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ABSTRACT 

Objective: Electronic drug information resources are widely accessible and commonly used by healthcare professionals for identifying drug-drug 
interactions (DDIs). With the rapid advancements in artificial intelligence (AI), AI-powered chatbots have demonstrated their potential in detecting 
DDIs. However, variations exist in the scope, completeness, and consistency of information provided by different resources. This study aims to 
conduct a comparative evaluation of drug interaction databases and AI chatbots to assess their reliability in DDI identification. 

Methods: A total of three databases, namely Lexicomp, Drugs.com, DrugBank and AI-powered chatbots such as ChatGPT, Copilot and Gemini were 
used for comparative evaluation. The percentage of interactions that had an entry in each drug information resource was used to score each 
resource for scope. For each resource that described clinical effects, severity, mechanism, clinical management, and risk factors, a completeness 
score was calculated. The consistency of the information was assessed using the Fleiss' Kappa (κ) score, estimated with the Statistical Package for 
the Social Sciences (SPSS), version 29.0 (IBM, USA). 

Results: A total of 150 drug pairs were selected in the present study. The scope score was highest (100%) for Lexicomp, ChatGPT and Gemini. The 
completeness score was highest (100%) in all the AI-powered chatbots, followed by Drugs.com (90%) and Lexicomp (85.2%). Fleiss' kappa 
coefficient was used to determine the inter-resource agreement on DDI severity classification and the overall agreement was categorized as fair 
(κ=0.28, p<0.001). Cohen’s kappa coefficients were calculated to evaluate pairwise agreement among the resources and the overall mean kappa 
coefficient (κ=0.51, p<0.01) indicated a moderate level of agreement among the resources. 

Conclusion: Significant differences amongst the resources were observed in terms of severity classification. Using Lexicomp as reference, accuracy 
assessment was done and variable sensitivity, specificity, and predictive values among resources were observed. A moderate overall agreement in 
the inter-resource agreement on DDI presence-absence, with traditional databases showed stronger pairwise agreement than AI chatbots. 
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INTRODUCTION 

Cardiovascular diseases (CVDs) and diabetes mellitus (DM) are 
leading causes of morbidity and mortality worldwide, often 
coexisting in patients and necessitating polypharmacy for optimal 
disease management. The concomitant use of cardio-diabetic 
medications increases the risk of Drug-Drug Interactions (DDIs), 
which may lead to Adverse Drug Reactions (ADRs), reduced 
therapeutic efficacy, or enhanced toxicity. Identifying and mitigating 
these interactions is crucial for ensuring patient safety and 
optimizing clinical outcomes [1]. 

According to a report from the World Health Organization, around 
1.28 billion adults worldwide between the ages of 30 and 79 suffer 
from hypertension [2] The International Diabetes Federation 
estimated that 537 million adults had diabetes in 2021; by 2030, 
that fig. is expected to increase to 643 million, and by 2045, it will 
reach 783 million [3]. 

Diabetes and hypertension often occur together due to shared 
underlying pathogenic mechanisms. The coexistence of these 
conditions is not by chance. People with diabetes have twice the risk 
of having hypertension as people without the disease, and people 
with hypertension have a higher chance of developing diabetes than 
people with normal blood pressure [4]. Studies show that 20% of 
patients with hypertension also have diabetes, while more than 50% 
of those with diabetes also have hypertension [5]. 

Several medications are used in tandem to manage both diabetes 
and hypertension together. Risk factors such as gender, advanced 
age, multiple pharmacological therapy, and length of hospital stays 

influence the likelihood of DDIs in patients with such comorbidities. 
According to research, the potential DDIs linked to a particular 
antihypertensive or antidiabetic treatment vary depending on the 
patient's physiological characteristics, the condition being treated, 
and the level of drug exposure [6]. 

In the past, pharmacology textbooks or standard electronic drug 
information (DI) resources like drug databases and clinical decision 
support systems (CDSS) have been used by medical professionals to 
recognize and handle DDIs [7]. Information on drug interactions, 
including severity ratings and clinical management techniques, is 
organized and supported by evidence in these resources [8]. These 
resources frequently have restrictions despite their worth. They 
might not always reflect the subtleties of specific patient 
characteristics that can affect the clinical importance of a DDI, such 
as age, comorbidities, and genetic predispositions [9]. Additionally, 
the sheer amount of data in databases can be daunting, making it 
difficult for physicians to effectively and efficiently evaluate the 
overall risk of DDIs in intricate polypharmacy regimens [10]. 
However, new methods that promise to improve DDI identification 
and management using sophisticated data analytics and (ML) 
algorithms have been presented by the quick advances in artificial 
intelligence (AI) [11]. 

Recently, in order to improve the detection of ADRs and DDIs, AI has 
been integrated into pharmacovigilance systems [12, 13]. Studies 
have shown the capability of Large Language Models (LLMs) 
including chatbots to extract the information from biomedical 
literature, regulatory reports, and electronic health records. These 
chatbots can rapidly detect and analyze DDIs [14, 15]. ultiple 
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previous investigations have revealed the ability of chatbots in 
identifying and detecting therapeutically important DDIs [16, 17]. A 
comparative analysis studied the performance of AI-driven and 
traditional drug interaction software and concluded that AI systems, 
particularly ChatGPT-3.5, demonstrate significant potential to 
identify DDIs. Nevertheless, the study also indicated some 
restrictions, i. e., intermittent nature of the errors and partial 
mechanistic elucidation [18]. Another recent study contrasted the 
performance of ChatGPT-3.5 in DDI detection. The results indicated 
that the model's sensitivity significantly varied depending on the 
prompt wording style, with better performance when the words 
"drug interaction" were explicitly written. In spite of this, ChatGPT-
3.5 yielded low true positive and high true negative rates [14]. 

Despite their encouraging performance, the reliability of AI-
generated drug interaction data remains to be validated against 
established authoritative databases. These findings highlight the 
need to assess AI chatbots for their scope, completeness and 
diagnostic accuracy in the detection of DDIs. The current study aims 
to address this gap by systematically comparing traditional DDI 
databases with newer AI-based tools in the context of cardio-
diabetic pharmacotherapy, a domain marked by high polypharmacy 
risk. 

MATERIALS AND METHODS 

Study design and site 

In order to assess how well traditional databases and AI tools 
identify and manage cardio-diabetic drug interactions, this study 
uses a systematic review and comparative analysis methodology. 
The study was carried out at drug information centre, department of 
clinical pharmacy and pharmacology, RAK College of Pharmacy 
(RAKCOP), RAK Medical and Health Sciences University 
(RAKMHSU), Ras Al Khaimah, United Arab Emirates. 

Ethical considerations 

Ethical approval was not necessary for this study because it is based 
on secondary data and does not involve human subjects. However, 
all DDI pairs were selected based on real-world clinical practice to 
ensure relevance and applicability to patient care. 

Selection of drug interaction pairs 

A systematic literature review was conducted to identify potential 
DDI pairs relevant to the pharmacological management of patients 
with both CVD and DM. The following inclusion and exclusion 
criteria were applied:  

The inclusion criteria for the study comprised drug pairs that involved 
at least one antihypertensive or one antidiabetic agent, with drug-drug 
interactions (DDIs) documented in standard pharmacological 
references and classified as clinically relevant. Additionally, only 
interactions supported by human-based evidence, such as clinical 
studies, case reports, or expert-reviewed references, were considered. 
On the other hand, the exclusion criteria ruled out drug pairs involving 
non-cardiovascular and non-diabetic medications, interactions 
derived solely from animal or in vitro studies, theoretical interactions 
lacking clinical consequence, and redundant pairs, such as different 
salts or forms of the same drug combination. 

Sources reviewed included clinical pharmacology textbooks, 
therapeutic guidelines, and indexed databases such as PubMed, 
Scopus, Web of Science. Search terms included combinations of: 
“cardiovascular drug interactions,” “antidiabetic DDIs,” 
“polypharmacy in diabetes,” “CVD-DM drug interactions,” and 
“clinical relevance of drug interactions. ”Following screening and 
expert committee review (comprising two academicians, one clinical 
pharmacist, one community pharmacist, and one physician), 150 
drug pairs were finalized for inclusion based on clinical frequency, 
severity, and prescribing relevance (fig. 1, table 1). 

 

 

Fig. 1: Selection process of drug interaction pairs 

 

Selection of databases and AI chatbots 

Databases 

Three established and widely used drug interaction databases were 
selected as comparators. Among these three databases, one was 
subscription-based (Lexicomp), while the other two, Drugs.com and 
DrugBank, were freely accessible. Lexicomp was selected as the 
reference standard due to its widespread clinical adoption, 
comprehensive interaction classification, and structured severity 
grading (major, moderate, minor). Lexicomp is frequently used in 
CDSS and hospital formularies globally and has been validated in 

previous drug interaction studies as a benchmark tool [18, 19]. 
Despite limitations such as subscription-based access that may 
restrict its availability in low-resource settings, Lexicomp remains 
one of the most authoritative and evidence-based DDI resources, 
making it a suitable gold-standard comparator for this study. 

AI Chatbots 

Three different AI chatbots were selected for evaluation. The 
selection criteria included availability, accessibility, and reported 
capabilities in providing drug information. The specific chatbots 
used were free version of ChatGPT, Copilot and Gemini. 
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Table 1: List of drug pairs studied 

Drug A Drug B 
Aliskiren Sacubitril   
Amiloride Azilsartan Olmesartan Spironolactone 
Amlodipine Azilsartan Atenolol Bisoprolol 

Carvedilol Prazosin  
Atenolol Clonidine Chlorthalidone Diltiazem 

Furosemide Losartan Nicardipine 
Telmisartan Torsemide Valsartan 
Verapamil   

Bisoprolol Chlorthalidone Furosemide Glibenclamide 
Glimepiride Glipizide Insulin aspart 
Rilmenidine   

Captopril Glibenclamide Losartan Metformin 
Spironolactone   

Carvedilol Canagliflozin Dapagliflozin Empagliflozin 
Furosemide Losartan Nicardipine 
Spironolactone Telmisartan Valsartan 

Chlorthalidone Losartan Metoprolol Metformin 
Telmisartan Valsartan  

Clonidine Metoprolol Prazosin  
Enalapril Eplerenone Furosemide Glimepiride 

Glipizide Glyburide Losartan 
Metformin Spironolactone Telmisartan 
Torsemide   

Furosemide Canagliflozin Dapagliflozin Empagliflozin 
Glimepiride Hydralazine Insulin glargine 
Lisinopril Metformin Metoprolol 
Ramipril Spironolactone Telmisartan 

Hydrochlorothiazide Atenolol Canagliflozin Dapagliflozin 
Empagliflozin Glimepiride Losartan 
Metformin Metoprolol Pioglitazone 
Telmisartan Valsartan  

Metoprolol Amlodipine Canagliflozin Dapagliflozin 
Diltiazem Empagliflozin Losartan 
Insulin glargine Prazosin Valsartan 
Verapamil Telmisartan  

Nebivolol Rilmenidine   
Ramipril Eplerenone Glimepiride Glipizide 

Losartan Metformin Spironolactone 
Torsemide Valsartan  

Spironolactone Azilsartan Candesartan Irbesartan 
Losartan Metformin Olmesartan 
Perindopril Telmisartan Valsartan 

Acarbose Glipizide Metformin Pioglitazone 
Gliclazide Linagliptin Metformin Vildagliptin 
Glimepiride Insulin Regular Linagliptin Metformin 

Pioglitazone   
Glipizide Canagliflozin Dapagliflozin Empagliflozin 

Metformin Pioglitazone  
Metformin Amlodipine Canagliflozin Dapagliflozin 

Empagliflozin Glibenclamide Insulin Regular 
Nifedipine Pioglitazone  

Insulin Glargine Canagliflozin Dapagliflozin Empagliflozin 
Insulin Regular Linagliptin Lisinopril Nebivolol HCl 

Telmisartan   
Insulin aspart Candesartan   
Canagliflozin Amlodipine Lisinopril Losartan 
Dapagliflozin Amlodipine Lisinopril Losartan 
Empagliflozin Amlodipine Lisinopril Losartan 
Glyburide Telmisartan   
Pioglitazone Nifedipine   

 

Standardization of AI chatbot queries 

To ensure consistency and minimize variability in responses, a 
standardized prompt was developed for querying AI-based chatbots. 
The questions asked in the prompt was prepared based on the 
information available in the Lexicomp. The prompt was carefully 
structured to elicit comprehensive DDI-related information, 
including severity classification, clinical effects, mechanisms, risk 
factors, and management strategies. The following standardized 
prompt was used across all chatbot queries for each drug pair:  

“Act as a database and explain the following drug-drug interaction-
related information:  

1. Is there an interaction between Drug A and Drug B? 

2. If yes, check for clinical effects, severity (major/moderate/minor), 
mechanism, clinical management, and risk factors.” 

This prompt was customized only by inserting the relevant drug pair 
(e. g., Metformin and Ramipril), and a new session was initiated for 
each query to avoid memory carryover in AI models [18]. 
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In cases where chatbots generated vague or unclear responses, a set 
framework was applied in order to maintain uniformity in 
methodology. For example, in response to query of some drug pairs, 
the chatbot generated answer such as “no direct interaction”. Such 
responses were recorded as “non-interacting”. The drug pair was 
marked as “interacting” only when it was clearly stated that there is 
an interaction between the two drugs. 

Drug-drug interaction evaluation process 

Each of the 150 DDI pairs was assessed using the selected DI 
databases and AI chatbots to evaluate their scope, completeness, and 
accuracy in identifying and characterizing DDIs [18, 20]. Each DDI 
pair was entered into each of the three databases, and three 
chatbots using standardized prompt. The standardized prompt used 
for DDI detection included the names of the two drugs in the pair 
and requested information about potential interactions. A new 
conversation was initiated for each drug interaction query [18]. The 
key information, such as clinical effects, severity, mechanism, clinical 
management, and risk factors retrieved from all the resources were 
recorded. 

The number of drug pairs with entries in each Drug Information (DI) 
resource was used to grade each resource for scope. The drug pairs 
were divided into three groups for scoring purposes, interacting 
drug pairs, (drug pairs with an interaction that was recorded in the 
provided DI resource), non-interacting drug pairs, (drug pairs 
without an interaction that was recorded in the provided DI 
resource), and not-listed drug pairs (drug pairs without an entry in 
the provided DI resource). Drug pairs in the not-listed category 
received a score of zero, while drug pairs that interacted and those 
that did not received a score of one [20]. 

To determine the completeness score, five factors were evaluated: 
the clinical effects, severity, mechanism, clinical management, and 
risk factors of the drug interactions that were found. For every 
component recorded, each interacting drug pair received a score of 
one. The total number of interacting drug pairings in that specific 
resource was then divided by the sum of the individual scores to 
determine the overall completeness score [20]. 

These datasets and the AI chatbots evaluating encounters were 
analyzed to ascertain their true positive (TP), true negative (TN), false 
positive (FP), and false negative (FN) values. Lexicomp (Wolters 
Kluwer, USA), was used as a reference database and accessed through 
the library of RAK Medical and Health Sciences University. If a drug 
interaction that is classified as major or moderate in Lexicomp is also 
classified as such in other databases, it is called a TP; if it is classified as 
minor or non-existent in other databases, it is called a FN. Conversely, 
a minor interaction found in Lexicomp is classified as FP if it is a 
major/moderate interaction in other databases, and as TNif it is a 
minor/no interaction in other databases [18]. 

Statistical evaluation 

The database's ability to consistently detect major or moderate drug 
interactions is known as sensitivity, while its ability to ignore minor 
interactions is known as specificity. The positive predictive value 
(PPV) is the probability that an interaction identified by the 
database is a significant interaction. The probability that 
interactions not found in the database are not significant is known 
as the negative predictive value (NPV). These metrics are widely 
used in pharmacovigilance. To evaluate the diagnostic performance 
of each resource, the following standard diagnostic metrics were 
calculated [16, 18]: 

Sensitivity = 
TP

TP+FN
 

Specificity = 
TN

FP+TN
 

PPV = 
TP

TP+FP
 

NPV = 
TN

TN+FP
 

These metrics provide a more nuanced and clinically relevant 
understanding of the tools' abilities to detect true interactions and 
avoid false alerts. Instead of using a composite “accuracy score,” 
each parameter was reported and interpreted independently to 
reflect real-world applicability. 

Sensitivity and PPV indicate how well a resource identifies and 
confirms clinically relevant interactions. Specificity and NPV 
measure the tool’s ability to rule out non-significant interactions, 
thereby avoiding false alarms [16]. 

Additionally, using Statistical Package for the Social Sciences (SPSS, 
version 29.0, IBM, USA), kappa (κ) coefficients were employed to 
evaluate the consistency of severity among the resources. The 
agreement among the databases and chatbots about the severity of 
drug interactions was evaluated using Fleiss' kappa coefficient. To 
compare the resources pairwise, Cohen's kappa coefficient was 
calculated [20, 21].  

A kappa coefficient of 0 denotes agreement that would be expected 
by chance,-1 denotes perfect disagreement, and 1 denotes perfect 
agreement. The value of kappa coefficient of<0.0 indicates poor 
agreement, 0.0-0.2 slight agreement, 0.21-0.40 fair agreement, 0.41-
0.60 moderate agreement, 0.61-0.80 substantial agreement, and 
0.81-1.00 near perfect agreement. The calculated p-value of kappa 
coefficients less than 0.05 denotes that the agreement between drug 
interaction tools and chatbots is unlikely to be due to chance [18]. 

The decision to employ both pairwise and overall agreement 
statistics was guided by the need to comprehensively evaluate the 
consistency and reliability of severity classifications across drug 
interaction tools. This dual approach allowed for quantification of 
internal consistency, highlighting the extent to which individual 
tools aligned with one another in categorizing interaction severity. 
Additionally, it facilitated the identification of specific resources that 
most frequently deviated from the reference standard, thereby 
pinpointing potential gaps in classification accuracy. These insights 
are critical for informing actionable recommendations regarding the 
clinical reliability of severity-based decision support systems and 
their utility in ensuring safe prescribing practices. 

RESULTS 

Scope score of the resources studied 

The scope score of the evaluated resources, which determines their 
ability to list interacting and non-interacting drug pairs, varied 
across databases and chatbots are seen table 2. All three chatbots 
(ChatGPT, Copilot, and Gemini) demonstrated the highest scope 
score of 100%, 99.33%, and 100%, respectively. ChatGPT and 
Copilot generated “no direct interaction” for 1 and 7 drug pairs 
respectively. Such responses were classified as “non-interacting” 
during the scope scoring process. Among the databases, DrugBank 
achieved a scope score of 97.33%, followed by Drugs.com at 94%, 
and Lexicomp with a full score of 100% (fig. 2). While all resources 
showed high coverage, chatbots demonstrated a more 
comprehensive scope in identifying drug interaction pairs with 
minimal omissions compared to traditional drug databases. 

 

Table 2: Scope score of the resources studied 

Resources No. of interacting 
drug pairs (X) 

No. of non-interacting 
drug pairs (Y) 

No. of drug pairs 
not listed 

Total No. of drug 
pairs [n= 150] 

Scope score 
(X+Y) 

Lexicomp 105 45 0 150 150 
Drugs. com 117 24 9 150 141 
DrugBank 122 24 4 150 146 
ChatGPT 145 5 0 150 150 
Copilot 137 12 1 150 149 
Gemini 150 0 0 150 150 
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Fig. 2: Percentage scope score of the resources studied 

 

Completeness score of the resources studied 

Completeness was evaluated by assessing the clinical effects, 
severity, mechanism, clinical management, and risk factors affecting 
DDIs. As depicted in table 3, chatbots consistently outperformed 
traditional databases, achieving a 100% completeness score across 
all parameters. Among databases, Drugs.com exhibited the highest 

completeness score of 90%, followed by Lexicomp (85.2%). 
DrugBank had a considerably lower completeness score of 61.6%, 
primarily due to its limited reporting on clinical management 
(2.46%) and risk factors (5.74%). These findings highlight a 
disparity in the comprehensiveness of information provided by drug 
interaction resources, with chatbots excelling in offering holistic 
data.

 

Table 3: Completeness score of the resources studied, (No. of interacting drug pairs [X]; Clinical effects [A]; Severity [B]; Mechanism [C]; 
Clinical Management [D]; Risk Factors affecting DDIs [E]) 

Resources X A (%) B (%) C (%) D (%) E (%) Overall 
completeness score 
[A+B+C+D+E/X] =Z 

Overall % 
completeness score 
[Z/5×100] 

Lexicomp 105 105 (100) 105 (100) 105 (100) 105 (100) 27 (25.71) 447/105 = 4.26 85.2 
Drugs.com 117 117 (100) 117 (100) 117 (100) 116 (99.14) 59 (50.43) 526/117 = 4.5 90 
DrugBank 122 122 (100) 122 (100) 122 (100) 3(2.46) 7 (5.74) 376/122 = 3.08 61.6 
ChatGPT 145 145 (100) 145 (100) 145 (100) 145 (100) 145 (100) 725/145 = 5 100 
Copilot 137 137 (100) 137 (100) 137 (100) 137 (100) 137 (100) 685/137 = 5 100 
Gemini 150 150 (100) 150 (100) 150 (100) 150 (100) 150 (100) 750/150 = 5 100 

 

Severity score of DDIs across different resources 

Severity categorization of DDIs revealed notable differences among 
resources mentioned in table 4. Among chatbots, Gemini reported the 
highest proportion of major interactions (27.33%), followed by Copilot 
(18.98%) and ChatGPT (15.86%). Conversely, traditional drug databases 
exhibited varied reporting trends: Drugs.com identified the highest 
percentage of major interactions (20.51%), whereas Lexicomp (13.34%) 

and DrugBank (12.30%) reported lower frequencies. The classification 
of interactions as moderate was predominant across all resources, with 
Lexicomp (83.80%) and ChatGPT (82.76%) displaying the highest 
proportion. Minor interactions were more frequently reported by 
DrugBank (24.59%) and Gemini (16.67%), suggesting a wider 
stratification of interaction severity. These variations imply potential 
inconsistencies in severity assessment across different resources, 
necessitating a standardized approach to classification. 

 

Table 4: Severity score of DDIs across different resources 

Resources Total severity (Number) Major n (%) Moderate n (%) Minor n (%) 

Lexicomp 105 14 (13.34) 88 (83.80) 3 (2.86) 
Drugs. com 117 24 (20.51) 90 (76.92) 3 (2.57) 
DrugBank 122 15 (12.30) 77 (63.11) 30 (24.59) 
ChatGPT 145 23 (15.86) 120 (82.76) 2 (1.38) 
Copilot 137 26 (18.98) 108 (78.83) 3 (2.19) 
Gemini 150 41 (27.33) 84 (56) 25 (16.67) 

 

Diagnostic performance of the resources studied 

Using Lexicomp as the reference standard, we evaluated the 
diagnostic performance of each drug interaction resource by 
calculating four key parameters: sensitivity, specificity, PPV, and 
NPV as shown in table 5. These metrics reflect the resources’ 
capacity to correctly identify (TP) or exclude (TN) clinically 
significant DDIs, specifically those classified as moderate or major. 

Among the AI-driven chatbots, ChatGPT showed the highest 
sensitivity (0.98), followed closely by Copilot (0.96) and Gemini 

(0.87). This indicates that AI tools are capable of detecting the 
majority of clinically relevant interactions. However, their specificity 
was notably.  

Low-particularly for Gemini (0.02) and ChatGPT (0.10)-indicating a 
high false-positive rate. 

Traditional databases showed more balanced but moderate  

specificity of 0.38, while DrugBank reported a sensitivity of 0.70 and 
specificity of 0.48. This reflects a more conservative detection 
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pattern with fewer false alerts but a greater likelihood of missing 
true interactions. 

The PPVs observed in the study ranged from 0.65 (Gemini) to 0.75 
(Drugs.com and DrugBank), while NPVs were highest for Copilot 
(0.73) and ChatGPT (0.71), reflecting their strength in confidently 
ruling out interactions when no alerts are raised. 

These results demonstrate a distinct performance trade-off: AI 
chatbots tend to favor sensitivity at the cost of specificity, often 
flagging more interactions—many of which may not be clinically 
meaningful. On the other hand, traditional databases, while avoiding 
over-alerting, may under-report significant interactions and 
compromise patient safety. 

Agreement analysis on interaction severity 

Fleiss' kappa coefficient was used to determine the inter-resource 
agreement on DDI severity classification (table 6). The overall agreement 
was categorized as fair (κ=0.28, p<0.001). Agreement on major 
interactions was slight (κ=0.15), indicating considerable variability in 
their classification across resources. For moderate interactions, the 

agreement was fair (κ=0.35), reflecting some level of consistency but still 
highlighting discrepancies. Minor interactions exhibited the lowest 
agreement (κ=0.10, p=0.12), suggesting significant inconsistency in their 
identification. These findings underscore the need for harmonized 
severity definitions across different DDI resources. 

Pairwise agreement on DDI presence and absence 

Cohen’s kappa coefficients were calculated to evaluate pairwise 
agreement among Lexicomp, Drugs.com, DrugBank, and chatbots as 
shown in table 7. The highest agreement was observed between 
DrugBank and Gemini (κ=0.71), followed by Drugs.com and 
DrugBank (κ=0.68). Lexicomp exhibited moderate agreement with 
DrugBank (κ=0.61) and Drugs. com (κ=0.52), while showing lower 
agreement with ChatGPT (κ=0.32), Copilot (κ=0.45), and Gemini 
(κ=0.58). The overall mean kappa coefficient (κ=0.51, p<0.01) 
indicated a moderate level of agreement among resources. However, 
the variation in pairwise agreement highlights inconsistencies in the 
detection of DDIs across resources, emphasizing the need for more 
standardized methodologies in drug interaction databases and 
chatbots.

 

Table 5: Diagnostic performance of drug interaction resources compared to lexicomp as the reference standard 

Resources TP FN TN FP Sensitivity Specificity PPV NPV 
Drugs. com 87 16 18 29 0.84 0.38 0.75 0.52 
DrugBank 73 30 23 24 0.7 0.48 0.75 0.43 
ChatGPT 100 2 5 43 0.98 0.1 0.69 0.71 
Copilot 98 4 11 37 0.96 0.22 0.72 0.73 
Gemini 89 13 1 47 0.87 0.02 0.65 0.07 

(TP: True Positive; FN: False Negative; FP: False Positive; TN: True Negative; PPV: Positive Predictive Value; NPV: Negative Predictive Value. 

 

Table 6: Fleiss' kappa coefficients for the interaction severity agreements of the resources studied 

Severity Kappa coefficient p-value Strength of agreement 
Major 0.15 <0.001 Slight 
Moderate 0.35 <0.001 Fair 
Minor 0.10 0.12 Slight 
Overall 0.28 <0.001 Fair 

 

Table 7: Cohen’s Kappa coefficients for pairwise agreement on DDI presence-absence 

 Lexicomp Drugs.com DrugBank ChatGPT Copilot Gemini 
Lexicomp  0.52 0.61 0.32 0.45 0.58 
Drugs. com   0.68 0.28 0.37 0.63 
DrugBank    0.41 0.49 0.71 
ChatGPT     0.56 0.33 
Copilot      0.65 
Overall mean Kappa 0.51<0.01 Moderate 

 

DISCUSSION 

Hypertension and diabetes mellitus are among the most prevalent 
chronic conditions globally. The present study was focussed on the 
clinically important and frequently prescribed antihypertensive and 
antidiabetic drug pairs, which makes this study different from the 
other studies done so far. Several studies have been published 
where the selection of drug pairs was limited to COVID-19 
medications in pregnancy and lactation [21], psychiatric drugs [22], 
oral oncolytics [23] and drug-ethanol drug-tobacco [24], etc.  

The comparison of LLMs with traditional DI resources is an emerging 
area of research. However, only a limited number of studies have 
explored the discrepancies between these LLMs and online drug 
databases in accurately identifying DDIs. Using natural language 
processing methods to help with DDI prediction and explanation has 
gained popularity in recent years [25, 26]. The three most commonly 
used Chatbots has been used in the present study. The three databases 
used in the study are most widely used in the clinical settings. One of 
these databases was Lexicomp, a subscription-based tool well known 
to perform best for detecting DDI [18, 23, 24]. Another important 

reason for selection of these databases was that all the databases 
classified severity as major, moderate and minor. This formed the 
basis to include severity as major, moderate and minor in the prompt 
for asking questions to the AI tools. 

The highest-scoring resource in terms of scope was Lexicomp 
among the other databases. This finding was similar to the other 
studies done previously [25-29]. On comparative analysis of 
databases and AI Chatbots it was observed that AI-supported tools 
performed better in listing interacting and non-interacting pairs 
compared to traditional databases. The discrepancies observed in 
the current findings could be due to variations in data sources, 
update frequency, and inclusion criteria for DDIs. 

The differences in scope scores have direct clinical implications. A 
lower scope score, as seen in Drugs.com (94%), suggests the 
possibility of missing critical DDIs, potentially leading to medication 
errors. On the other hand, chatbots, particularly ChatGPT and 
Gemini, demonstrated higher scope score, which may provide an 
advantage in real-time clinical decision-making. However, the 
accuracy of these AI-generated interactions requires validation [30]. 
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Each AI chatbot demonstrated 100% completeness scores across 
five domains (clinical effects, severity, mechanism, clinical 
management, and risk factors). To ensure methodological integrity, 
each parameter was only credited if it was explicitly mentioned in 
the chatbot’s response. No component was inferred from context, 
assumed by default, or extrapolated by the evaluators. Each DDI 
response from chatbots and databases was independently reviewed 
by two researchers. These findings indicate that chatbots 
consistently provided comprehensive information, surpassing 
traditional databases in terms of completeness. This result aligns 
with recent studies suggesting that AI models, particularly LLMs, can 
provide complete DDI information retrieval [31]. 

The finding that Gemini identified DDIs for all 150 drug pairs raises 
important questions. On the one hand, this could reflect strong 
comprehensiveness and robust training on large biomedical corpora, 
potentially making it a reliable first-line screening tool. However, the 
extremely high sensitivity paired with very low specificity (0.02) 
suggests that this coverage comes at the cost of high FP rates. This 
over-alerting may reflect a cautious approach but increases the risk of 
alert fatigue, which can desensitize healthcare providers to clinically 
meaningful warnings and result in unnecessary therapeutic 
modifications or anxiety in patients [14]. Therefore, while the scope is 
impressive, the accuracy of its predictions must be critically assessed 
before clinical implementation. 

Despite their high scope and completeness scores, AI-based tools such 
as ChatGPT, Gemini, and Copilot are susceptible to limitations that 
affect their clinical reliability. One notable concern is the phenomenon 
of AI hallucinations, where the model generates factually incorrect 
information that appears plausible, especially in the absence of 
verifiable source citation. Studies have shown that LLMs may fabricate 
references, misattribute clinical outcomes, or exaggerate risks without 
robust backing [32]. This is particularly problematic in high-stakes 
domains like pharmacovigilance and DDI screening, where misleading 
information can result in inappropriate clinical decisions. 

One of the most notable discrepancies is in the domain of clinical 
management strategies and risk factors affecting DDIs. Traditional 
databases, especially Drug Bank, exhibited limitations in these aspects. 
In contrast, all chatbots provided complete coverage (100%) in these 
domains. This suggests that chatbots may offer significant guidance for 
real-world clinical decision-making, potentially improving medication 
safety and optimizing therapeutic outcomes. 

The findings underscore the potential advantages of chatbots in 
clinical decision support. However, despite their completeness, 
chatbots may also generate inconsistent information, necessitating 
rigorous validation before clinical application [33]. 

On severity assessment, proportion of major interactions varied 
significantly across the resources. Gemini identified the highest 
proportion of major interactions (27.33%), whereas DrugBank 
reported the lowest (12.30%). This variation suggests that chatbots, 
particularly Gemini, may be more conservative in classifying 
interactions as major.  

The majority of identified DDIs across the evaluated platforms were 
of moderate severity. Lexicomp and ChatGPT recorded the largest 
proportion of moderate-severity interactions. Notably, Gemini 
reported the fewest moderate interactions. The inconsistency might 
be attributed to the diversity in data sources and algorithmic 
frameworks across platforms. 

Among all interaction types, minor ones were the least prevalent, 
spanning from 1.38% (ChatGPT) to 24.59% (DrugBank). DrugBank 
recorded the highest proportion of minor interactions, reflecting 
broader inclusion of less clinically impactful interactions. The 
relatively low percentage from ChatGPT (1.38%) hints at a possible 
underrepresentation of minor interactions, possibly due to an 
algorithmic focus on clinically significant findings. 

The differences in the severity classification clearly shows that the 
algorithmic processing and categorization framework of databases 
are different from chatbots. The severity estimates of traditional 
databases can give more consistent severity parameters as their 
output is based on clinical evidence and literature reviews. On the 

other hand, chatbots use LLMs and their result can vary based on the 
sources they use. 

Gemini displayed unusual pattern in severity classification when 
compared with other resources. It showed a comparatively higher 
rate of major and lower rate of minor interactions. Such risk 
interpretation indicates its natural inclination towards cautious risk 
assessment. Machine learning-enabled risk-sensitive behaviour 
might be the reason of this inconsistency. 

Such variation in the severity grading, especially among standard 
databases and AI resources, can have meaningful clinical 
implications. For instance, labelling moderate interaction as major 
can lead to early discontinuation of a vital medication by the 
healthcare professional and replacement of the medication with 
another substitute, which might be less effective in that patient. On 
the other hand, if a major interaction is interpreted as minor, it can 
lead to serious ADR. This kind of discrepancy can compromise 
patient safety and increase healthcare costs. 

In this study, accuracy was evaluated using standard diagnostic 
metrics rather than an aggregated score. Sensitivity, specificity, PPV, 
and NPV were assessed for each resource using Lexicomp as the 
reference standard. 

Copilot and ChatGPT demonstrated elevated sensitivity values (0.96 
and 0.98, respectively), reflecting their robust capability in 
identifying clinically relevant drug interactions. Conversely, both 
tools demonstrated low specificity (0.22 and 0.10), indicating a 
higher likelihood of overestimating interactions and generating 
false-positive alerts. Such a profile-marked by high sensitivity but 
limited specificity-indicates a cautious approach that favors risk 
minimization, even if it leads to excessive alerting. A recent study 
demonstrated that Microsoft Bing AI showcased enhanced 
performance relative to other assessed tools, including ChatGPT 
variants and Bard. Notably, Bing AI achieved the highest accuracy 
and specificity scores for detecting clinically meaningful DDIs [16]. 

On the other hand, conventional resources like Drugs.com and 
DrugBank showed relatively higher specificity (0.38 and 0.48), though 
their sensitivity values were lower (0.84 and 0.70). This pattern could 
indicate a tendency to under-detect interactions, thereby heightening 
the risk of overlooking clinically significant DDIs. Failing to detect 
these interactions can lead to avoidable treatment failures, ADRs, or 
even hospital admissions—especially among cardio-diabetic patients, 
who are already considered high-risk. 

The observed trends point to a key distinction in performance 
characteristics between AI-driven platforms and traditional DDI 
databases. AI-based chatbots exhibit elevated sensitivity, indicating 
their ability to identify a wide spectrum of possible interactions, 
which aids in minimizing the risk of missing clinically important 
DDIs. Yet, this enhanced sensitivity is frequently accompanied by 
reduced specificity, leading to an abundance of alerts, some of which 
may lack clinical significance. The surplus of alerts may lead to “alert 
fatigue,” a condition where healthcare providers become habituated 
and start disregarding even critical notifications. Conversely, 
traditional DDI tools typically deliver more precise and evidence-
backed alerts due to their higher specificity. Although this method 
minimizes the likelihood of alert burden, it may compromise 
sensitivity, leading to the omission of some under-reported but 
meaningful interactions. The interplay between sensitivity and 
specificity necessitates thoughtful evaluation in choosing and 
applying DDI resources in clinical settings. 

From a clinical decision-making perspective, both extremes present 
safety challenges. Over-alerting can desensitize clinicians to 
meaningful alerts, while under-reporting poses direct risks to 
patient safety. These observations signify the need to optimize AI 
algorithms for improved specificity without compromising 
sensitivity, and for traditional tools to enhance comprehensiveness 
and detection sensitivity [16]. 

These results are supported by recent research by Gill et al. (2023), 
who discovered that because AI-powered methods rely on vast, 
uncurated datasets, they often overpredict DDIs [34]. 
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The Fleiss' kappa coefficient, which gauges agreement beyond 
chance, was used to evaluate the inter-rater reliability of severity 
categorizations across the resources under study. For major 
interactions, the Fleiss' kappa coefficient was 0.15, suggesting that 
the resources were somewhat in agreement. This points to a 
significant discrepancy in how various databases and AI systems 
identify and categorize encounters as major. This diversity may 
result in varying clinical decision-making depending on the 
reference source utilized, since major interactions might have 
substantial clinical implications. 

The kappa coefficient for moderate interactions was 0.35, which 
indicates fair agreement. Although this level of agreement is better 
than major interactions, it still shows discrepancies in how 
moderate DDIs are categorized. Moderate interactions typically 
require dose adjustments or monitoring, and discrepancies among 
resources may impact clinical judgment regarding necessary 
precautions [35]. 

Minor interactions exhibited the lowest agreement, with a kappa 
coefficient of 0.10 and a p-value of 0.12, suggesting no statistically 
significant agreement. The lack of consensus in classifying minor 
interactions indicates that these are more subjectively interpreted 
among different databases and AI tools. Since minor interactions are 
less clinically significant, their inconsistency may not have severe 
consequences, but it does reflect the underlying differences in 
database methodologies. 

The overall agreement among all severity levels was fair (kappa = 
0.28, p<0.001), reinforcing the observation that while some 
consistency exists, the discrepancies remain substantial. These 
findings highlight the necessity for standardization in the 
classification of drug interactions across different resources. 

Among the electronic databases, the highest agreement was 
observed between Drugs.com and DrugBank (κ = 0.68), indicating 
substantial concordance in identifying DDIs. This suggests that these 
two databases share a relatively comprehensive and consistent 
dataset for evaluating interactions. Conversely, Lexicomp and 
Drugs.com (κ = 0.52) and Lexicomp and DrugBank (κ = 0.61) 
exhibited moderate agreement, signifying variations in their 
underlying datasets or interaction classification criteria. Notably, the 
mean Kappa for databases was 0.51, indicating moderate agreement 
overall. 

The agreement between databases and chatbots varied significantly, 
demonstrating discrepancies in how DDIs are interpreted by AI-
driven models versus structured databases. The highest chatbot 
agreement with a database was Gemini with DrugBank (κ = 0.71), 
suggesting that this chatbot might rely on a dataset similar to 
DrugBank or apply an algorithm that aligns closely with it. ChatGPT 
and Lexicomp (κ = 0.32) and Copilot with Drugs.com (κ = 0.37) 
showed lower agreement levels, indicating inconsistencies in 
identifying or classifying interactions. The mean agreement between 
databases and chatbots was moderate but showed high variation, 
with some chatbot-database pairs nearing fair agreement levels. 

AI chatbots demonstrated varied levels of agreement with each 
other, reflecting differences in their training data and algorithms. 
Copilot and Gemini (κ = 0.65) exhibited the highest inter-chatbot 
agreement, implying similarities in their data sources or processing 
mechanisms. ChatGPT and Copilot (κ = 0.56) showed moderate 
agreement, while ChatGPT and Gemini (κ = 0.33) had the lowest 
agreement, indicating diverse methodologies in DDI identification. 

Moderate overall agreement (κ = 0.51) suggests variability in DDI 
identification across different platforms. Compared to chatbots, 
structured databases typically agree more, suggesting that AI-driven 
tools may still have consistency issues. When chatbots use similar 
algorithms or data sources, they show greater agreement with one 
another. Potential areas for improvement in AI-enabled DDI 
evaluation are highlighted by the reduced chatbot-database 
agreement, which increases the possibility that AI models may 
interpret interactions differently or rely on different reference 
sources. 

The low agreement on major and minor classifications (κ = 0.15 and 
0.10, respectively) further points out the potential for misaligned 
clinical decisions depending on the resource used. For example, a 
physician relying on Gemini might classify an interaction as major 
and avoid a therapy, whereas another using DrugBank may proceed 
with the same regimen, assuming lower risk. Such variation calls for 
harmonized severity classification frameworks across drug 
interaction platforms, and reinforces the need for human oversight 
when incorporating AI tools into clinical workflows. 

CONCLUSION 

This study identified notable differences in the scope, completeness, 
accuracy, and severity classification of DDIs between chatbots and 
traditional DI databases. While AI tools offered high sensitivity and 
data completeness, they lacked specificity and consistency in 
severity ratings, raising concerns about over-alerting. Traditional 
databases were more balanced but risked under-reporting clinically 
relevant interactions. As such, chatbots should be used for 
secondary screening or cross-validation rather than as a primary 
source for clinical decision-making. We recommend that initial DDI 
evaluations be conducted using validated and clinically trusted 
databases such as Lexicomp or Drugs.com. In cases involving 
complex pharmacotherapy or unclear interaction mechanisms, AI 
tools may be employed to explore additional dimensions, such as 
mechanism, patient-specific risk factors, or potential management 
strategies. Importantly, all AI-generated outputs should be reviewed 
and interpreted under the supervision of qualified clinical 
pharmacists or prescribers to ensure clinical appropriateness and 
patient safety. Looking ahead, the integration of curated reference 
databases with generative AI models may yield robust hybrid 
systems that harness the strengths of both approaches-offering 
improved accuracy, depth, and clinical utility in DDI management. 

To enhance clinical decision-making, a hybrid human–AI framework 
is recommended, combining the strengths of AI and curated 
resources. The study also emphasizes the need for regulatory 
oversight to standardize validation protocols and DDI severity 
classification across platforms. Establishing globally accepted 
frameworks and pursuing real-world clinical validation and 
explainable AI approaches will be essential for the safe and effective 
integration of AI into pharmacovigilance. 
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