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Abstract: Cardiovascular diseases (CVDs), including hypertension and heart failure, are major contributors to 

global morbidity and mortality, with polypharmacy being a common approach to managing these conditions. 

However, polypharmacy increases the risk of drug-drug interactions (DDIs), which can result in decreased 

efficacy, toxicity, and adverse drug reactions. This study aimed to develop and evaluate a local Cabot based on 

a Large Language Model (LLM) to detect Captopril drug interactions with high accuracy and specificity, 

ensuring data privacy and computational efficiency. The Cabot was developed using Python, LangChain, 

FastAPI, and a local LLM for Captopril interaction detection, with 5-fold cross-validation used to evaluate its 

performance using secondary data from DrugBank and Drugs.com. The system was integrated with PowerShell 

and ngrok to enable secure, local deployment. The Cabot achieved 100% accuracy and 100% specificity in Cycle 

1, with a slight decrease in Cycle 3 to 96.7% accuracy and 92.9% specificity due to one false positive, but no 

false negatives were observed. The system showed an average 5-fold accuracy of 98.7% and specificity of 98.0%, 

confirming its potential for real-time DDI detection. The local model ensured data privacy and computational 

efficiency, offering a robust alternative to cloud-based systems. The Cabot developed in this study shows promise 

in detecting Captopril DDIs with high accuracy and specificity in cardiovascular therapy, and future 

improvements should focus on expanding the model’s capabilities to handle a broader range of medications and 

refine its detection algorithms. 
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1. INTRODUCTION  

Cardiovascular diseases (CVDs), accounting for over 17.9 million deaths annually [1], with 

hypertension affecting 31.1% of adults in Indonesia [2]. Polypharmacy commonly used to manage these 

conditions, increases the risk of drug-drug interactions (DDIs) that can reduce efficacy [3], increase toxicity [4], 

and cause adverse drug reactions [5], leading to treatment failure and mortality [6]. DDIs contribute to over 

74,000 emergency department visits and 195,000 hospitalizations annually in the United States [7], and a study 

Kusuma et al. (2018) [8], revealed that 68.35% of prescriptions for hypertensive patients involved polypharmacy 

with significant DDIs, predominantly through pharmacodynamic mechanisms (58.89%) and moderate severity 

(65.74%). The high prevalence of Captopril, angiotensin-converting enzyme inhibitor (ACEI) used for treating 

hypertension [9], heart failure [10], and diabetic nephropathy [11], increases the risk of DDIs, especially when 

co-prescribed with other medications [12]. Recent advancements in Artificial Intelligence (AI), particularly 

Large Language Models (LLMs), have shown promise in detecting DDIs through large-scale text processing 

[13]. Study in Indonesia demonstrate that integrating LLMs with frameworks like LangChain can improve DDI 

detection by linking models to verified drug databases such as DrugBank and Drugs.com [14], but challenges 

such as data privacy, costs, internet dependency, and limitations in local language support remain [15], [16]. 
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This study aimed to address these challenges by developing a Cabot using a Local LLM to detect 

Captopril monotherapy and combination drug interactions. The Cabot was designed to run locally using 

PowerShell and ngrok, ensuring data privacy and computational efficiency. 

 

2. METHOD  

This research is designed as a development and validation study to create and evaluate a Cabot for 

detecting DDIs involving Captopril using a Local LLM. The Cabot focuses on identifying interactions in both 

monotherapy and combination therapy. The study was carried out in five stages: 1) system development, 2) data 

preprocessing, 3) model integration, 4) system testing, and 5) system validation. 

During the system development phase, the dataset was selected, data was preprocessed, the Cabot 

architecture was designed, and the system was integrated with the LangChain framework. The system validation 

phase involved comparing the chabot results against DrugBank and Drugs.com to evaluate performance metrics, 

specifically accuracy and specificity. 

The drug interaction detection system was developed using Python 3.8, implemented via PowerShell, 

and accessed remotely using ngrok for secure internet access. The system runs locally on a high-performance 

server equipped with a Graphics Processing Unit (GPU) to support inference from large language models The 

dataset used in this study consists of 50 drug interaction pairs sourced from DrugBank and Drugs.com, with a 

balanced distribution of interactions and non-interactions. Of the 50 drug pairs, 50% (25 pairs) were interactions 

(1) and 50% (25 pairs) were non-interactions (0). The dataset was initially downloaded in Excel format, curated, 

and then converted into a local knowledge base for the Cabot’s inference process. LangChain integrates the 

model with the local database, enabling the Cabot to query and process drug interaction data efficiently [17]. 

FastAPI facilitates stable data exchange between the user interface and the inference module, with an API 

endpoint designed to accept a list of medications and return detected interactions along with their severity, 

interaction mechanism, and references to source data [18]. 

Data preprocessing involved quality checks to ensure the inclusion of only valid drug interaction pairs, 

normalization of drug names to their generic forms to avoid discrepancies, and removal of non-relevant attributes 

such as dosage and formulation details. The LLaMA-3 model was selected for processing drug interaction text 

in Indonesian and was implemented locally to ensure data privacy and improve computational efficiency [19]. 

5-fold cross-validation was employed to evaluate the system's performance using accuracy and specificity as key 

metrics, ensuring the model's robustness and generalizability across various datasets [20]. 

The Cabot’s performance was evaluated based on accuracy and specificity. Accuracy was calculated as 

the percentage of correct predictions (true positives and true negatives) out of all test cases, with a threshold of 

≥ 85% set for accuracy [21]. Specificity was calculated as the proportion of true negatives correctly identified 

by the system, with a threshold of ≥ 80% set for specificity [21]. These metrics were used to assess the Cabot’s 

ability to detect DDIs and correctly identify non-interacting drug pairs. 

Should be noted that this study focuses on detecting DDIs involving Captopril, which limits the 

generalizability of the findings to other drug classes or therapeutic areas. Additionally, the dataset used in this 

study is limited, which may lead to overfitting and high accuracy. 

 

3. RESULTS AND DISCUSSION  

To the best of our knowledge, this is the first study to develop and evaluate a Cabot for detecting DDIs 

involving Captopril using a Local LLM. The Cabot’s performance in detecting DDIs involving Captopril was 

evaluated using 5-fold cross-validation, with a focus on accuracy and specificity.  

Figure 1 shows that in the first cycle, the Cabot achieved 100% accuracy and 100% specificity, with no 

false positives (FP) or false negatives (FN). While these results indicate that the system is highly effective in 

identifying both genuine drug interactions and non-interactions, the perfect accuracy should be interpreted with 

caution. Given the limited size of the dataset, there is a possibility of overfitting, which may explain the high 

accuracy in the first cycle. These results indicate that the system is highly effective in identifying both genuine 

drug interactions and non-interactions, indicating its potential as a tool for detecting drug interactions in 

controlled settings. Meanwhile, the third cycle showed a slight decline in performance with an accuracy of 96.7% 

and a specificity of 92.9%, primarily due to a single false positive (FP). 

Each fold of the 5-fold cross-validation was assigned an equal number of drug pairs, with each fold 

containing 10 drug pairs (50 drug pairs ÷ 5 folds). The dataset was split randomly to ensure a balanced 

distribution of drug interactions and non-interactions across each fold. 
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Figure 1. Confusion matrix showing the Cabot’s performance in detecting Captopril drug-drug interactions. 

 

The performance of the Cabot in detecting Captopril DDIs was evaluated across five phases: initial 

testing, model fine-tuning, advanced testing, complex testing, and model finalization. The Cabot demonstrated 

100% accuracy and 100% specificity in initial testing with 20 drug pairs, followed by robust performance in the 

advanced testing phase, which involved 30 drug pairs, maintaining high reliability. The final performance after 

all stages showed an average 5-fold accuracy of 98.7% and specificity of 98.0%, highlighting its effectiveness 

in identifying Captopril-related DDIs. The comparison with previous studies is made to provide context to the 

performance of our model, but it is important to note that differences in the models' datasets, training, and 

evaluation protocols must be considered. Our study primarily focuses on detecting DDIs for Captopril, whereas 

the studies referenced in Yemen [22]. Study in Turkey targeted broader or different drug sets, which may account 

for some of the performance differences [23]. 

The high performance of the Cabot is particularly significant given the potential consequences of 

undetected DDIs in clinical settings [24]. Captopril (ACEI), is often prescribed in combination with other 

medicines [9]. The ability to detect interactions involving such a commonly prescribed drug is crucial for 

improving patient safety and ensuring effective medication management [25]. The Cabot’s capacity to accurately 

identify both positive interactions (true positives) and non-interactions (true negatives) without producing false 

alarms (false positives) is critical for ensuring that clinicians can make timely, informed decisions. Study in India 

[21]. AI-driven clinical decision support systems (CDSS) have been shown to enhance personalized drug therapy 

and optimize treatment [26]. However, limited studies have focused on local AI-based systems that ensure 

privacy and maintain high accuracy for DDI detection [27]. This study aims to address this gap by developing a 

local Cabot for detecting Captopril interactions, offering real-time, accurate detection in cardiovascular therapy 

controlled settings. 

There are several limitations that should be acknowledged. The false positive in Cycle 3 reflects the 

model’s current challenges in accurately distinguishing between non-interacting drugs, which may be addressed 

in future versions by expanding the training dataset, incorporating more complex drug interactions, and refining 

the model's detection algorithms. The study's reliance on secondary data from DrugBank and Drugs.com limits 

the Cabot's performance to the interactions included in these databases. Ensure broader applicability, the Cabot 

may need further validation with real-world data to account for potential variations in drug use, patient 

demographics, and clinical settings. While the model was evaluated using controlled data, real-world clinical 

implementation may present challenges such as integration with existing hospital systems and ensuring user 

adoption by healthcare professionals. 
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4. CONCLUSION  

This study aimed to develop and evaluate a local AI Cabot using a Large Language Model (LLM) to 

detect Captopril drug-drug interactions (DDIs) in cardiovascular therapy, focusing on achieving high accuracy 

and specificity while ensuring data privacy and computational efficiency. The output of this research is a local 

AI Cabot that demonstrated an average 5-fold accuracy of 98.7% and specificity of 98.0%, capable of detecting 

clinically significant drug interactions and non-interactions in real-time. Future research should focus on 

expanding the Cabot’s capabilities to detect a wider range of drug interactions, refining detection algorithms to 

reduce false positives, and validating the system in real-world clinical settings to evaluate its broader 

applicability and integration into healthcare systems. 
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