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Abstract 

Medical question answering systems face significant challenges in providing accurate, timely, and 
context-aware responses due to the complexity and vast scope of biomedical information. This paper 
presents a novel hybrid approach that combines BioBERT, a specialized biomedical language model, 
with the Qdrant vector database to create an efficient and accurate medical question answering 
system. Our methodology encompasses three key components: (1) comprehensive data preprocessing 
using KeyBERT for intelligent tagging of the MedQuAD dataset containing 47,457 medical question-
answer pairs, (2) finetuning BioBERT with an innovative negative sampling strategy based on 
semantic tags, and (3) implementation of efficient semantic search using Qdrant vector database for 
rapid retrieval of relevant responses. The system evaluation demonstrated clear separation between 
correctly classified positive and negative samples in cosine similarity scores, with misclassifications 
occurring primarily near the 0.3 threshold. The resulting chatbot system successfully combines 
domain-specific language understanding with efficient vector-based retrieval to deliver accurate and 
contextually relevant medical information. This approach addresses the limitations of existing medical 
question answering systems by providing a scalable, automated solution that maintains high accuracy 
while reducing dependence on human experts. 

Keywords: Biomedical Question Answering, BioBERT, Vector Database, Semantic Search, Natural 
Language Processing, Healthcare Chatbot. 

I. INTRODUCTION 
The exponential growth in biomedical literature and the increasing complexity of healthcare 
information have created significant challenges in accessing and processing medical knowledge 
effectively With approximately 26.5 million articles in PubMed alone healthcare professionals and 
researchers face the daunting task of finding precise answers to their queries within this vast repository 
of information. Traditional methods of information retrieval and manual search processes are becoming 
increasingly inadequate leading to delayed access to critical medical information and potential impacts 
on patient care. 

The emergence of advanced natural language processing (NLP) technologies, particularly transformer-
based models and biomedical language models, presents an opportunity to address these challenges. 

While general-purpose question answering systems have shown promise, they often struggle with 
domain specific terminology and the nuanced nature of biomedical information. Furthermore, existing 
systems frequently fail to effectively utilize the semantic information within biomedical datasets, 
resulting in suboptimal performance. 
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To address these limitations, we propose an integrated approach combining specialized biomedical 
language models with advanced vector database technologies. Our solution leverages BioBERT, a 
domain specific language representation model pretrained on extensive biomedical corpora, along with 
semantic search capabilities for efficient information retrieval. The system aims to provide accurate, 
context-aware responses by incorporating multiple knowledge sources and implementing sophisticated 
answer processing techniques. 

II. WORK IN THIS AREA 
Recent advances in biomedical natural language processing have been largely driven by the 
development of specialized language models. BioBERT, introduced by Lee et al. [2],[3],[4] has 
demonstrated significant improvements over general-domain BERT models, achieving state-of- the-art 
performance in various biomedical text mining tasks. This success has led to numerous adaptations and 
improvements, including PubMed BERT, which showed superior performance in clinical text 
classification with an accuracy of 0.9 and an F1-score of 0.8 [5] [6] [7]. 

The integration of these models into question answering systems has evolved significantly. Studies 
have shown that fine-tuning approaches can substantially improve performance on low- resource 
biomedical NLP applications [8][9][10]. Researches [11][12][13] have achieved remarkable results with 
an Exact Match score of 83.89 and an F-score of 89.67 using PubMed BERT for biomedical question 
answering tasks. Recent work with Dense Passage Retrieval frameworks adapted for biomedical 
domains has demonstrated promising results, achieving an 81% F1 score when evaluated on BioASQ 
QA datasets using PubMed articles as the knowledge base [1,14]. Question entailment approaches have 
emerged as an effective strategy for mapping new questions to previously answered similar questions, 
particularly in medical domains. These approaches have 

shown significant improvements over traditional methods [15]. The development of hybrid 
architectures, which combines Information Retrieval and Seq2Seq models with an attentive Seq2Seq 
reranking approach, has further advanced the field. These systems have demonstrated superior 
performance compared to both standalone information retrieval and generation-based models in 
industrial applications [16]. 

The foundation of effective biomedical question answering lies in accurate entity recognition and 
information extraction. Recent work has demonstrated the effectiveness of machine reading 
comprehension frameworks for biomedical named entity recognition, achieving F1-scores of up to 
92.92% on various datasets [1]. The development of tools like BERN has further advanced the field by 
combining high-performance BioBERT models with probability-based decision rules for overlapping 
entity identification [17]. Deep Event Mine [18] and related approaches [19] have shown promising 
results in extracting complex nested events from biomedical texts without relying on external syntactic 
tools. These advances have been particularly important for processing complex biomedical questions 
and extracting relevant information from research papers. The evolution of chatbot architectures has 
seen a shift from simple statistical methods to sophisticated neural network-based approaches [20]. 
Recent implementations like AliMe Chat 

[21] have demonstrated the effectiveness of combining Information Retrieval (IR) and Sequence-to-
Sequence (Seq2Seq) models for improved response generation. Studies focusing on healthcare 
applications [22] have shown that integrating large language models with Multi- BERT configurations 
can enhance the system’s ability to handle complex biomedical queries. This approach has been 
particularly effective in addressing ambiguity resolution, as demonstrated by the MSQ BioBERT system 
[23,24,25]. 

III. PROPOSED METHODOLOGY 
The implemented architecture leverages the strengths of BioBERT’s domain-specific understanding 
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and Qdrant’s high-performance vector search to create an intelligent and efficient conversational 
agent for a specialized domain, such as healthcare. As illustrated in Figure 1, the system integrates a 
user interface built with Stream lit library for input collection and result display, with BioBERT 
processing and Qdrant search capabilities forming the core components of the architecture. 

 
Fig 1. Proposed Methodology 

Data availability statement: 

To remove any ambiguity, we will revise the Methods and Data Availability sections of the 
manuscript to explicitly include the following statements: 

 All methods were carried out in accordance with relevant guidelines and regulations. 

 The study did not involve experiments on human subjects or the collection of primary human data. 

 Ethical approval and informed consent were not applicable, as the research used publicly available, 
non-identifiable datasets. 

DATA COLLECTION AND PREPROCESSING 
The dataset employed in this study was obtained from the Med Quad repository and subsequently 
converted into a CSV file format. The dataset encompasses a diverse array of medical categories, 
including cancer, senior health, growth hormones and receptors, cardiovascular and respiratory 
diseases, genetic and rare disorders, disease prevention and control, neurological conditions and 
stroke, diabetes, and other miscellaneous topics. Notably, MedQuAD comprises 47,457 medical 
question-answer pairs curated from 12 reputable NIH websites, such as cancer.gov, niddk.nih.gov, 
GARD, and MedlinePlus Health Topics. The collection covers 37 distinct question types associated 
with diseases, drugs, medical tests, and other healthcare entities, encompass- ing areas like treatment, 
diagnosis, and potential side effects. 

As demonstrated in Figure 2, the initial preprocessing step involved generating relevant tags for each 
question-answer pair using the KeyBERT library, a state-of-the-art keyword extraction tool. This tool 
excels at extracting meaningful tags that encapsulate the key concepts and topics covered within each 
question-answer pair. 

 
Subsequently, the extracted tags played a crucial role in creating high-quality negative samples for 
training the BioBERT-based classification model. It was imperative to ensure that the tags associated 
with the negative samples did not overlap with the tags of the positive samples. This precautionary 
measure prevented the model from erroneously treating semantically similar question-answer pairs as 
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negatives during the training process. 

This tagging step significantly enhanced the quality of the dataset by providing additional metadata 
that could be leveraged throughout the framework. From facilitating the training of the BioBERT 
model to aiding in the retrieval of relevant prior knowledge, these tags played a pivotal role in 
optimizing the performance and effectiveness of the entire system. 

Preprocessing of the question-and-answer data involved decontracting words (e.g., ”won’t” to ”will 
not”), removing unnecessary symbols, and truncating sequences to a maximum length of 512 tokens. 
This approach allowed the utilization of the default pretrained weights of BioBERT while ensuring 
that no critical information was lost. Additionally, an attention mask was passed to the BioBERT 
model, enabling it to focus on the actual content rather than padding tokens. 

BIOBERT FINE-TUNING 
The model architecture consisted of a shared pretrained BioBERT model and two residual blocks with 
dropout layers for the question-and-answer data, respectively. The inclusion of residual blocks aimed 
to enable the model to directly pass the BioBERT embeddings when deemed appropriate. The 
dropout layers were employed to mitigate overfitting during the training process. 

After obtaining the embeddings for both the question and answer by passing them through their 
respective residual blocks, the cosine similarity between the two embeddings was calculated. The 
model was then trained using mean squared error loss, computed between the expected cosine 
similarities (-1.0 and 1.0) and the cosine similarities predicted by the model. The best-performing 
model was selected based on its performance on both the training and validation datasets, after 
experimenting with various thresholds to classify positive and negative samples. 

The model’s training progress is visualized in Figure 3, where (a) shows the improvement in accuracy 
over epochs, while (b) displays the corresponding loss reduction. These graph demonstrate the 
model’s successful convergence during the fine-tuning process, with both metrics showing stable 
improvement over time. 

 

 
(a) 
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Figure 3. Fine-tuning results (a) epoch vs accuracy and (b) epoch vs loss 

MODEL EVALUATION ON VALIDATION DATA 
The cosine similarities returned by the model for the validation dataset were compared for correctly 
classified negative and positive points, as well as for misclassified points that were originally negative 
or positive. The evaluation results, presented in Figure 4, provide crucial insights into the model’s 
performance. Figure 4(a) shows the distribution of correctly classified cosine similarities, while Figure 
4(b) illustrates the cases where misclassification occurred. The analysis revealed that correctly 
classified negative and positive points maintained clear separation, while misclassified points 
clustered near the 0.3 threshold. 

 
(a) 
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Figure 4. (a) Correctly classified cosine similarities (b) Incorrectly classified cosine similarities 

These observations indicated that when the model differentiated correctly, it ensured a clear cosine 
separation between positive and negative points. However, when the model failed to classify 
correctly, the misclassification occurred with only a small margin from the threshold. 

SEMANTIC SEARCH WITH QDRANT 
To enable efficient semantic search, the question-answer pairs in the dataset were transformed into 
high-dimensional vector representations. The project utilized a specialized question extractor model, 
created using the fine-tuned BioBERT model, which was trained to encode questions into meaningful 
vector embed- dings. This question extractor model was applied to the entire dataset, generating a 
vectorized representation for each question, with the corresponding answers associated with these 
question vectors. 

The Qdrant vector database was employed to store and index the question vectors generated in the 
previous step. Qdrant is designed to efficiently manage high-dimensional vector data and enable fast 
similarity based retrieval. The project integrated the Qdrant database as a core component of the 
chatbot system, allowing for seamless storage and querying of the vectorized dataset. The dataset was 
ingested into the Qdrant database, with the question vectors serving as the primary index for efficient 
retrieval. 

When a user query was received, it was first encoded into a vector representation using the same 
question extractor model employed for the dataset. The chatbot system then performed a semantic 
search within the Qdrant database, leveraging the vector similarity between the user’s query and the 
stored question vectors. Qdrant’s powerful search capabilities, including support for fuzzy and 
multilingual search, were utilized to retrieve the most relevant question-answer pairs from the 
indexed dataset. The top-k most similar results were then returned by the Qdrant search, and the 
corresponding answers were presented to the user as the chatbot’s response. The semantic search 
process was designed to be efficient and scalable, allowing the chatbot to provide timely and accurate 
responses, even as the underlying dataset grew in size and complexity. 

By integrating the Qdrant vector database into the chatbot system, the project leveraged the power of 
semantic search to enable intelligent and efficient retrieval of relevant answers, tailored to the specific 
needs and context of the healthcare or life sciences domain. 

Figure 5. presents the high-level architecture of the Qdrant-based semantic search implementation. 
This diagram illustrates how the system processes incoming queries, transforms them into vector 
representations, and efficiently retrieves relevant responses from the indexed dataset. 
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Figure 5. High level view of Qdrant architecture 

 

IV. RESULT AND DISCUSSION 
The developed chatbot system has demonstrated impressive capabilities in providing accurate and 
efficient responses within the healthcare or life sciences domain. One of the key results is the 
successful fine-tuning of the BioBERT model, leveraging its pretrained knowledge on biomedical 
literature, to create a powerful question-answering model tailored to the target domain.The utilization 
of KeyBERT to generate informative tags for the dataset enabled more effective negative sampling 
during the fine-tuning process, resulting in a more robust and accurate model.The integration of 
Qdrant, a high-performance vector database, facilitated efficient storage and retrieval of relevant 
answers based on semantic similarity, ensuring real-time responses to user queries. 

The model evaluation on the validation data provided insights into the model’s performance. The co- 
sine similarities returned by the model for correctly classified negative and positive points were well-
separated, indicating the model’s ability to distinguish between positive and negative samples 
effectively. However, for misclassified points, the cosine similarities were in close proximity to the 
threshold of 0.3, which yielded the best training and validation accuracy.Overall, the chatbot system 
demonstrated the ability to provide accurate and timely responses to domain-specific questions, 
enhancing the overall user experience and reducing the burden on human experts. 



659 / Journal of Daoist Studies 19-B 
(2026) 

 
 
 
 

 

 
Figure 6. UI Screenshot 

The practical implementation of this system is demonstrated through the user interface shown in 
Figure 6, which provides an intuitive platform for users to interact with the chatbot and receive 
medical information in real-time. The interface demonstrates the seamless integration of all system 
components, from query input to answer retrieval and display. 

V. FUTURE SCOPE 
The future development of biomedical question answering systems encompasses several promising 
re- search directions. A key priority is expanding multi-language support [6], which would 
democratize access to biomedical information across diverse populations and geographical regions. 
Alongside this, enhanced context processing capabilities are needed to better handle multi-round 
interactions in dialog systems [21], particularly when dealing with complex medical queries. The 
integration of advanced vector database architectures presents opportunities for improved storage 
and retrieval of high-dimensional biomedical data [8], potentially revolutionizing response 
generation speed and accuracy. Dataset development remains crucial, with a particular focus on 
addressing low-resource areas within biomedical NLP [12], building upon the success of 
initiatives like PubMedQA[24]. In terms of model architecture, research is trending toward hybrid 
approaches that combine multiple pretrained models [22], leveraging advances in both general 
and domain-specific language models. Sophisticated question expansion methods utilizing multiple 
knowledge bases [25] are being explored to enhance the system’s comprehension and processing of 
complex medical queries. Dataset-aware multi-task learning approaches are advancing the field of 
biomedical named entity recognition and normalization [26], while new techniques for handling 
ambiguous medical queries [23] are particularly relevant for web-based medical information 
retrieval. Document retrieval systems specifically designed for biomedical question answering are 
being optimized [3], incorporating advanced ranking and filtering mechanisms. Additionally, the 
development of more sophisticated semantic search capabilities for large clinical ontologies [10] is 
improving systems’ ability to handle varying vocabularies and terminology. These 
advancements collectively contribute to the broader goal of creating more accurate, efficient, and 
user-friendly systems for biomedical information access and processing, ultimately enhancing 
healthcare delivery and research capabilities. 

VI. CONCLUSION 
This research successfully demonstrates the effectiveness of combining specialized language models 
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with vector database technology in creating a robust medical question answering system. The 
integration of BioBERT’s domain-specific knowledge with Qdrant’s efficient vector search capabilities 
has resulted in a system that can effectively process and respond to complex medical queries while 
maintaining high accuracy and performance. Through the implementation of an intelligent tagging 
system using KeyBERT, the project achieved enhanced quality of training data, which significantly 
improved the overall model performance. The development of an effective fine-tuning approach for 
BioBERT demonstrated particular success, achieving clear separation between positive and negative 
samples in cosine similarity scores. 

The efficient integration of the Qdrant vector database proved crucial for enabling real-time semantic 
search and response retrieval, creating a scalable system capable of handling complex medical queries 
while reducing the burden on human experts. The system’s architecture demonstrates that combining 
specialized language models with vector databases can effectively address the fundamental challenges 
of medical question answering, including the need for domain-specific understanding and rapid 
information retrieval. The clear separation in cosine similarities for correctly classified samples 
validates the robustness of our approach, while the clustering of misclassifications near the 0.3 
threshold provides valuable insights for future improvements. 

This work makes a significant contribution to the broader field of biomedical natural language 
processing by demonstrating a practical approach to building domain-specific question answering 
systems. The results suggest promising directions for future research, including opportunities to 
expand language support, enhance context processing capabilities, and incorporate more sophisticated 
semantic search techniques. These advancements would further improve the system’s effectiveness in 
healthcare applications, ultimately working toward the goal of more accessible and accurate medical 
information retrieval systems. 
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