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ABSTRACT

Background: Adverse drug reactions (ADRs) continue to be a leading source of morbidity,
hospitalization, hospital stay, and avoidable health expenditure. The conventional
pharmacovigilance process has relied heavily upon spontaneous, manual reporting, prone to
the following limitations: under-reporting, delayed reporting, fragmentation in clinical
documentation, and a lack of feedback to the prescribing physician. Recent breakthroughs in
the application of artificial intelligence (Al) in the form of large language models, such as the
Claude Al model, have enabled the instant analysis of EHR, clinical free text, and patient
self-reported outcomes.

Aim and Objectives: The aim of the present study is to assess (1) the application of Claude
Al for the identification of ADRs through the use of Predictive Analytics and NLP, (2) the
usefulness of Claude Al for real-time documentation of ADR reporting, and (3) the effect of
pharmacovigilance using Al on patient safety.

Methodology: A prospective observational study was conducted over 6 months in a tertiary-
care teaching hospital with 220 in patients receiving polypharmacy. Claude Al was integrated
with hospital EHRs and a custom ADR chatbot interface. The Al system continuously
analysed medication orders, laboratory values, clinical progress notes, and patient-reported
symptoms. Potential ADRs flagged by Claude Al were reviewed and validated by clinical
pharmacists using standard causality, severity, and preventability scales. Pharmacist
interventions and outcomes were documented. Descriptive statistics and inferential analyses
were performed to compare ADR detection, reporting time, and intervention outcomes before
and after Al integration.
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Results: Claude Al performed at 88.0% accuracy for ADR detection, with a 88.8% sensitivity
rate and 87.5% specificity rate for validated cases by a licensed pharmacist. The median time
to ADR detection occurred 60% faster than the traditional time for documented ADRs. Al-
assisted counselling and notifications increased the rate of adherence to safety procedures by
40% while also increasing the incorporation of ADR data completeness by 50%. Of the 220
patients, 82 (or 37.3%) experienced at least one ADR event. A total of 134 ADRs were
recorded. Al-assisted pharmacovigilance enabled more timely reaction to ADRs while
preventing the progression to serious ADRs.

Conclusion: Claude Al has shown substantial promise for revolutionizing the performance of
electronic surveillance for ADRs in pharmacovigilance. Incorporation of Claude Al into
current pharmacy practices can help in promoting early detection of harmful outcomes of
medications while optimizing clinical decisions for safe practices in pharmacovigilance.
Further studies in this domain are essential for ascertaining the positive implications of using
Claude Al in pharmacovigilance practices for the future.

KEYWORDS: Adverse drug reactions, pharmacovigilance, Claude Al, natural language
processing, electronic health records, clinical pharmacy, patient safety

© 2026 The Author(s) | Published by - Scholiora Research Publications
Creative Commons Attribution 4.0 International License (CC BY 4.0)


https://doi.org/10.66261/3gctjz69
https://creativecommons.org/licenses/by/4.0/

Transdisciplinary Medical, Clinical and Health Research (TMCHR)
July-December-Issue, Vol. 1, No. 1 (2026) | DOI: 10.66261/3gctjz69

1. Introduction

Adverse drug reactions (ADRs) are described by the World Health Organization as “noxious
and unintended effects of drugs occurring at doses used in man or proven well enough to
provide a basis for an adequate assessment of their potentiality for an adverse reaction in
humans.! Adverse drug reactions are one of the top reasons for hospitalization, increased
lengths of stay, emergency visits, and treatment failure.?* It is also estimated that 5 to 10% of
all admissions are drug-related, with 50% being potentially preventable.*3

Traditional pharmacovigilance relies heavily on spontaneous, voluntary reporting by healthcare
professionals, patients, and pharmaceutical companies to national and institutional
pharmacovigilance centres.® However, under-reporting, delayed recognition of ADRs,
incomplete documentation, and the increasing complexity of pharmacotherapy limit the
sensitivity and timeliness of these systems.” ® The increased rate of digitalization of the
healthcare sector due to the widespread use of electronic health records (EHRs), Computerized
Physician Order Entry (CPOE), and Clinical Decision Support Systems (CDSSs), has led to the
creation of huge amounts of data that have still not been tapped for pharmacovigilance
purposes.’ At the same time, the use of Artificial Intelligence and machine learning (ML), such
as natural language processing (NLP), large language models, has the potential to identify
safety signals from clinical text, social media commentary, and patient reports.'? !

In this respect, Claude Al is representative of more advanced large language models with the
ability to understand clinical text, support complex reasoning, and generate context-aware
responses. The capability to synthesize information across structured and unstructured data
streams positions it as a potentially powerful tool for near real-time ADR detection, causality

assessment support, and patient counselling in pharmacy practice.!'? 1

As experts in medication safety, clinical pharmacists are well-positioned to leverage such Al
tools for proactive pharmacovigilance and evidence-based interventions. Embedding Al into
pharmacy workflows may narrow the gap between data-rich environments and actionable
safety insights.'*

The aim of this study is to review the application of Claude Al as a crucial element of a hospital
pharmacovigilance program in the detection of ADRs and risk assessment, and to study how
this would affect the effectiveness and efficiency of pharmacy practice interventions.

Burden of Adverse Drug Reactions- Adverse drug reactions (ADRs) cause significant
morbidity and mortality in addition to increased costs of patient care. According to a study
conducted by Pirmohamed et al. in 2004, 6.5% of hospital admissions were found to be because
of ADRs. In developing countries like India, the issues of polypharmacy and self-medication
increase the chances of ADRs." '® Older people along with a comorbid patient and also those
who are on high-risk drugs like anticoagulants, antiepileptics, and chemotherapeutic drugs are
also prone to ADRs.!’

Conventional Pharmacovigilance Systems- Spontaneous reporting is still considered the
backbone of a pharmacovigilance system. Still, the rates of non-reporting could be
approximately 90-95% for various reasons such as a lack of awareness, lack of clarity about
causality, busy schedules, and lack of feedback. The detection of a signal from large data
repositories such as VigiBase and FAERS employing disproportionality is often sluggish for
novel and rare adverse drug reactions.'® Moreover, free-text reporting for both ADRs and
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clinical information within Electronic Health Records has long proven to be a hindrance for
computer analysis.

Al and Machine Learning in Pharmacovigilance- AI/ML algorithms, such as logistic
regression, random forest, gradient boosting, and deep learning, have been used on EHRs and
claims data to identify ADRs and drug—drug interactions.!” NLP can help identify drug-event
associations in unstructured data sources such as clinical narratives, physician narratives, and
social media statements.?’ Computer-assisted identification of ADRs can increase the positivity
rate of ADR detection, beyond the spontaneous reporting system.

Large Language Models and Clinical NLP- Recent LLMs such as GPT-like systems and
Claude have shown impressive results in clinical reasoning, summarization, and question-
answering.”! 2 LLMs can make sense of complicated clinical narratives, integrate temporal
information, and support differential diagnosis. In pharmacovigilance, LLMs may parse
progress notes, nursing notes, and messages by patients to find patterns suggestive of ADRs,
propose likely causative drugs, and suggest monitoring plans.

Role of Clinical Pharmacists and Al Integration- Clinical pharmacists are important assets
for ADR detection, medication reconciliation, therapeutic monitoring, and patient
counselling.”> When pharmacists’ skills are combined with Al technology, there could be
enhanced sensitivity for ADR detection with reduced cognitive load and ability to prioritize
high-risk patients.”* However, there are concerns with respect to quality, bias, explainability,
and appropriate use.?

Though extensive work is being carried out in Al-assisted Pharmacovigilance, there is no
practical implementation of any LLM, such as Claude Al, in hospital pharmacy practices
known in Indian settings. This paper bridges that gap.

2. Aim and Objectives

Aim
To evaluate the role of Claude Al in advanced ADR detection and pharmacovigilance and to
explore its impact on patient safety and pharmacy practice in a tertiary-care teaching hospital.

Objectives

1. To assess the ability of Claude Al to detect potential ADRs using EHR data and NLP-
based analysis of clinical narratives and patient-reported symptoms.

2. To evaluate the effectiveness of Claude Al in real-time ADR reporting and
documentation relative to conventional manual reporting.

3. To analyse the impact of Al-driven pharmacovigilance on pharmacist interventions,
clinical decision-making, and patient outcomes.
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3. Methodology
3.1 Study Design and Setting

This was a prospective, observational, Al-assisted pharmacovigilance study conducted over 6
months in a 500-bed tertiary-care teaching hospital affiliated with a pharmacy college in
Bangalore, India. The study was coordinated by the Department of Pharmacy Practice in
collaboration with hospital IT and the institutional pharmacovigilance committee and it
followed a prospective pre-post design with a historical control period for comparison. The
historical control period was defined as ADR data from the six months prior to the
implementation of Claude AIl, during which pharmacovigilance was conducted through
traditional spontaneous and pharmacy-based reporting methods. The same wards, healthcare
teams, definitions of ADRs, and standards for documentation were followed during the study
periods for comparison.

A control group was not considered for this study due to ethical limitations, as it was deemed
not appropriate to withhold Al-assisted safety monitoring from a group of hospitalized patients
as part of a real-world patient safety initiative.

3.2 Ethical Approval

The study protocol was reviewed and approved by the "Institutional Ethics Committee,
Aditya Bangalore Institute of Pharmacy Education and Research (ABIPER)", Approval
No.- [ABIPER-IEC/2023/PP/018] . Informed consent was obtained from patients or their
legally authorized representatives where required, particularly for patient-facing chatbot
interactions. Confidentiality and data privacy were ensured in accordance with national
guidelines.

3.3 Study Population

Inpatients from general medicine, cardiology, neurology, and nephrology units were included.
Inclusion criteria:
> Age >18 years.
» Hospital stay >48 hours.
» Receiving at least 5 concurrent medications (polypharmacy).
Exclusion criteria:
» Patients admitted for <48 hours.
» Terminally ill patients in intensive care where monitoring was limited.
» Patients refusing participation or unable to interact with the chat bot and

lacking a caregiver respondent.

3.4 Sample Size

A total of 220 eligible patients were enrolled consecutively during the study period. Since the
design of the study was intended as an exploratory real-world implementation study, a formal
a priori power calculation was not performed. The sample size was deemed sufficient for
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assessing ADR pattern and developing initial performance estimates for Al-assisted
pharmacovigilance.

3.5 Al System Architecture and Integration

Claude Al was integrated into the hospital EHR through a secure middleware layer.
Key components:

1. Data ingestion module: Extracted structured data (demographics, diagnoses,
medication orders, laboratory results, vital signs) and unstructured text (medical notes,
nursing notes, discharge summaries).

2. NLP and reasoning engine (Claude AI): Processed unstructured text to identify terms
indicating potential ADRs (e.g., rash, dizziness, bleeding, hepatotoxicity) and linked
them with medication exposure timelines.

3. ADRrrisk scoring module: Generated a probability score (0—100%) for each potential
drug-event pair.

4. Pharmacist dashboard: Displayed Al-generated alerts, ranked by risk score and
clinical severity.

5. Patient-facing chatbot: Enabled communication with patients or caregivers via
tablet/mobile devices for symptom self-reporting.
The 0-100% score was a relative risk prioritization score based on prompt-based reasoning and
was not intended to be interpreted as a probability estimate. The pharmacist validation of
suspected ADRs was independent of the relative risk score.

3.6 Data Collection and ADR Validation
For each enrolled patient:

e Baseline data: age, gender, co-morbidities, number of drugs, high-risk medications,
and length of stay.
e Al continuously monitored the EHR and patient-reported data to flag suspected ADRs.
e Clinical pharmacists reviewed alerts daily, assessed causality using the Naranjo scale,
severity using the Modified Hartwig and Siegel scale, and preventability using the
Schumock and Thornton criteria.?® 2’28
e Confirmed ADRs and pharmacist interventions (dose adjustment, drug
discontinuation, substitution, monitoring, counselling) were documented in a
standardized ADR reporting form.
A smaller subset of ADRs detected by conventional manual methods (e.g., physician-initiated
reports) was also collected to compare detection time and completeness.

For the purposes of calculating performance metrics, each drug-event pair evaluated during the
study period was classified as follows.

e A true positive (TP) was recorded when Claude Al generated an alert for a suspected
ADR and the pharmacist, on independent review using the Naranjo, Hartwig and Siegel,
and Schumock and Thornton scales, confirmed the event as an ADR.
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e A false positive (FP) was recorded when an Al-generated alert was reviewed by the
pharmacist and the suspected event was not confirmed as an ADR.

e A false negative (FN) was recorded when a confirmed ADR was identified independently
of an Al alert through daily pharmacist chart review, patient/caregiver self-report via the
chatbot, or physician-initiated spontaneous reporting, indicating that Claude Al had not
flagged a drug-event pair that was subsequently confirmed as an ADR.

e A true negative (TN) was recorded for medication exposures reviewed during the study
period for which neither Claude Al generated an alert nor the pharmacist's independent
daily review identified any suspected adverse event; the denominator for this category
was defined as all high-risk drug-event pairs (i.e., administered medications with
plausible ADR potential based on pharmacist screening criteria) evaluated during the
pharmacists' daily chart review that did not result in either an Al alert or a clinically
identified ADR.

3.7 Claude AI Configuration and Prompting Framework

Claude Al was integrated with the hospital's EHR system via a secure middleware interface,
which accessed the model through Anthropic's Application Programming Interface (API) rather
than a locally hosted deployment. The specific model used was Claude 2.1, which was the
model version in general availability throughout the data collection period of December 2023
to May 2024. The model version was held constant for the duration of the study; no model
upgrade was made during the study window, including at the time of the Claude 3 family's
public release in March 2024, in order to preserve consistency in Al-generated alerts across the
full study period.

The Al system functioned using standardized structured prompts, designed by clinical
pharmacists, to identify potential adverse drug reactions (ADRs) by extracting symptom
descriptions, abnormal laboratory results, and temporal associations between drug exposure
and the clinical event from unstructured clinical notes and patient-reported information. The
middleware submitted these structured prompts containing de-identified clinical text,
laboratory values, and medication-exposure data extracted from the EHR to the model via the
APIL. For each potential drug event, the model returned a risk-prioritization score (0—100%),
intended to rank potential drug events rather than serve as a probability estimate or decision
output, along with a narrative summary of the potential drug event. This output was returned to
the middleware and displayed on the pharmacist dashboard for review, providing additional
context to the reviewing pharmacist.

A human-in-the-loop framework was used, in which all potential drug events were
independently validated by licensed clinical pharmacists using standard scales of causality,
severity, and preventability.

Proprietary considerations prevent the authors from revealing the exact syntax of the prompts,
but the information provided is sufficient to allow conceptual replication of the Al system used.
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4. Outcome Measures

Primary outcomes:
e ADR detection accuracy (sensitivity, specificity, positive predictive value) of Claude
Al compared to pharmacist-validated ADRs.
e Time to ADR detection (Al-assisted vs. conventional methods).
Secondary outcomes:
e Number and type of ADRs identified.
e Impact on pharmacist workload and documentation completeness.
e Nature and acceptance of pharmacist interventions.
e Changes in clinical outcomes (e.g., dose modifications, avoidance of severe ADR
progression).
o Performance metrics were calculated at the ADR-event level, as individual patients
could experience multiple suspected ADRs during hospitalization.

Statistical Analysis

Data were analysed using descriptive statistics (means, standard deviations, frequencies, and
percentages). Differences in detection time and completeness of documentation before vs. after
Al integration were evaluated using independent t-tests or Mann—Whitney U tests for
continuous variables and chi-square tests for categorical data. A p-value <0.05 was considered
statistically significant.

It is important to note that comparisons between these periods are associative but not causal in
nature due to the observational pre-post design. Medians with interquartile ranges (IQR) were
reported for non-normally distributed variables. Where appropriate, 95% confidence intervals
were calculated for key performance metrics.

5. Results
Table 5.1 Demographic profile of study participants (n = 220)
Variable Category n %
Age (years) 18-40 60 27.3
41-60 90 40.9
>60 70 31.8
Gender Male 118 53.6
Female 102 46.4
Mean age + SD (years) - 52.1+14.8 -
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Fig-5.1 Demographic profile of study participants
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As per Table 5.1 Most participants are middle-aged adults (41-60 years), suggesting
the study population is skewed toward a slightly older demographic as mentioned in
fig 5.1. There is a slight male predominance, but the distribution is fairly balanced

between males and females.

The average age of participants is 52.1 years. The standard deviation of 14.8 suggests
a moderately wide age spread, indicating inclusion of both younger and older adults.

Table 5.2 Clinical characteristics and polypharmacy patterns

Variable Category n %
Number of comorbidities 1-2 96 43.6
>3 124 56.4
Number of drugs prescribed | 5-7 84 38.2
8-10 92 41.8
>10 44 20.0
Units General medicine 110 50.0
Cardiology 48 21.8
Neurology 36 16.4
Nephrology 26 11.8

The Table 5.2 highlights a significant prevalence of multimorbidity and polypharmacy
among the study population, particularly in patients admitted to the general medicine

department.

A large proportion were prescribed 8—10 medications, emphasizing the need for careful

monitoring and medication review to minimize adverse drug events.

Prevalence and Pattern of ADRs

Of 220 patients, 82 (37.3%) experienced at least one ADR, and a total of 134 ADRs were
documented (some patients had >1 ADR).
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Table 5.3 ADR occurrence among study participants

ADR status n %
At least one ADR 82 373
No ADR 138 62.7
Total ADRs identified 134 -

Fig-5.2 ADR occurrence among study participants

= ATLEAST ONE = NONE TOTAL ADRS

= Asper Table 5.3, ADRs are relatively common and may pose a substantial risk in patients
exposed to multiple medications as shown in fig-5.2.

Table 5.4 Drug classes commonly associated with ADRs (n = 134 ADRs)

Drug Class n % of ADRs
Antimicrobials 42 31.3
Cardiovascular drugs 30 22.4

CNS drugs 24 17.9
NSAIDs and analgesics 18 13.4
Antidiabetics 10 7.5

Others 10 7.5
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Fig 5.3 Drug classes commonly associated with ADRs
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As per Table 5.4, Antimicrobials and cardiovascular drugs constituted over half of all
ADRs as shown in fig-5.3.

Table 5.5 Common ADR manifestation

ADR Type n % of ADRs
Gastrointestinal (nausea, vomiting, diarrhoea) 38 28.4
Dermatological (rash, pruritus) 28 20.9

CNS (dizziness, sedation, headache) 26 19.4
Cardiovascular (hypotension, bradycardia) 20 14.9
Metabolic (hypoglycaemia, electrolyte imbalance) | 12 9.0

Others 10 7.4

Fig 5.4 Common ADR manifestation

others [IIN=44 10
Metabolic [ 1)
cardiovascular [ D 00
CNs e 26
dermatological |20 e 28
gastrointestinal |2 e 33

B %ofadrs En

As per Table 5.5, Gastrointestinal ADRs were the most commonly reported manifestations,
followed by dermatological and CNS-related reactions as shown in fig-5.4.
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Table 5.6 Severity assessment of ADRs (Hartwig and Siegel scale)

Severity Level n %
Mild 64 47.8
Moderate 58 433
Severe 12 9.0

Fig 5.5 Severity assessment of ADRs

= MILD = MODERATE = SEVERE

e As per Table 5.6, Most ADRs were mild to moderate; 12 (9.0%) were severe, requiring
intensive monitoring or drug withdrawal as shown in fig-5.5.

Preventability Assessment

Table 5.7 Preventability of ADRs (Schumock & Thornton criteria)
Category n %

Definitely preventable | 22 16.4
Probably preventable | 46 343
Not preventable 66 49.3

Fig 5.6 Preventability of ADRs
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e Asper Table 5.7, Approximately half of ADRs were categorized as potentially preventable,
underscoring opportunities for improved monitoring and decision support as shown in fig-
5.6.
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Performance of Claude Al in ADR Detection
Al-generated ADR alerts were compared against pharmacist-validated ADRs.

Table 5.8 Performance metrics of Claude AI for ADR detection

Parameter Value
True positives (TP) 119
False positives (FP) 25
True negatives (TN) 175
False negatives (FN) 15
Sensitivity (%) 88.8%
Specificity (%) 87.5%
Positive predictive value (%) 82.6%
Negative predictive value (%) 92.1%
Overall accuracy (%) 88.0%

Fig 5.7 Performance metrics of Claude Al for ADR detection
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The confusion matrix was used to calculate sensitivity, specificity, positive predictive value,
negative predictive value and overall accuracy.

Using the values present:

Sensitivity

NPV
TN
— %100
TP + FN Ty 100
119 o
=—— "~ %100 = 88.819 _ 3
119 + 15 L = e 7e X 100 = 92.11%
Specificity Accuracy
< 100 TP + TN 100
TN + FP TP + TN + FP + FN
175 100 = 8759 119 + 175 100
= ———5- % 100 = 87. = %
175 + 25 0 119 + 175 + 25 + 15
294
PPV = 334 X 100 = 88.02%
—— X
TP+ Fp < 100
119 100 = 82.64%
= — X — .
119 + 25 0

As per Table 5.8, Claude Al demonstrated high sensitivity and good specificity in identifying
ADRs, making it a reliable screening tool as shown in fig-5.7. The performance metrics were
computed at the ADR event level rather than at the patient level. Since there was a possibility
that multiple ADR events could happen in a patient, the total number of events analysed was
more than the total number of patients in the study (n = 220). An independent event was
considered each time an Al alert was sent for a suspect drug-event pair. It was then compared
to derive true positives, false positives, true negatives, and false negatives.

Time to ADR Detection

The median time between onset of symptoms and ADR detection was significantly reduced.

Table 5.9 Comparison of time to ADR detection

Median time (hours) +
Method IOR p-value
Conventional manual detection (historical 2454121 B
control)
Al-assisted detection 9.8+64 <0.001

o As per Table 5.9, Al integration resulted in an approximate 60% reduction in detection
time relative to historical manual reporting.
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Impact on Documentation and Pharmacist Workflows

Table 5.10 Quality of ADR documentation before and after Al integration

Documentation Parameter (completeness) | Pre-Al (%) Post-Al (%) p-value
Suspected drug(s) clearly documented 72 96 <0.001
Temporal relationship described 60 91 <0.001
Laboratory data included 55 86 <0.001
Outcome and dechallenge information 58 90 <0.001

Fig 5.8 Quality of ADR documentation before and after Al integration
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o As per Table 5.10, Claude Al’s structured prompts and templates significantly improved
completeness of ADR reports as shown in fig-5.8.

Pharmacist Interventions and Clinical Outcomes

Table 5.11 Nature of pharmacist interventions for Al-alerted ADRs (n = 134)

Intervention Type n % of ADRs
Drug discontinuation 40 299
Dose reduction 26 19.4
Drug substitution 28 20.9
Additional monitoring (labs, vitals) 24 17.9
Patient counselling and education 106 79.1
Reporting to national pharmacovigilance centre | 72 53.7

Fig 5.9 Nature of pharmacist interventions for Al-alerted ADRs
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e As per Table 5.11, Pharmacist interventions in Al-alerted ADRs were mainly patient
counselling and pharmacovigilance reporting, with fewer clinical actions such as drug
discontinuation, substitution, dose reduction and monitoring as shown in fig-5.9.

Table 5.12 Outcomes of ADRs following interventions

Outcome n % of ADRs
Complete resolution 96 71.6

Partial improvement 30 22.4

No improvement / progressed 8 6.0
ADR-related prolonged hospitalization 10 7.5
ADR-related mortality 0 0

e As per Table 5.12, No ADR-related deaths occurred in this cohort. Early detection and
intervention likely contributed to positive outcomes.

Al-Driven Patient Counselling and Safety Protocol Adherence

Pharmacists used Al-generated summaries to support patient counselling. Protocol adherence
(e.g., monitoring, dose adjustments, avoidance of high-risk combinations) improved by an
estimated 40%, as reflected in clinical audit indicators.

Table 5.13 Adherence to safety protocols pre- and post-Al

Indicator Pre-Al (%) Post-Al (%) p-value
Appropriate lab monitoring for high-risk 64 28 <0.01
drugs

AVOl(%anc.e of contraindicated drug 70 9 <001
combinations

Documentation of patient counselling 58 84 <0.01

Fig 5.10 Adherence to safety protocols pre- and
post-Al
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e As per Table 5.13, Al implementation significantly improved adherence to safety
protocols, with higher rates of monitoring, avoidance of contraindications, and counselling
documentation (p <0.01) as shown in fig-5.10.
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6. Discussion

Despite its benefits, Al-assisted pharmacovigilance is subject to several risks. This study
demonstrates that integrating Claude Al into hospital pharmacovigilance workflows can
substantially enhance ADR detection, reporting, and management. The 37.3% incidence of
ADRs observed in this high-risk cohort is consistent with previous studies in similar inpatient
populations exposed to polypharmacy. Antimicrobials and cardiovascular drugs were the
leading contributors, in line with established literature. The lack of a contemporaneous control
group also means that causal inference is not possible from these observed improvements; a
historical comparator design is indicated.

Claude Al achieved an accuracy of 88.0% with high sensitivity (88.8%) and acceptable
specificity (87.5%). From a patient-safety perspective, prioritizing sensitivity is crucial to
minimize missed ADRs, acknowledging that some false positives may be acceptable as long as
pharmacist review is integrated. The Al system’s ability to filter and rank alerts by risk score
helped pharmacists focus on clinically significant cases, mitigating “alert fatigue” commonly
reported with conventional CDSS*

The median time to ADR detection was reduced from approximately 24.5 to 9.8 hours,
representing a 60% improvement. Earlier detection enabled prompt dose adjustments, drug
discontinuation, or substitution before ADRs progressed to more severe states. Prior studies
have shown that delayed recognition of ADRs contributes to prolonged hospitalization and
complications. Our findings suggest that Al-supported monitoring may help shift
pharmacovigilance from a reactive to a proactive paradigm.

The quality and completeness of ADR documentation improved significantly after Al
integration, as seen in the higher rates of documented suspected drugs, temporal relationships,
investigations, and outcomes. Incomplete ADR reports hinder signal detection and limit their
utility for regulatory decision-making. Claude AI’s structured templates, suggested fields, and
narrative summarization function supported more robust clinical documentation, which may
facilitate better utilization of reports by regional and national pharmacovigilance programs.
Clinical pharmacists played a central role in validating Al-generated alerts, interpreting
causality, and implementing interventions. This human-in-the-loop model ensured that Al
served as a decision support, not a replacement, reinforcing the importance of professional
judgment. Pharmacists leveraged Al outputs to engage patients and clinicians more effectively,
using Al-generated explanations to facilitate shared understanding of ADR risks and
management options. Although increased volume of alerts is a well-known risk factor for Al-
based surveillance systems, pharmacist-led triage was also useful for reducing alert fatigue.
Although high-risk groups such as elderly and multi-morbid patients seemed to benefit most
from early detection, the study was not designed for subgroup analysis.

The observed improvement in adherence to safety protocols and increased reporting to national
pharmacovigilance centres suggests a positive shift in medication safety culture. Similar
benefits have been described in Al-supported antimicrobial stewardship and medication
reconciliation programs.

While Al offers significant benefits, it also raises concerns regarding transparency,
accountability, bias, and data governance.?® In this study, Claude Al was used as a supportive
tool; pharmacists maintained ultimate responsibility for ADR decisions. Continuous
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performance monitoring, validation across diverse populations, and periodic calibration are
essential to avoid perpetuating or amplifying biases inherent in historical data.

Data privacy was upheld through secure integration and limited access, but broader deployment
will require adherence to evolving national data-protection policies and standards. Clear
institutional policies defining roles and responsibilities in Al-mediated care are also needed.
Previous work with ML-based ADR prediction using logistic regression, Bayesian networks,
or deep learning focused primarily on structured databases. Our study extends this by
incorporating a large language model capable of understanding nuanced clinical narratives and
patient complaints, closer to real-world clinician reasoning. Claude AI’s conversational
interface and explainability features allowed pharmacists to query “why” an alert was
generated, enhancing trust and usability.

Recent literature has emphasized the potential as well as the limitation of LLMs in the context
of clinical decision support systems. Although the performance of LLMs in clinical text
comprehension and reasoning is highly impressive, the variability of the generated response,
hallucinations, and the impact of prompt engineering have raised important questions about the
validation of LLMs in the clinical domain. It is now widely acknowledged in the current
regulatory and ethical framework that the role of LLMs is not that of decision-makers, but rather
as decision-support tools, particularly in high-risk domains such as healthcare. The recent
guidelines emphasize the role of LLMs in terms of ensuring the safety of the patient, as well as
the role of monitoring the performance of the LLMs in the clinical domain.

The integration of Al tools such as Claude Al into pharmacy practice highlights the evolving
role of pharmacists as “Al-enabled medication safety leaders”. Skills in informatics, data
literacy, and critical appraisal of Al outputs will become increasingly important in PharmD
curricula and continuing professional development. Al can also facilitate training through
simulated ADR cases and decision-support scenarios.

7. Recommendations

Artificial intelligence integrated into pharmacovigilance will further enhance the real-time
detection of adverse drug reactions across the hospital, outpatient, and community pharmacy
settings. Al tools and chatbot interfaces can boost both patient safety and expanded access,
provided there is pharmacist oversight for ethical use. Embedding Al literacy into the curricula
of the PharmD program and performance validation through multicentre studies will enable the
construction of generalizable, long-term safety outcomes.

8. Limitations
Several limitations of the research:

This single centre study offered evidence of the beneficial impact of Claude Al on the detection
and documentation of ADRs, yet the results have very limited generalizability because of the
number of patients included and how the results have been evaluated based on past practices.
The results are also dependent on the configuration of the Al system itself and the fact that the
end results concerning cost-effectiveness or reduction of morbidity have not been evaluated.
The absence of a formal power calculation limits the precision of effect estimates and warrants
cautious interpretation of performance metrics.
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Economic impact, long-term morbidity reduction, and cost-effectiveness analyses were beyond
the scope of this study.

9. Future Directions

The advancement of Claude Al in pharmacovigilance needs to involve robust multicentric
trials, convergence of different streams of data, and use of explainable Al in increasing trust
levels in clinicians. Simultaneously, apart from assessment in economic values, Al-centric
training in PharmD courses will help in ensuring not only its effectiveness but also its ethical
applications in pharmacovigilance.

10. Conclusion

Claude Al when integrated into EHR systems and pharmacy practice workflows, can
substantially enhance pharmacovigilance by enabling real-time ADR detection, prioritization,
and documentation. In this prospective observational study of 220 inpatients receiving
polypharmacy, Al-assisted pharmacovigilance improved ADR detection sensitivity,
significantly reduced time to detection, and enhanced the completeness of ADR reports.
Clinical pharmacists utilized Al alerts and insights to implement timely interventions, optimize
medication safety, and reinforce adherence to safety protocols.

Al should be regarded as a powerful ally in pharmacovigilance rather than a replacement for
human expertise. A carefully designed human-in-the-loop framework ensures that the strengths
of Al speed, scalability, and pattern recognition are complemented by pharmacists’ clinical
judgment, contextual understanding, and patient-centred care.

Continued research, rigorous evaluation, and ethical deployment of Al tools such as Claude Al
have the potential to transform ADR detection and pharmacovigilance, thereby advancing the
quality and safety of pharmacotherapy in modern healthcare.
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