization in vulnerable populations

e Auditing high risk medications

e Timely identification of adverse drug events (ADEs) Studies show that pharmacist-led utilization of Al enhanced
CDSS has led to improved actionable alert acceptance, reduced preventable errors, and supported real-time

intervention to reduce medication harm. 2%

4.3 Workflow Adaptation and Interprofessional Collaboration

The successful adoption of Al calls for the adaptation of the workflow of pharmacies to allow prediction tools to work

with the processes of reviewing, dispensing, and monitoring medications. Pharmacists play an essential role in

mediating the interface between technological and clinical teams wherein the ‘predictive’ output needs to be ‘translated

into safety actions’ at bedside or pharmacy services.?3*

They also work with prescribers, nurses, information technology personnel, and data scientists to;

e Work on algorithms and reduce the alert fatigue

e Standardize clinical communication channels;

e Encourage safe cultures in prescribing influenced by systems that anticipate risks.>"

4.4 Education and up-skilling of pharmacy workforce

With advancements in Al, pharmacists should acquire competencies in;

e Understanding Al algorithms and logic

e Data ethics and governance

o Digital health system navigators

e Interpretation of advanced predictive analytics Multiple studies point to a need for structured training within
curricula and continuing professional development programs to train pharmacists to lead Al enabled safety

innovations. 4%

5. Al applications in different stages of the medication-use process
The role of artificial intelligence (Al) in medication use is in prescribing, dispensing, administration, and monitoring

offering computational analysis to ensure safety and effectiveness.

Prescription

Al enabled clinical decision support systems (CDSS) optimize drug selection and dosing by analyzing numerous
variables, such as patient age, renal/hepatic function, comorbidities, and concomitant drugs, and detect potential DDIs
and prescription errors.%*" Finally, the machine learning based alert optimization systems assist in triaging the alerts,
thus minimizing alert fatigue and assisting in presenting clinically relevant warnings."*®!

Dispensing practice

For this reason, Al enabled automation supports pharmacy dispensing services through robotics and Al based

dispensing cabinets that pick, label, and dispense medications according to prescriptions.**?! Examples of such
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technologies include barcode medication administration and smart infusion pumps, which not only minimize human
[40]

errors related to drug selection or dosage but also streamline workflows in high volume environments.
Administration

At the administration stage, Al supported systems like barcode-assisted medication administration (BCMA) and smart
infusion pumps ensure the correct drug, dose, route, and time at the bedside, thereby substantially decreasing
administration errors.**“°! |n addition, the predictive Al alerts can also predict patient specific risks for adverse events,
to augment safety during drug delivery.*®

Monitoring / Pharmacovigilance

Post administration, Al plays a vital role in PV by sifting through massive data collections of electronic health records,
safety reports, and other related sources to identify and analyze adverse drug events (ADE) or adverse drug reactions
(ADR).I*"" ML models prioritize and validate safety signals, identify patients with high risks, and support tailored

monitoring approaches.™*!

Al Tools, Systems, and Production Examples

Al-enabled CPOE/CDSS platforms Include the direct EHR information (lab, vital signs, current medications, and
allergies) to recommend the most precise therapy, notify the user regarding drug—drug interactions and recommend the
dose revision based on the patient parameters.®***IPredictive analytics and risk stratification Such models can identify

patients who are likely to experience ADEs or dosing errors so that the pharmacist can intervene first.* %2

Examples in the hospitals and results
Implementation of AIE CPOE/CDSS demonstrated lower prescribing errors (5.92% to 1.39%) and increased guideline
adherence.®?

Automated dispensing systems: “Robotics and Al in pharmacy dispensing have an improvement in the accuracy of the

B4 (p. Innovations in the mobile and community pharmacy setting:

selection, labeling, and preparation of medications
Al based tools help pharmacists identify interactions, optimize therapies, and counsel on pharmaceuticals; certain
applications possess real-time analytics for notifying pharmacists about high-risk prescriptions.™® Integration with
telehealth platforms: Al can be integrated with the telehealth platforms to facilitate remote prescribing and monitoring
of medications, especially for the outpatients and community pharmacies.*® Decision support dashboards: Offer visual
analytics of a patient’s medication profile, priority alerts, and error trends for ongoing quality improvement for

clinicians.%4

6. Barriers and Ethical Issues

Alert fatigue and false positives: Clinicians become desensitized when they are overwhelmed with alerts or when the
alerts are of low value; Al systems should be calibrated to optimize clinically relevant alerts.**? Data privacy and
cybersecurity: Al depends on large scale patient data, necessitating secure storage, encrypted transmission, and
regulations compliance (e.g., HIPAA and GDPR)."*8! Transparency and explainability: Black-box Al models hinder
clinician trust, and interpretability techniques are relevant for ensuring accountability and deriving actionable
insights.®*®! Bias and fairness in prediction models: Recommendations for underrepresented populations become

inaccurate; need to diversify datasets and include bias mitigation strategies.
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Ethical responsibility
It is hard to assign liability when there is an error caused by a decision made with the help of Al, and liability policies

must be put in place.[®”

Equity and Access

High costs of the implementation may hinder Al adoption in resource limited settings, thereby widening healthcare
inequity.°04

Human-Al Teaming

Training, strategies for adopting, and continuous assessments of Al and human interactions in clinical practice are
effective workflow integration.*%¢!

7. Economic Evaluation

Efficacy in cost

Studies have shown that Al supported systems decrease the rate of ADESs, thus optimizing the use of resources and
decreasing costs associated with hospital readmission and extended hospitalization.!*%-64

Costs of implementation

The initial investment cost of the Al infrastructure (hardware, software, and training) is high, which may affect its

adoption.®"

Return on investment (ROI)
The long term savings result from decrease in medication errors, workflow efficiencies and improved patient

outcomes.®!

Allocation of resources

Concerning decisions on staffing, Al offers solutions for automating basic work and enabling clinicians to devote their
time to providing complex care.®®® Healthcare disparities: Economic evaluations must account for equity of access
because the high cost of the interventions may limit deployment in the community or rural settings.”® Indirect
economic benefits: Reduced costs of liability, reduced number of litigation cases, and value creation through enhanced
patient satisfaction.®"! Scalability Analysis Cost-effectiveness is dependent on the scale of implementation since bigger
hospitals can realize better ROI vis-a-vis small clinics.*!

8. Future Viewpoint

Federated learning and real-time prediction: Enables multi center collaborations without sharing raw patient data,
hence preserving privacy while improving Al generalizability.® Integration with pharmacogenomics: With the
amalgamation of genetic and clinical data analysis, Al can be utilized for personalized dose optimization, predicting
ADRSs, and personalized therapy, especially in neonates and pediatric populations.?®**! Autonomous pharmacy systems:
Closed loops may depend on prescribing, dispensing, administering, and monitoring to guarantee that all medication
use system errors are human.®® Explainable Al: Development of interpretable Al models to augment clinician decision

B9 Continuous learning systems: The Al systems will learn continuously from

[63]

support, transparency, and governance.

real-world data to improve their accuracy and adaptability to the changing clinical environments.
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Patient engagement: Al tools integrated with mobile apps could lead to better adherence, education, and self-
management of medications.®® Global deployment and standardization: Harmonized guidelines and cross border

regulatory frameworks will facilitate wider deployment of safe and effective Al in healthcare practice.[*"¢?
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