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A B S T R A C T

Background: The use of multiple medications increases the risk of harmful drug-drug interactions (DDIs). Con
ventional DDI screening databases vary in coverage and often trigger low-relevance alerts, contributing to alert 
fatigue. Large language models (LLMs) have emerged as potential tools for DDI identification, however, their 
performance compared to established databases using real-world patient data remains under-explored.
Methods: In this exploratory study, we compared conventional database screening with LLM-based screening 
using anonymized medication lists from rheumatology patients. Lexicomp, Medscape and Drugs.com were used 
to compile a reference set of 204 clinically relevant interactions across 57 cases. Using identical prompts, we then 
queried ChatGPT, Google Gemini and Microsoft Copilot for interactions potentially requiring pharmacists’ 
intervention. We calculated sensitivity, specificity, precision and F1 score.
Results: Compared to the reference set of 204 DDIs, ChatGPT identified 439, Gemini 1556, and Copilot 1813 
potential interactions. While Gemini achieved the highest sensitivity (0.697), ChatGPT demonstrated higher 
specificity (0.868). All three platforms demonstrated low precision scores. Overall, ChatGPT achieved the highest 
performance by F1 score (0.2520), followed by Gemini (0.1933) and Copilot (0.1153). Our results suggest that no 
AI systems assessed achieve the required balance of precision and sensitivity for reliable clinical decision-making 
in DDI screening.
Conclusion: Although LLMs show promise as complementary tools in DDI screening, as they proved effective in 
identifying true interactions, they generate clinically inaccurate information due to hallucinations, which limits 
their reliability as standalone screening tools. Consequently, while LLMs could support clinical pharmacists in 
polypharmacy management, their outputs must always undergo professional validation to ensure patient safety.

1. Introduction

Polypharmacy, the regular use of multiple medications at the same 
time, is increasingly common, especially among older adults, creating 
heightened risk for drug–drug interactions (DDIs). The identification 
and management of DDIs represents a critical component of patient care 
and pharmacy services. However, conventional online drug interaction 
screening databases (e.g. Drugs.com Drug Interaction Checker) or 
interaction checkers integrated into pharmacy information management 

systems often vary in comprehensiveness, consistency, and clinical 
relevance.1,2 Additionally, the excessive number of drug interaction 
warnings of low clinical significance may result in cognitive overload 
and alert fatigue. In practice, this high volume and variability of alerts 
can lead to missed critical interactions or unnecessary medication 
changes, compromising patient safety and therapeutic outcomes. Recent 
studies emphasize that even well-established databases may overlook 
relevant interactions or present conflicting categorizations, further 
challenging clinical pharmacists’ ability to make informed decisions.3,4
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These longstanding challenges and limitations of traditional screening 
tools highlight the need for more advanced and adaptable solutions. 
Artificial intelligence (AI) is rapidly transforming healthcare, with AI- 
powered tools emerging as promising complementary solutions for 
clinical decision support, diagnostics, and personalized medicine.5,6
Within pharmacy practice specifically, these technologies show marked 
promise for medication use review and medication reconciliation, 
particularly when addressing complex polypharmacy regimens. These 
tools use large language models (LLMs) with natural language process
ing ability and leverage large-scale biomedical data to potentially pro
vide more adaptive and clinically nuanced DDIs assessments.7–9
Multiple recent studies have shown that mainstream generative AI 
models, such as ChatGPT, Google Gemini (formerly Bard), and Microsoft 
Copilot (formerly Bing AI), can provide guidance and recommendations 
when asked about acquiring medications via the internet, as well as 
recognizing and classifying drug interactions with differing levels of 
performance and correctness.10–13 Although emerging evidence sup
ports the potential of generative AI in pharmacy practice, early in
vestigations revealed that the performance of AI models vary 
significantly depending on the platform and the framing of prompts, 
highlighting the need for structured benchmarking against conventional 
databases.14,15

Despite this variability, many healthcare professionals including 
clinical pharmacists are beginning to integrate these tools into their 
workflows.16 Familiarity with digital technologies and commitment to 
evidence-based, rapid decision-making position make young healthcare 
professionals as early adopters of AI tools in clinical settings.17 Studies 
have shown that pharmacy professionals, predominantly those in aca
demic or hospital settings, are increasingly engaging with AI tools to 
assess interactions, improve patient counseling, and streamline clinical 
workflows.18,19 The evolving expectations of modern healthcare, 
combined with the increasing complexity of polypharmacy, further 
amplify the appeal of AI-enhanced solutions for clinicians20 and phar
macists as well. Nevertheless, despite growing adoption, studies on 
comparative performance evaluation of mainstream LLM-based chatbot 
platforms against established databases with real-world data remain 
scarce. This study addresses the gap by comparing the performance of 
conventional DDI databases versus AI chatbots using real-world poly
pharmacy patient data for structured, comparative benchmarking. We 
focus on clinically relevant drug interactions to evaluate the reliability 
and practical utility of these AI tools in supporting safe medication 
therapy management.

2. Methods

2.1. Patient data and ethical considerations

To determine eligibility for subsequent AI testing, preliminary DDI 
screening was performed on anonymized medication lists from 80 
rheumatology patients included in our previously published cross- 
sectional observational study (sum = 661 medication; average = 11.6 
medication/medication list; 89.5 % polypharmacy prevalence).3 The 
institutional ethical review board approved the original data collection, 
and because all patient data were de-identified for this study, additional 
ethics approval was not required as no personal or identifiable infor
mation was accessed or analyzed.

2.2. Drug interaction database selection and DDI classification

To establish a reliable baseline for evaluating AI model performance, 
we utilized three widely recognized drug interaction databases: the 
UpToDate Lexicomp database (Wolters Kluwer Clinical Drug Informa
tion), the Medscape drug interaction checker (WebMD LLC.), and Drugs. 
com database (Drugsite Limited).21–24 Throughout this study, the use 
of drug interaction screening databases is referred to as the standard or 
conventional method. Since relying on a single DDI source may yield 

inconsistent or incomplete results due to variations in database coverage 
and interpretation,3,25–27 each medication list was checked across all 
three databases, and the interaction results were systematically docu
mented according to each database’s DDI severity category 
classifications.

2.3. DDI database category unification technique and medication list 
selection

Since these databases use different nomenclatures for DDI severity 
categorization, we consolidated the categories into a unified binary 
system to enable comparison. These included a “Clinically relevant” and 
a “Clinically NOT relevant” category (consisting of minor interactions 
requiring no action, and instances of no interaction) to enable compar
ison (Table 1.).

Database DDI results were paired with the relevant unified category, 
and we considered a DDI clinically relevant only if all three databases 
identified it with consensus. The remaining drug pairs were classified as 
“Clinically NOT relevant”. With these consensus interactions, we con
structed our reference database for AI comparison.

Following database screening, the medication lists were included in 
the AI analysis only when there was consensus across databases for at 
least one clinically relevant interaction pair, or when all databases 
agreed on flagging no interactions at all.

2.4. Artificial intelligence platforms

To ensure broad relevance and generalizability, the evaluated AI 
platforms were selected based on market share and size of their user base 
at the time of data collection in April 2025.28 We evaluated OpenAI’s 
ChatGPT (GPT-4 model), Google’s Gemini 2.0 (Flash edition), and 
Microsoft Bing’s Copilot, using the latest available versions at the time of 
investigation. All platforms were accessed using identical prompts to 
maintain objectivity.

2.5. Prompt development

We aimed to ensure clinical relevance during prompt development 
by mirroring the language and perspective a healthcare professional 
might use when assessing potential drug interactions. The prompt 
incorporated common categorizations used in reference databases with 
the following instruction:

“List those interactions that require intervention by a healthcare profes
sional, such as a clinical pharmacist, when reviewing medication use, because 
they are categorized as ‘Avoid combination,’ ‘Consider therapy modifica
tion,’ ‘Use alternative,’ or ‘Monitor therapy’ drug interactions.”

This phrasing was designed to focus on interactions that typically 
require professional oversight and intervention. Beside this instruction 
prompt, each query contained the medication list in form of active 
pharmaceutical ingredients (APIs) using their international nonpropri
etary names (INNs). We deliberately requested no explanations or jus
tifications, requesting each AI to provide only a list of clinically relevant 
interaction pairs that require professional intervention. Since the AI 

Table 1 
Unified categorization of DDI severity across databases.

UpToDate Lexicomp Medscape Drugs.com Unified 
categories

Avoid combination Serious - Use 
alternative Major Clinically 

relevant

Consider therapy 
modification

Monitor therapy
Significant - Monitor 

closely Moderate

No action needed Minor Minor
Clinically NOT 

relevantNo known interaction No interaction
No 

interaction
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platforms generated responses automatically and independently without 
human interpretation during output generation, blinding procedures 
were not applicable. All AI platforms provided definitive interaction lists 
for each medication list, with no inconclusive or missing data encoun
tered during data collection.

2.6. Data analysis

Model outputs were benchmarked against the reference baseline 
created by using conventional databases (Lexicomp, Medscape, Drugs. 
com) by the study investigators (licensed pharmacists). For each indi
vidual medication list, the total number of clinically relevant DDIs re
ported by each AI was recorded to determine the number of true 
positives (TP), and false positives (FP). False negative (FN) values were 
calculated from reference baseline values minus TP. True negative (TN) 
values were calculated from the theoretical maximum of possible pair
wise interactions minus the sum of TP, FP and FN values for each given 
case. Using these values, we calculated the following performance 
metrics: sensitivity, specificity, precision, and F1 score for individual 
medication lists and then calculated the mean value of these metrics to 
assess the performance of the AI platforms. Detailed description of 
performance metrics for assessing AI based DDI classification is avail
able in Supplement 1.

2.7. Statistical analysis

To compare the performance of the three AI platforms across mul
tiple evaluation metrics, non-parametric statistical tests were employed 
due to violations of normality as assessed by the Kolmogorov-Smirnov 
test. Specifically, the Friedman test was used to detect overall differ
ences among the models for sensitivity, specificity, precision, and F1 
scores. When the Friedman test indicated significant differences, post- 
hoc pairwise comparisons were conducted using the Wilcoxon signed- 
rank test. Statistical analyses were performed using SPSS version 28 
(IBM Corp.) software. All analyses were performed on a within-subjects 
basis using data from 57 matched cases, and statistical significance was 
determined at an alpha level of 0.05 (two-tailed). These non-parametric 
approaches ensured robust comparison of model performance despite 
non-normal distribution characteristics in the data.

2.8. Reporting guideline compliance

This study was designed and reported following the Standards for 
Reporting Diagnostic Accuracy Studies (STARD 2015) guidelines to 
ensure transparent and comprehensive reporting. Since the STARD-AI is 
currently under development and not yet finalized,29 STARD 2015 
represents the most appropriate available framework for evaluating AI- 
based drug-drug interaction screening.30 For this purpose, the artificial 
intelligence platforms (ChatGPT, Gemini, and Microsoft Copilot) served 
as the evaluated index tests, while our drug-drug interaction classifica
tion dataset derived from conventional screening databases (Lexicomp, 
Medscape, and Drugs.com) served as the reference standard.

3. Results

3.1. Identification of all DDIs using the conventional method

The UpToDate Lexicomp database reported 554 interactions, classi
fied as follows: 14 labeled “Avoid combination”, 102 as “Consider 
therapy modification”, 347 as “Monitor therapy”, and 91 as “No action 
needed”. The Medscape drug interaction checker yielded 740 DDIs, 
comprising of 77 “Serious-Use alternative”, 450 “Monitor closely”, and 
213 “Minor” interactions. The Drugs.com interaction checker identified 
835 DDIs, including 168 “Major”, 598 “Moderate”, and 69 “Minor” in
teractions. We identified a total of 2129 DDI signals across the three 
conventional drug interaction screening databases, for all potential DDI 

severity categories and including duplicates. The number of DDIs 
identified with different categories and as a total number are shown in 
Table 2. Collectively, the conventional databases flagged 1756 clinically 
relevant DDIs that require professional intervention.

3.2. Identification of clinically relevant DDIs and medication lists

There were substantial discrepancies among the three databases 
regarding the nomenclature and classification of DDIs. As described in 
the Methods section, we unified the interaction categories and identified 
DDIs that were consistently classified in the’Clinically relevant’ unified 
category across all three sources. After applying our unified categori
zation and matching process, we identified 204 DDIs classified as clin
ically relevant across 57 medication lists (reference standard). In case of 
the remaining 23 medication lists there was not a single drug-drug 
interaction with a consensus in the categorization of clinical relevance 
among the three selected conventional databases.

3.3. Identification of clinically relevant DDIs using AI platforms

Using the 57 individual medication lists, we then assessed the drug 
interaction screening capabilities of the three AI platforms against our 
reference standard. The AI platforms collectively flagged a total of 3808 
DDI signals that require intervention. ChatGPT flagged the fewest clin
ically relevant DDIs, with 439 interactions requiring intervention. 
Gemini flagged 1556, while Microsoft Copilot reported the highest 
number, flagging 1813 interactions.

3.4. Performance evaluation of AI platforms

Besides the comparison of the number of clinically relevant DDI 
alerts in the different databases and platforms, we aimed to compare the 
performance of ChatGPT, Gemini and Copilot against the reference 
standard. Previous studies typically compared AI platforms to interac
tion databases based on drug-drug interaction pairs, not real-world 
medication lists (Supplement 2.). We calculated sensitivity, specificity, 
precision, and F1 score, along with the mean value of these metrics, to 
assess how effectively each AI platform identifies clinically relevant 
drug-drug interactions.

The Friedman test revealed significant differences among the models 
across all performance metrics (sensitivity, specificity, precision, F1 
score), demonstrating that the models differ substantially in both indi
vidual and combined aspects of performance (p < 0.001). The results of 
performance evaluations are summarized in Table 3 and Fig. 1.

Assessment of performance evaluation (Table 3.) metrics and pair
wise comparisons using the Wilcoxon signed-rank test revealed distinct 
strengths, limitations, and performance trade-off patterns across the 
three AI platforms, with potential implications for DDI screening clinical 
decision-making. For sensitivity, Gemini achieved the highest mean 
score (M = 0.6966), significantly outperforming both Copilot (M =
0.5863, p = 0.021) and ChatGPT (M = 0.4683, p < 0.001). This finding 
indicates that Gemini demonstrates superior capability in detecting 
actual drug interactions, correctly identifying approximately 20 % more 
clinically relevant DDIs than ChatGPT. ChatGPT demonstrated superior 
specificity (M = 0.8683), with significantly fewer false positives relative 
to true negatives than both Gemini (M = 0.5995, p < 0.001) and Copilot 
(M = 0.4295, p < 0.001). This high specificity indicates that ChatGPT 
correctly identifies approximately 87 % of non-interacting drug pairs as 
safe, compared with 60 % for Gemini and 43 % for Copilot. However, the 
dataset is highly imbalanced in the context of DDI screening, with an 
extreme number of true negative drug pairs and a relatively high 
number of false positive signals. Therefore, relying solely on specificity 
as a unique performance metric can be misleading, as it may over
estimate the practical utility of the model. Although ChatGPT again 
outperformed the others (M = 0.1937) in terms of precision score, 
significantly exceeding Gemini (M = 0.1297, p = 0.002) and Copilot (M 
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= 0.0738, p < 0.001), all three platforms demonstrated notably low 
precision scores, indicating that the majority of flagged interactions 
were false positives. For example, the 19 % precision of ChatGPT means 
that only approximately 1 in 5 warnings represents a true interaction, 
whereas Copilot’s 7 % precision translates to approximately 13 false 
alarms for every detected DDI. This generally high false positive rate of 
AI platforms could lead to unnecessary alerts and clinical interventions. 
The F1 score balances both detection capability and warning accuracy. 
ChatGPT achieved the highest overall performance by F1 score (M =
0.2520), followed by Gemini (M = 0.1933, p = 0.015) and Copilot (M =
0.1153, p < 0.001). Our study results indicate suboptimal overall per
formance across all platforms and suggest that none of the evaluated AI 
systems achieve the balanced precision-sensitivity performance neces
sary for reliable clinical decision support in drug interaction screening. 
Such low F1 scores reflect the inherent challenge of the highly imbal
anced nature of drug interaction detection, where clinically relevant 
interactions represent a small fraction of all possible drug combinations.

4. Discussion

The potential impact of AI in healthcare is significant, especially in 
the area of clinical decision support, patient safety, DDI identification 
and prediction, and pharmacovigilance.31 The ability of AI-based so
lutions to analyze large, complex datasets, and detect patterns that 
humans might overlook is a key advantage for the assessment of 
DDIs.8,32,33

Our study builds upon this emerging evidence by systematically 
evaluating performance metrics across LLMs using real-world patient 
medication lists rather than isolated drug pairs and hypothetical patient 
profiles, which is a more clinically relevant approach that gives a better 
representation of real-world performance of these mainstream AI 
chatbots.

Our results show that while these chatbots can identify drug in
teractions in patients taking multiple medications, their performance 
varies widely with profound clinical implications. The higher sensitivity 
of Gemini makes it more suitable for safety-critical screening where 
missing interactions could have severe consequences, though its lower 
specificity may overwhelm clinicians with false alerts. Conversely, 
precision and F1 scores were uniformly poor across all AI platforms, 
indicating that current mainstream AI platforms are not yet ready, nor 
highly reliable for drug interaction screening in clinical practice. In 

particular, much higher precision is essential to minimize false positives, 
prevent alert fatigue and maintain clinical workflow efficiency.

Comparing studies on AI chatbot performance specific to DDI 
detection is challenging due to heterogeneous methods and outcome 
measurement.31 Seventeen such studies have been published over the 
last few years, highlighting a growing but still limited body of research 
in this area.4,8–12,14,15,18–20,34–39 These publications consistently 
demonstrate that the accuracy of LLMs can vary significantly. While 
some studies have shown that AI platforms can identify most in
teractions, they also generate a considerable number of false positives. 
For instance, Sicard et al. found that ChatGPT and Claude achieved 
approximately 99 % sensitivity for known adverse drug reaction- 
associated DDIs, yet their specificity remained low (between 0.64 and 
0.68), leading to frequent misclassification of negative controls as in
teractions.39 Similarly, a 2024 study showed that ChatGPT-4.0 out
performed ChatGPT-3.5 in terms of overall accuracy but still exhibited 
low sensitivity. These findings, summarized in the Supplementary ma
terial (Table S1), underscore the need for further optimization of AI 
models before they can reliably support clinical pharmacy decision- 
making.10,11

It is important to note that the use of real medication lists, stan
dardized drug pairs, or fixed drug pairs can affect the results. Radha 
Krishnan et al.’s 2024 study found that ChatGPT 3.5 exhibited a sensi
tivity of 24 % or less when given real patient profiles.10 In our study, 
ChatGPT demonstrated a sensitivity of 47 % when evaluating 57 real 
patient medication regimens, which is notably lower than the 91.5 % 
observed with professional curated lists.4 Other studies have also found 
higher sensitivity on simple benchmarks than on clinical profiles (see 
Supplementary File 2).

However, AI platform performance varied not only in complex sce
narios with multiple medications, but also when assessing controlled 
drug-pairs. Al-Ashwal et al. (2023) found that ChatGPT 3.5 achieved an 
accuracy of only 47 %, compared to 79 % for Bing/Copilot. Meanwhile, 
Aksoyalp and Erdoğan (2024) reported sensitivities and specificities of 
91 % and 97 % respectively, for ChatGPT 3.5 on 78 clopidogrel-specific 
DDIs. Overall, the literature echoes the cautious tone of our study. 
Currently, no LLM matches the performance of clinical DDI screenings, 
even when sensitivity is adequate, precision remains poor and halluci
nations occur. These limitations are largely due to the fact that LLMs and 
AI chatbots were not specifically designed and trained for healthcare 
applications. They were trained to acquire general reasoning abilities 
based on publicly available data, which means they lack curated, 
context-specific knowledgebase required for reliable clinical decision- 
making.6,40,41 Furthermore, these models can introduce new errors 
through hallucinations. A striking example from Bischof et al. analysis 
occurred when ChatGPT falsely classified a magnesium supplement as 
an antacid, leading it to incorrectly conclude it affects the absorption of 
the immunosuppressant mycophenolate mofetil. Similar to some data
bases, LLMs can also struggle with APIs and drug classes, incorrectly 
attributing the specific characteristics of a single drug (e.g., a specific 
statin) to its entire therapeutic drug class.15 These examples again 
highlight the need for professional oversight over AI tools used in clin
ical context.39,42–44

DDIs are a well-recognized cause of adverse drug events and 
analyzing them has become increasingly complex. This complexity is 
due to the vast number of available drugs and supplements, the rise of 

Table 2 
The number of DDIs and their categorization identified with the conventional method.

UpToDate Lexicomp Medscape Drugs.com Unified 
categories

Avoid combination 14 Serious - Use alternative 77 Major 168
Clinically relevant 1756Consider therapy modification 102

Monitor therapy 347 Significant - Monitor closely 450 Moderate 598
No action needed 91 Minor 213 Minor 69 Clinically NOT relevant 373

Table 3 
Mean diagnostic performance metrics and comparative analysis of all AI 
platforms.

Metric ChatGPT 
Mean score 

(±SD)

Gemini 
Mean score 

(±SD)

Copilot 
Mean score 

(±SD)

Friedman χ2 (df 
= 2), p

Sensitivity
0.4683 

(±0.3907)
0.6966  

(±0.4095)
0.5863 

(±0.4655)
14.552, 0.001

Specificity 0.8683 
(±0.1460)

0.5995 
(±0.2676)

0.4295 
(±0.3855)

59.760, <0.001

Precision
0.1937 

(±0.1680)
0.1297 

(±0.1247)
0.0738 

(±0.0807) 38.233, <0.001

F1 score
0.2520 

(±0.2006)
0.1933 

(±0.1594)
0.1153 

(±0.1166) 38.714, <0.001
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specialty medications (like targeted therapies and monoclonal anti
bodies, orphan drugs), the growing prevalence of polypharmacy and 
multimorbidity in an ageing population,45 and the inherent limitations 
of current screening tools.46 Previously we found that Drugs.com per
formed better for targeted therapy drug-drug interactions, while Upto
Date Lexicomp identified more drug-supplement interactions.3,25–27
Other key limitations of conventional DDI screening include incomplete 
coverage of all commercially available health products and their APIs, 
ineffective handling of synonyms, and lack of visualizing features for 
interaction networks to identify core medicines that could be substituted 
to non-interacting alternatives, thereby preventing severe complications 
during polypharmacy.3,47,48

While LLM-based chatbots like ChatGPT show potential to enhance 
decision-making processes by overcoming some of the barriers existing 
in nowadays DDIs screening (e.g. nomenclature issues, product avail
ability issues, etc.), and even offering user-friendly explanations or 
simplifying complex interactions, significant risks remain. Our findings 
support this caution. The lack of continuous, real-time updates and 
formal clinical validation means that over-reliance on AI chatbots 
without pharmacist consultation can lead to serious drug related prob
lems, especially when evaluating complex cases or scenarios.4,7,10,18

4.1. Strengths and limitations

Our research has several strengths, including the use of real-world 
patient data and a large sample size to represent clinical practice. By 
selecting multiple AI platforms and focusing objectively on clinically 
relevant potential DDIs, our study contributes to previous literature in 
this field. However, several limitations must be acknowledged. We did 
not include data on the effects of potential DDIs on patients and did not 
perform a holistic assessment of the standardized medication lists. We 
did not perform supplement-drug interaction screening, as our meth
odology required potential DDIs to be present in multiple databases, a 
criterion that conventional drug interaction screening databases often 
fail to meet. The generalizability of our results is limited by specific cases 
and the choice of LLMs. As drug interaction literature and AI technol
ogies evolve rapidly, our cross-sectional study provides only a snapshot 
of LLM performance at the time of investigation.

5. Conclusion

LLMs show significant promise as complementary tools for DDI 
screening, particularly in managing varying drug nomenclature and 
synonyms, areas where traditional standard database screening 

Fig. 1. Radar graph visualizing the mean performance metrics of AI platforms.
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platforms often struggle. Our findings demonstrate that LLMs are 
effective at identifying true drug interactions, however, several limita
tions prevent their adoption in everyday clinical application for 
screening potential. Most importantly, LLMs frequently generate clini
cally inaccurate information due to hallucinations, which could create 
patient safety risks. Additionally, AI chatbots may fail to identify clini
cally relevant potential DDIs, resulting in critical errors and in
consistencies in the outcomes. Moreover, the use of AI with patient 
information requires careful consideration of data ethics, patient pri
vacy, and management of inaccurate and hallucinatory 
responses.10,42–44 Evaluating the performance of LLMs as DDI tools 
remains challenging when studies use inconsistent methods and metrics, 
leading to methodological and interpretation biases. To improve 
comparability, we recommend using real-world medication-use data, 
interactions verified by multiple sources, standardized severity cate
gories, and balanced metrics like the F1 score that account for both 
sensitivity and precision. Further research with standardized method
ologies and comparable outcome metrics is needed to validate AI chat
bots in controlled clinical settings to establish appropriate frameworks 
for using these technologies for polypharmacy management. Until these 
validations are achieved, mainstream AI platforms should be considered 
only as novel experimental tools that require supervision and fact- 
checking using established standard databases and cannot replace the 
clinical judgment of pharmacists and healthcare professionals.
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