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The rapid growth of online information makes locating precise and relevant biomedi-
cal literature increasingly difficult. Researchers often spend significant time filtering
useful content from large volumes of unrelated material, making the process ineffi-
cient and demanding, particularly in scientific research.

This thesis presents the development of a Retrieval-Augmented Generation (RAG)
system for biomedical literature retrieval. The system evaluates three models, GPT,
SBERT, and BioBERT, on biosignal-related topics such as ECG, EEG, and PPG.
Queries are divided into two categories: expert-formulated and layman-formulated
questions. The objective is to assess how accurately each model interprets and
answers these different query types. In addition to literature retrieval, the sys-
tem retrieves and visualizes relevant biosignal datasets, extracted from PhysioNet,
to assist researchers in both understanding studies and exploring associated data.
Research papers are extracted from PubMed and stored in a database along with
embeddings for efficient access.

Both quantitative and qualitative evaluations were conducted. Quantitative perfor-
mance was initially evaluated using DOI and dataset matching; however, as these
metrics were insufficient, embedding-based similarity, TF-IDF similarity, and key-
word overlap were added to enhance the evaluation framework. Qualitative per-
formance was assessed using an LLM-as-Judge framework. A custom test set was
created containing ground-truth research papers, expert and layman queries, and
corresponding dataset URLs from PhysioNet.

Results indicate that GPT achieved the highest answer quality (overall 0.88) and
strongest semantic alignment (embedding composite 0.60). SBERT demonstrated
nearly identical embedding performance (0.60) and the most stable lexical retrieval
performance in TF-IDF (0.50). BioBERT consistently showed lower performance
(embedding composite 0.30, TF-IDF 0.17, overall 0.73). Considering the potential
evaluation bias toward GPT-family models, specifically, that GPT was used both
for final answer generation and for qualitative assessment under the LLM-as-Judge
framework, SBERT was selected as the most reliable standalone retrieval model.
Using GPT for both generation and evaluation may introduce systematic bias, as
models from the same family can exhibit alignment in reasoning patterns and stylis-
tic preferences, potentially inflating performance estimates.

Keywords: RAG, ECG, EEG, PPG, Biomedical Literature, PubMed, PhysioNet,
Embeddings, Vector Database, TF-IDF, LLM, LLM-as-Judge
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1 Introduction

Information plays an important role in advancing organizations, and collecting data
allows better planning to achieve desired results. Consequently, data collection has
become a priority in healthcare to understand current trends and anticipate future
developments in patient care and healthcare systems. To address public health
demands, new data management and analysis methods must be developed [1]. A
divergence exists between new healthcare technology development and its practi-
cal application in clinical settings. As digital health technologies and personalized
treatment gain popularity, understanding their integration into population-based
healthcare is essential. Healthcare organizations aim to combine digital health, arti-
ficial intelligence, and precision medicine to improve treatment quality, reduce costs,
and address challenges in patient experience and workflow impact [2]. Robust infor-
mation systems are needed to collect and manage clinical and administrative data
effectively.

Hospital Information Systems (HIS), especially in major hospitals, store diverse
patient data, including medical records and test results. Although primarily repos-
itories for clinical and administrative data, these systems can support Clinical De-
cision Support (CDS). Integrating CDS into HIS provides healthcare professionals
with timely insights such as risk scores, treatment suggestions, or alerts from on-
going data collection, strengthening clinical decision-making and improving patient

care [3]. CDS assist healthcare professionals in making informed clinical decisions,
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helping clinicians provide efficient and effective treatments based on patient data.
Modern CDS systems incorporate automated risk assessments, medication interac-
tion alerts, and evidence-based recommendations from demographic, clinical, and
digital health data. These tools should streamline workflows by integrating and
prioritizing critical information. To optimize clinical outcomes, CDS should oper-
ate smoothly across healthcare settings, support real-time application, and adopt
emerging technologies with minimal disruption [4].

To improve decision-support systems, it is essential to understand the biomedical
data that power them. Biomedical data include molecular and omic data, biomed-
ical imaging, clinical records, and electronic health data [5]. Another category is
bio-signals, electrical or physiological signals produced by the body that reflect bi-
ological activities. These signals, essential for diagnosis, are classified into action
potentials, fast voltage changes such as electrocardiogram (ECG), electroencephalo-
gram (EEG), and electromyogram (EMG) [6] and event-related potentials (ERPs),
tiny voltages produced in response to events or stimuli, phonocardiogram (PCQG)
(heart sounds), and carotid pulse (pressure waveform). [6], [7]. Among these biosig-
nals, photoplethysmography (PPG) is a noninvasive optical method that measures
blood volume changes in the microvasculature, providing information on cardiovas-
cular, respiratory, and autonomic activity. PPG is widely used to monitor pulse rate
and blood oxygen saturation (SpOs) and can also provide insights into respiratory
rate, blood pressure, and other physiological indicators [§|.

To summarize, this shift toward data-driven healthcare highlights the need to
understand various types and sources of biomedical data. The next section outlines

the background of these data and their role in enhancing clinical decision-making.
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1.1 Background

Healthcare involves the prevention, diagnosis, and treatment of various medical
problems in humans. It includes medical professionals such as doctors, nurses, and
allied health workers who operate in clinics, hospitals, and other institutions. These
professionals represent different fields, including psychology, physiotherapy, nursing,
dentistry, and medicine. Primary care serves as the first point of contact, secondary
care provides specialist therapy, tertiary care performs advanced treatments, and
quaternary care manages highly complex interventions. Healthcare providers at all
levels manage large volumes of data, including test results, medications, diagnoses,
medical histories, and other private health information [1]. Traditionally, patient
medical records were preserved as handwritten notes or typed reports [1], [9].
However, as the volume and complexity of healthcare data increased, the limi-
tations of paper-based systems became evident. Electronic Health Records (EHRs)
gained popularity as a result of the transition to digital systems enabled by ad-
vances in computing technology. The Institute of Medicine first introduced clinical
information systems (EHRs) in 2003 [1]. The goal was to collect, store, and present
electronic health data over time to improve patient care [10]. EHRs now serve as the
foundation for data-driven healthcare solutions, including Clinical Decision Support
(CDS) systems. However, the continuous growth in both the amount and variety
of healthcare data presents new challenges and opportunities for data management

and analysis.

1.1.1 Increasing Volume and Complexity of the Data

With the broad adoption of Electronic Health Records (EHRs), the volume and
diversity of healthcare data have increased substantially. These data are gener-
ally categorized into three types: structured, semi-structured, and unstructured.

Structured data, stored in fixed-format databases, include patient demographics,
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medications, allergies, and vital signs, while semi-structured data, often presented
in flowchart-like formats, consist of elements such as names, values, and timestamps
[11]. The emergence of big data has further amplified the scale and heterogeneity of
biomedical information, transforming scientific research by accelerating discoveries
and enabling data-driven decision-making [12]. However, this growing amount and
complexity of healthcare data, driven largely by EHRs, also pose major challenges
in data management, integration, and analysis [1], [13].

Unstructured data, the third category, refers to narrative text such as clinical
notes, surgical and discharge reports, radiology findings, and pathology records [11].
Although these records are rich in medical information, they lack a consistent format
and often contain spelling errors, ambiguous language, and non-standard grammar
or punctuation, making them difficult to process and analyze [14]. Clinicians fre-
quently rely on free-text documentation to describe complex conditions, yet this re-
liance complicates secondary uses of data such as research and analysis [15], [16]. As
cited in [17], inconsistencies arise from the interchangeable use of terms, acronyms,
and abbreviations. Additionally, a lack of familiarity with medical terminology can
hinder understanding and proper use of health information [18].

Zeng et al. [19] demonstrated these challenges by analyzing search queries from
patients and healthcare professionals on the Brigham and Women’s Hospital website.
Their findings revealed notable disparities, including more misspellings in patient
queries, lower mapping success to the Unified Medical Language System (UMLS),
and differences in semantic category distributions, leading to poorer information
retrieval performance for patient queries. Altogether, the predominance of unstruc-
tured, free-text data—combined with the ever-growing data volume—intensifies the
difficulty of effective information retrieval. Traditional lexical approaches based on
the bag-of-words model still dominate most retrieval systems but often suffer from

semantic gaps and vocabulary mismatches [20], motivating the need for more ad-
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vanced retrieval techniques.

1.1.2 Challenges in Keyword-Based Data Retrieval

Retrieving relevant clinical and medical information through keyword-based search

methods presents several significant challenges:

e Semantic gap: A disconnect between how medical concepts are expressed in
text and how users interpret them, exacerbated by complex medical terminol-

ogy, acronyms, spelling variations, negations, and temporal references.

e Vocabulary mismatch: Search terms used by non-experts or patients of-
ten differ from those found in clinical documentation or academic literature,

leading to suboptimal search results.

e Assessing relevance: Determining the relevance of retrieved information
remains difficult due to variations in users’ medical knowledge, ambiguous

language, and contextual nuances [20].

These challenges can significantly affect retrieval performance. For instance, in
the biomedical search engine PubMed, semantically similar queries such as chlorthali-
done vs hydrochlorothiazide and chlorthalidone versus hydrochlorothiazide yield markedly
different numbers of relevant articles, with “versus” returning 2.5 times more relevant
results [21]. Differences like these illustrate the limitations of traditional term-based
search engines that interpret natural language queries as mere collections of terms
[22].

The language of biomedical texts is inherently complex, featuring synonymy
(different terms with the same meaning), polysemy (terms with multiple meanings),
hypernymy (general terms), and hyponymy (specific terms). To address these chal-
lenges, biomedical ontologies such as BioMedPlus and controlled vocabularies like

MeSH (Medical Subject Headings) can be leveraged to provide synonyms and expand
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queries. However, such expansion can exacerbate polysemy, requiring additional
techniques to resolve ambiguity. Concept extraction, which derives representative
terms from text to generate query sets and analyze retrieved documents, has been
applied to rank results according to estimated relevance and mitigate these issues
[23].

Overall, keyword-based retrieval in the biomedical domain faces limitations from
semantic gaps, vocabulary mismatch, and natural-language complexity. These chal-
lenges have motivated the exploration of Al-driven approaches, including vector em-
beddings, to better capture semantic meaning and improve retrieval effectiveness,

which is discussed in the next section.

1.1.3 Role of AI and Vector Embeddings in Biomedical Data

Retrieval

Biomedical data, including electronic health records, biosignals, and scientific publi-
cations, is growing rapidly, making effective retrieval increasingly challenging. Tra-
ditional keyword-based search often fails to capture the semantic meaning of queries
and documents, which can limit access to relevant knowledge. To address this, Al-
driven methods such as word or document embeddings have been proposed. Em-
beddings represent text in high-dimensional vector spaces, capturing semantic rela-
tionships between terms and enabling more effective retrieval of relevant biomedical
information [24]. This high-level approach highlights the opportunities for improving
biomedical literature search, while detailed methods and evaluations are discussed

in the Literature Review section.
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1.2 Problem Statement

The ever-growing volume of biomedical publications makes identifying relevant infor-
mation increasingly challenging. Literature search, the process of retrieving scientific
articles to meet specific information needs, is essential for advancing biomedical re-
search and supporting patient care [25]. Physicians increasingly rely on bibliographic
databases to guide patient care, but often face difficulties due to limited time, com-
plex search strategies, and restricted access to some resources [25], [26], [27], [28].
PubMed, a widely used free biomedical database developed by the National Cen-
ter for Biotechnology Information (NCBI), currently houses over 36 million articles,
with more than 1 million new publications added each year [25]. It primarily han-
dles short keyword-based queries and returns lists of raw articles without further
analysis, limiting its ability to meet specialized information needs, such as during
rapid publication surges like COVID-19 [29], [30], [31], [32], [33].

Traditional keyword-based searches struggle with query ambiguity, fail to capture
semantic relationships, and may return irrelevant results [34]. Sorting by publica-
tion date can push irrelevant results to the top, and broad or highly specific queries
often require manual screening or prior knowledge of exact keywords. Approaches
like broad initial queries, rule-based keyword matching, synonym expansion, manual
abstract review, and leveraging cited texts offer partial improvements but are lim-
ited in scalability and effectiveness [35], [36]. Even with relevance-based sorting and
Al-assisted ranking, navigating large result sets remains challenging [25], [37], [38].
Users’ heterogeneous knowledge, evolving terminology, and differing methods of re-
porting further complicate retrieval [39], [40]. Semantic annotations, concept-based
filters, and advanced visualization techniques help explore associations between con-
cepts, but efficient retrieval of meaningful results is still difficult.

To address these challenges, Al-driven approaches that leverage semantic embed-

dings and model-based retrieval offer promising solutions. This thesis investigates
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the application of embedding models such as ChatGPT embeddings, SBERT, and
BioBERT to enhance the retrieval of biomedical literature and open-source biosignal
datasets, providing context-aware, relevance-ranked results. The following research

questions and objectives guide the development and evaluation of such a system.

1.3 Research Questions and Objectives

The system evaluates three embedding models—ChatGPT embeddings, SBERT,
and BioBERT, to build an Al-powered custom search engine for biomedical literature
and biosignal datasets. The database primarily includes research papers on ECG,
EEG, and PPG, as well as open-source biosignal datasets, but also contains other
biomedical and non-relevant papers to evaluate the system without bias. Each model
generates embeddings for papers using the title and abstract, and for datasets using
the title and description, storing them in respective columns.

Users can select a model for querying. The system embeds the query using the
selected model, matches it against stored embeddings, and returns the most relevant
results. For papers, the output includes a summary and DOI link; for datasets,
relevant datasets are returned along with a sample plot illustrating the data.

The research questions guiding this thesis focus on Al- and embedding-based
approaches for biomedical literature and dataset retrieval, handling terminology

variations, and supporting both expert and layperson users:

e RQ1: How do different embedding and language models (ChatGPT embed-
dings + GPT chat model, Sentence-BERT, and BioBERT) compare in terms

of retrieval accuracy, relevance, and interpretability for biomedical literature?

e RQ2: How well do the models bridge terminology differences between lay-
man and expert queries when retrieving relevant literature and datasets (e.g.,

“AFib,” “atrial fibrillation,” “fast heart rate”)?
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e RQ3: How effectively can the system support laypersons in querying biomed-

ical literature compared to domain experts?

— RQ3.1: Does the system produce consistent and accurate answers when

the same concept is queried by a layperson vs. a clinical researcher?

e RQ4: How effectively can the system retrieve relevant biomedical datasets

(e.g., from PhysioNet) based on user queries?

The system focuses on ECG, EEG, and PPG, the most widely studied and
relevant biosignals, but also includes other biomedical and non-relevant papers to
evaluate performance without bias. Only online, open-source datasets are included.
It does not cover other biosignals or health domains and does not provide diag-
nostic or clinical recommendations, ensuring its purpose is limited to research and
educational support.

In summary, this thesis presents an Al-powered search engine evaluating three
embedding models for retrieving biomedical literature and open-source biosignal
datasets. The system stores model-generated embeddings for papers and datasets,
enabling context-aware queries and relevance-ranked results. Research questions fo-
cus on model performance, handling terminology variations, supporting both expert
and layperson users, and retrieving relevant datasets, while maintaining a scoped

and non-clinical focus.

1.4 Thesis Content Summary

This thesis addresses the challenges of retrieving relevant biomedical literature and
datasets and investigates how AI and embedding models can improve search effec-
tiveness.

Chapter 1, Introduction, describes the growing volume and complexity of bio

medical data, highlighting the limitations of traditional keyword-based searches for
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clinicians and researchers. It introduces Al, particularly embedding-based models,
as a means to enhance search relevance and concludes with the research problem,
objectives, questions, and scope.

Chapter 2, Literature Review, provides an overview of existing biomedical re-
trieval approaches, contrasting keyword-based search with semantic search tech-
niques. It examines embedding models such as ChatGPT, BioBERT, and Sentence-
BERT, discusses vector databases for efficient retrieval, evaluates existing clinical
search tools and their limitations, and positions the proposed system as a semantic
retrieval framework integrating LLMs and VDBs for enhanced biomedical literature
search and knowledge access. This chapter identifies research gaps addressed by the
current study.

Chapter 3, Methodology, presents the design and development of the Al-
powered search system. It provides an overview of the data sources, including
biomedical literature and biosignal datasets, the preprocessing applied to ensure
data quality, the generation and storage of embeddings, and the implementation
of search strategies using semantic, keyword, and hybrid methods. The chapter
also outlines the evaluation framework, including test queries, labeled datasets, and
performance metrics.

Chapter 4, System Design, presents the architecture and technical implemen-
tation of the proposed biomedical retrieval system. The chapter details how data
flows through the system, from ingestion of research articles and biosignal datasets
to embedding generation, semantic retrieval, and context-aware answer generation
and also discusses the technology stack behind the system’s development.

Chapter 5, Results, presents the evaluation of the developed system for answer-
ing biomedical questions. It reports the performance of the models across the test
set, using multiple evaluation approaches. The chapter also highlights model per-

formance through combined and query type specific results, illustrates cases where
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strict DOI matching is insufficient, and discusses both quantitative and qualitative
findings to provide a comprehensive overview of each model’s strengths and limita-
tions.

Chapter 6, Discussion & Conclusion, interprets the findings in light of the
research questions, highlights model performance and query differences, addresses
limitations, and situates the results within biomedical research and Al-driven clinical

workflows.

1.5 Use of Artificial Intelligence Tools

In the preparation of this thesis, artificial intelligence (AI) tools have been used to
support mainly rephrasing and literature search tasks. ChatGPT was employed for
rephrasing and grammar checking, as well as for extracting keywords from “hot top-
ics” identified for each biosignal (ECG, EEG, and PPG). These keywords were then
used to retrieve relevant papers from PubMed via API. QuillBot and Grammarly
Al were used for additional rephrasing suggestions and cross-verifying grammar cor-
rections. All other content in this thesis including interpretations, analyses, and
methodologies was developed independently and reflects my own work and ideas.
Regarding coding, Al tools were used solely for brainstorming and exploring or
comparing potential approaches prior to implementation. All final code, designs,

and implementations are the result of my own work.



2 Literature Review

This chapter provides a comprehensive review of literature relevant to the thesis
topic, AI-Powered Retrieval of Medical Literature and Health Data with
Vector Databases: Developing a Custom Search Assistant for Medical
Research. It begins by discussing commonly used information retrieval techniques,
comparing traditional keyword-based methods with semantic search. The chapter
then introduces biomedical embeddings and their applications, gradually narrow-
ing the focus to the specific models employed in this system, including ChatGPT’s
embedding and chat completion model, BioBERT, and Sentence-BERT. It also ex-
amines the storage and retrieval of embeddings via vector databases, highlighting
their role in enhancing search performance. Existing clinical search tools are re-
viewed, with their limitations outlined and connections made to how the proposed
system addresses these gaps. Finally, the chapter explores Al applications in biosig-
nal retrieval, emphasizing their increasing importance in medical research and data

analysis.

2.1 Traditional vs Semantic Search in Biomedical
Literature

This section introduces the two primary information retrieval (IR) techniques: tra-

ditional search and semantic search, starting from a general IR perspective and
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narrowing down to biomedical literature. It outlines the principles, strengths, and
limitations of each approach and presents a comparison highlighting their key dif-

ferences and relevance to modern biomedical information retrieval systems.

2.1.1 Traditional Search

Information retrieval underpins systems such as search engines, chatbots, and digital
libraries, focusing on locating and ranking information that best matches a user’s
query. Early IR systems, also known as keyword-based or lexical search, relied on
exact matches between query and document terms, often using rule-based Boolean
logic or domain-specific heuristics. While effective in structured databases, these
methods lacked semantic understanding and user intent modeling [41], [42].
Statistical models such as bag-of-words and Term Frequency-Inverse Document
Frequency (TF-IDF) improved term relevance estimation [43], but still failed to
capture deep semantics. Document ranking assigns relevance scores to documents

based on similarity with the query, using methods such as:

¢ Boolean models: Binary classification of relevance by keyword presence.

e Vector space models: Represent queries and documents as vectors, ranked

by cosine similarity.

e TF-IDF: Combines term frequency and inverse document frequency for weight-

ing.
e BM25: Probabilistic TF-IDF variant accounting for document length.

Vector space models represent documents and queries as high-dimensional vec-
tors. TF-IDF downweights common terms and emphasizes rarer, more distinctive
ones. Most documents contain only a small subset of all possible terms, making

vectors sparse and enabling efficient storage and computation in large corpora [44],

[45].
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Inverted indexes map each term to the documents containing it, enabling fast
retrieval without scanning the entire corpus. This is particularly useful for full-
text searches. In biomedical IR, inverted indexes are widely used; for example,
Elasticsearch leverages them for efficient retrieval, and recent systems have used
them to identify patient cohorts based on family disease history [45].

Keyword-based methods, however, struggle with context, negation, and domain-
specific semantics. For instance, they may retrieve “cancer” even when a document
mentions “no family history of cancer.” Such limitations are especially critical in

biomedical literature, highlighting the need for semantic search methods [46], [47].

2.1.2 Semantic Search

Semantic search leverages natural language processing (NLP) and machine learn-
ing to interpret user intent and document context rather than relying solely on
keyword overlap [42], [48]. It improves retrieval accuracy and focuses on mean-
ing while supporting personalization and multimodal data analysis [42]. Applica-
tions include contextual literature comparison, knowledge graph construction, and
question-answering in medicine. Dense vector representations mitigate vocabulary
mismatch by retrieving documents mentioning related terms or synonyms.

Word embeddings represent words as numerical vectors capturing semantic and
syntactic relationships [49]. They can be context-independent or contextual, with
the latter adapting vectors based on surrounding text [50]. Grounded in the distribu-
tional hypothesis, embeddings encode meaning through co-occurrence patterns [51].
Traditional embeddings such as Word2Vec are static and struggle with polysemy and
domain-specific terms, motivating contextual embeddings [52]. Contextual embed-
dings assign each token a vector based on context, dynamically capturing syntactic
and semantic properties [53|. For example, “dermatome” may refer to a skin region

or a surgical instrument, with different vectors generated depending on usage [50].
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Common models include ELMo, BERT, and GPT [54], [55].

Sentence embeddings are fixed-size vectors capturing both sentence content and
context. They are critical in biomedical NLP tasks such as information retrieval,
semantic search, intent detection, and natural language inference [49]. At the docu-
ment level, count-based methods such as Latent Semantic Indexing (LSI) compute
co-occurrence statistics across term-document matrices and use dimensionality re-
duction techniques like Singular Value Decomposition (SVD) to project terms and
documents into a shared semantic space. Prediction-based methods like Doc2Vec
embed documents in the same vector space as words, capturing correlations between
words and their containing documents [56]. These approaches enhance document-
level comparison and retrieval. Word2Vec remains foundational, positioning seman-
tically related words near each other in a continuous space [57].

Embedding-based methods often complement traditional IR models such as TF-
IDF, BM25, and Boolean frameworks, which remain efficient through inverted in-

dexing [58], [59], [60], [61].

2.1.3 Comparison and Summary

Table 2.1 summarizes the key differences between traditional and semantic search

in terms of query handling, contextual understanding, and biomedical-specific chal-

lenges.
Table 2.1: Comparison of Traditional and Semantic Search
Feature Traditional Search | Semantic Search
Handling of synonyms | Poor Good
Context understanding | Low High
Biomedical specificity | Limited Stronger
Scalability High Moderate to High

This comparison demonstrates that semantic search overcomes many limitations

of traditional keyword-based methods, particularly in interpreting context, handling
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synonyms, and managing biomedical-specific terminology. By capturing meaning
rather than relying solely on exact word matches, semantic search enables more

precise and relevant retrieval in modern biomedical information retrieval systems.

2.2 Overview of Biomedical Embeddings

Biomedical information retrieval (IR) has traditionally relied on keyword-based al-
gorithms like TF-IDF and BM25, which struggle to interpret context or semantic
nuance [62]. To overcome these limitations, biomedical text mining (BioTM) has
emerged, integrating NLP and Al to extract structured knowledge from unanno-
tated biomedical literature [63], [64]. BioTM combines Information Retrieval (IR),
Information Extraction (IE), and Natural Language Processing (NLP) to automate
curation, hypothesis generation, and data integration [65], [66].

As BioTM evolved, the need for semantic representation learning became evi-
dent. Vector embeddings now serve as powerful features for machine learning mod-
els, capturing meaningful relationships between biomedical entities [24], [67]. They
have been widely applied to tasks such as named entity recognition and synonym and
relation extraction (e.g., chemical-disease, drug—-drug, and protein—protein interac-
tions). They are also used for literature retrieval and abbreviation disambiguation.

Wang et al. [24] evaluated embeddings trained on clinical notes, biomedical pub-
lications, and general-domain corpora (Wikipedia and news) to assess their biomed-
ical NLP effectiveness. Clinical and biomedical embeddings, trained on Mayo Clinic
EHR notes and PubMed Central (PMC) articles, outperformed general embeddings
such as GloVe and Google News in both intrinsic similarity tests and downstream
NLP tasks.

Transformer-based models further advanced this field through self-attention and
encoder—decoder architectures, enabling scalable learning of richer biomedical rep-

resentations from large-scale data [68].
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Deep learning architectures such as Recurrent Neural Networks (RNN), Long
Short-Term Memory (LSTM), and Gated Recurrent Units (GRU) have been widely
used for text processing. However, they are limited in modeling long-range depen-
dencies and scalability [69], [70]. Transformers, based on self-attention mechanisms,
overcome these limitations by enabling models to focus on contextually relevant
parts of text in parallel. In biomedical NLP, transformer models are often initial-
ized from general-domain pretraining and further trained on biomedical corpora for
improved domain adaptation [68], [71], [72], [73].

BERT (Bidirectional Encoder Representations from Transformers) introduced
bidirectional context modeling using masked language modeling, achieving strong
results in named entity recognition (NER), relation extraction, and question an-
swering [74]. However, pretrained on general-domain corpora such as Wikipedia,
its understanding of biomedical terminology is limited [75], [76], [77]. BioBERT
addresses this by pretraining on large-scale biomedical datasets, including PubMed
abstracts and PMC articles, significantly improving biomedical NER, relation ex-
traction, and question answering [75], [78]. Sentence-BERT (SBERT) generates
fixed-size sentence embeddings preserving semantic similarity, supporting semantic
search, document clustering, and contextual literature retrieval [79], [80].

While BioBERT and SBERT excel in semantic representation, GPT represents
a state-of-the-art generative transformer capable of understanding and producing
contextually relevant biomedical text, performing tasks such as summarization, in-
formation extraction, and interactive question answering with human-like fluency
[81]. Beyond generative reasoning, these models provide rich contextual embed-
dings that can be leveraged for similarity-based retrieval. However, directly query-
ing generative models over large biomedical corpora is computationally infeasible
due to the size and complexity of the data. To address this, embeddings extracted

from LLMs or domain-specific transformers are stored in vector databases (VDBs),
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which are optimized for managing high-dimensional vectors representing semantic

and contextual information of biomedical texts [82].

2.3 Vector Databases and Their Role in Embedding
Retrieval

Traditional information retrieval relies on sparse, high-dimensional document repre-
sentations, such as bag-of-words or BM25, which excel at exact term matching but
fail to capture semantic similarity [83|. Dense vectors, by compressing information
across all dimensions, encode semantic meaning and relationships, enabling searches
based on similarity rather than exact matches. This makes dense representations
more informative and computationally efficient for tasks such as search, classifica-
tion, and clustering. A key operation is nearest neighbor search, which becomes
costly in high-dimensional spaces due to the “curse of dimensionality.” Approxi-
mate nearest neighbor (ANN) algorithms address this by retrieving sufficiently close
neighbors while balancing accuracy and efficiency. ANN methods reduce the search
space via techniques like space-partitioning and proximity graphs such as Hierarchi-
cal Navigable Small World (HNSW) algorithm [84] or by dimensionality reduction
through quantization and hashing such as Locailty-Sensitive Hashing (LSH) [85], as
cited in [86].

To support large-scale ANN search, vector libraries such as Facebook AI Simi-
larity Search (Faiss) [87] implement efficient algorithms e.g HNSW, LSH, often with
GPU acceleration for large datasets. While these libraries provide high-performance
vector similarity search, they lack full database functionalities required in real-world
applications. Vector databases (VDBs) extend these capabilities by combining ANN
indexing with database features such as real-time updates, parallel processing, se-

curity controls, and integration with analytics and Al tools. VDBs serve as the
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backbone for semantic retrieval, caching, and long-term memory in applications
such as Retrieval-Augmented Generation (RAG) and LLM-driven workflows [86].

With large language models (LLMs) like ChatGPT, chatbots have become in-
creasingly sophisticated, supporting a wide range of applications. However, LLMs
face limitations in semantic retrieval, dynamic knowledge updates, and multimodal
data handling. VDBs address these challenges by enabling semantic searches on
dense vectors, providing efficient long-term context storage, managing dynamic
datasets for incremental learning, and unifying multimodal data for LLM consump-
tion [86].

As transformer-based LLMs continue to advance toward generative and context-
aware capabilities, VDBs provide efficient management of high-dimensional embed-
dings, support semantic search, integrate external knowledge, and mitigate hallu-
cinations [82|. Acting as external memory, they enhance LLM reasoning in RAG
workflows by enabling data storage, vectorization, similarity-based retrieval, and
context integration [88|, [89]. Furthermore, VDBs reduce computational cost and
latency by caching embeddings of prior queries [90], [91] and store interaction his-
tories for dynamic context recall [92].

LLMs can also augment database and VDB functionality by providing natural-
language interfaces, contextual reasoning, and task adaptability [93]. They can
translate prompts into executable queries, optimize performance, enrich incomplete
information, and support advanced workflows such as content generation and cross-
domain transformations [94], [95], [96], [97], [98], [99], [100], [101]. By integrating
prior knowledge and generalizing across database types, LLMs reduce manual effort
and improve scalability. While these capabilities highlight the promising role of
LLMs in modern data management, a detailed exploration of such integrations is

beyond the scope of this thesis.
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2.4 Existing Clinical Search Tools and Their Limi-
tations

The rapid growth of biomedical literature offers great potential for evidence-based
healthcare, yet existing retrieval systems often underperform due to reliance on
exact word matching rather than semantic understanding. Integrating standardized
biomedical concepts—such as genes, diseases, and chemicals—has been shown to
improve retrieval relevance by capturing relationships beyond lexical overlap [102].

For example, [102| combines sparse retrieval methods (e.g., BM25F) with concept-
based extensions like query expansion and re-ranking, and further applies hybrid
retrieval where BioMedBERT re-ranks BM25F results to capture deeper semantics.
While this enhances accuracy, limitations include high computational cost, incom-
plete semantic coverage in sparse models, and dependence on frequently updated
biomedical concept databases, affecting flexibility and scalability.

Machine learning approaches have also been applied to identify high-quality, clin-
ically relevant literature. Supervised classifiers trained on gold-standard datasets
(e.g., ACP Journal Club) improve efficiency but face limitations such as restricted
domain coverage, small dataset size, and potential biases. Combining textual fea-
tures, metadata, MeSH terms, and UMLS concepts can improve performance, and
ensemble models often balance recall and precision. However, unsupervised and ac-
tive learning methods remain largely unexplored, and inconsistent reporting and lack
of benchmarks hinder method comparison. Emerging NLP models like BioBERT can
further enhance semantic understanding and complement concept-based retrieval
[103].

MedCPT, a contrastively pre-trained Transformer model for zero-shot biomed-
ical information retrieval, represents another step toward semantic understanding.

Trained on 255 million PubMed query—article click pairs, it integrates a dual-encoder
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retriever with a cross-encoder re-ranker to achieve state-of-the-art zero-shot retrieval
performance. Despite its strong generalization, MedCPT and similar dense models
face challenges of interpretability and may retrieve semantically related but clinically
irrelevant results, highlighting the ongoing need for hybrid, interpretable retrieval
systems [104].

To address these limitations, the proposed system in this study functions as
an intelligent clinical search engine designed for biomedical researchers. It inte-
grates three embedding models: GPT, BioBERT, and SBERT, to enable flexible,
model-specific semantic retrieval. Users can input natural-language queries and se-
lect their preferred model to obtain summarized answers with corresponding source
DOIs. When available, the system also retrieves and visualizes relevant datasets
from PhysioNet [105], particularly focusing on ECG, EEG, and PPG signals. By
combining multi-model semantic retrieval, evidence summarization, and dataset vi-
sualization, the system bridges literature insights with real-world physiological data,
addressing both interpretability and accessibility challenges in clinical information

retrieval.



3 Methodology

This chapter discusses the methodologies employed in the development of the system,
covering the data used, the processes applied to it, and the techniques implemented
throughout the workflow.Details of these methodologies, which have been introduced
or discussed in previous chapters, are summarized here to provide context for the im-
plementation. The chapter begins with an overview of the data sources, describing
the types of data utilized in the system and their respective origins. It then proceeds
to outline the steps involved in data ingestion and preprocessing. Following this, it
explains the approach used for representing data through embeddings and storing
them in a vector database. Subsequently, the chapter presents the search techniques
implemented in the system, including semantic, keyword, and hybrid search meth-
ods. Finally, it concludes with the evaluation component, providing an overview of
the techniques applied to assess system performance and the creation of a labeled
test set used as the ground truth for evaluation. The following descriptions provide
a high-level overview of the chapter; detailed explanations of each methodology are

presented in the respective sections below.

3.1 Data Acquisition and Preprocessing

This section provides an overview of the data sources used in the thesis and also
addresses the preprocessing steps applied to prepare the data for later stages of

the system. The system relies on two primary types of data: textual data and
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biosignal data. The textual data consist of research articles scraped from PubMed,
including only the title, abstract, DOI, and open-access articles. The biosignal data
include physiological signals, specifically the datasets for ECG, PPG, and EEG,
obtained from open-access datasets available on PhysioNet. The following subsec-
tions describe each data type in more detail, including the specific datasets used,
their relevance to the system, and the preprocessing techniques applied to ensure

consistency and quality before further processing.

3.1.1 Textual Data

The textual data used in the system were retrieved from PubMed using the NCBI
Entrez Programming Utilities (E-utilities) [106], which provide programmatic access
to biomedical literature. To collect relevant papers for each physiological signal,
arrays of common or “hot” topics related to ECG, EEG, and PPG were sent as
queries to the Entrez API. For each retrieved paper, the system stored the title,
abstract, and DOI in a dedicated database; details of how this data is later processed
for embedding generation are discussed in Embedding Generation section below.

In addition to these basic fields, a new column called domain tag was introduced
to label each paper according to its corresponding signal. For example, all papers
retrieved using ECG-related keywords were assigned the tag ECG, and similarly for
EEG and PPG. This labeling facilitates signal-specific retrieval and organization of
the textual dataset.

To ensure that the retrieval process was unbiased and to provide a diverse set of
examples for evaluation, the dataset also includes irrelevant papers. These irrelevant
papers fall into two categories: (1) Biomedical-other, which includes physiological
signal papers not related to ECG, EEG, or PPG, as well as other biomedical liter-
ature; and (2) Non-relevant, which includes papers from unrelated domains, such

as artificial intelligence, computer vision, general science, biology, and agriculture.
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The inclusion of these categories allows for a more robust assessment of the system’s

retrieval performance across relevant and irrelevant texts.

3.1.2 Biosignal Data

The biosignal data used in the system were obtained from PhysioNet, which pro-
vides open-access biomedical signal datasets. The PhysioNet API was used to pro-
grammatically retrieve available datasets related to ECG, EEG, and PPG signals.
Similar to the approach used for textual data, arrays of relevant or “hot” topics for
each signal type were sent as queries to collect corresponding datasets.

For each retrieved dataset, the system stored its name, description, URL, and
PhysioNet identifier in the database. A domain tag column was again utilized to
assign tags corresponding to each dataset category (e.g., ECG, EEG, or PPG). This
tagging facilitates organized storage and signal-specific retrieval during later stages
of processing. Details on how this biosignal data is later used are also discussed in

Embedding Generation section below.

3.1.3 Data Preprocessing

Data preprocessing was carried out separately for textual data and biosignal data.
For the textual data, the preprocessing steps included HTML tag removal, un-
escaping of HTML entities, removal of non-printable characters, normalization of
whitespace, and conversion to lowercase. These steps were applied to the full text
of the research papers, including titles and abstracts, as well as to the metadata of
the biosignal datasets obtained from PhysioNet, such as titles and descriptions.
Following these cleaning and normalization steps, an additional filtering proce-
dure was applied to ensure data quality. Papers or datasets with missing or exces-
sively short content were excluded from further processing. Specifically, research

papers with empty or too-short titles, abstracts, or DOIs were removed, and biosig-
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nal datasets with empty or insufficiently descriptive titles, descriptions, or dataset
URLs were also filtered out. This ensured that only meaningful and information-rich

data were retained for subsequent embedding generation.

3.2 Embedding Generation and Storage

This section describes the techniques used to generate embeddings for both data
sources—textual and biosignal data. It outlines the models employed for embedding
generation and explains the specific input data used to create embeddings for each
modality. Furthermore, it discusses the method and database architecture used to
store the generated embeddings for efficient retrieval and similarity search. The
approach involved generating embeddings using three different models, and storing
them separately so that each model’s embeddings could be evaluated and compared
in subsequent chapters.

Three models were employed for embedding generation:

e text-embedding-ada-002 (OpenAl): a general-purpose embedding model

generating vector representations of 1536 dimensions for text [107].

e all-mpnet-base-v2 (Sentence-BERT variant): a transformer-based model
mapping sentences and short paragraphs into a 768-dimensional vector space

[108].

e dmis-lab/biobert-base-cased-v1.1 (BioBERT): a domain-specific model

pre-trained on biomedical corpora to capture biomedical semantics [109].

For textual data (research papers), embeddings were generated by concatenating
the title and abstract of each paper and passing the combined text through all three
models. For biosignal data (datasets from PhysioNet), embeddings were generated

from the dataset’s title combined with its description, using the same three models.
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This approach ensures that both textual and biosignal metadata are represented in
the same vector-space framework, facilitating unified retrieval.

The embeddings were stored in a vector-enabled database built on PostgreSQL
using the PgVector extension. Each model’s embeddings are stored in separate ta-
bles to allow independent evaluation and comparison. Furthermore, textual-data
embeddings and biosignal-data embeddings are stored in distinct tables for modu-
larity and system flexibility. A detailed discussion of the database schema, table
names, columns, indexing, and storage strategy is provided in the later chapter

System Design.

3.3 Search and Retrieval Pipelines

This section presents the techniques implemented for the search methodology, de-
tailing how users can retrieve answers to their queries. It provides an overview of the
search strategies employed within the system, which, as described in previous chap-
ters, allows users to select from three models, GPT, SBERT, and BioBERT, when
submitting a query. The retrieval pipeline integrates both semantic search based on
embeddings and a hybrid approach combining semantic and keyword-based search
techniques depending on the selected model configuration.

The semantic search pipelines, implemented using SBERT and BioBERT mod-
els, leverage vector representations of PubMed articles and biosignal datasets. Upon
query submission, the system generates an embedding for the query using the se-
lected model. Relevance is then determined by computing the cosine similarity
between the query embedding and precomputed embeddings stored in the database.
SBERT provides general-purpose embeddings suitable for capturing semantic sim-
ilarity across diverse biomedical texts, while BioBERT offers domain-specific em-
beddings trained on biomedical corpora, which enhances retrieval performance for

specialized biomedical queries. When a query is submitted, the system generates a
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query embedding using the selected model and computes similarity scores against
both the article and dataset embeddings. Retrieved items are then ranked based
on these similarity scores, and the top-ranked articles and datasets are used to
construct the context for subsequent answer generation. In these pipelines, both lit-
erature and datasets are retrieved using dense vector similarity, resulting in a fully
semantic retrieval framework.

In the GPT-based pipeline, a hybrid search strategy is employed to maximize
retrieval relevance. Semantic search is used to identify articles that are conceptually
aligned with the query, capturing relevant information even when exact keywords are
not present. Keyword-based search is simultaneously applied to specifically retrieve
biosignal datasets through pattern matching over dataset names and descriptions
rather than vector similarity. This hybrid approach is used in GPT because dataset
identifiers often contain acronyms, device names, or protocol-specific labels that
are less effectively captured by dense embeddings, whereas SBERT and BioBERT
pipelines rely on their respective embeddings for both articles and datasets, ensur-
ing a fully semantic, model-consistent retrieval framework. The results from both
searches are integrated into a structured context, which is then provided as input
to the GPT model for answer generation. This hybrid configuration reflects the un-
derlying system architecture, where dense embeddings are used for article retrieval,
while dataset retrieval relies on lexical matching. The final output delivers a coher-
ent answer that combines relevant article excerpts, dataset descriptions, and, where

appropriate, clarifications of biomedical terminology.

3.4 Evaluation

This section presents the methodology employed to evaluate the performance of the
proposed search system. The evaluation aims to measure how effectively the sys-

tem retrieves relevant biomedical articles and biosignal datasets in response to user
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queries. To this end, a curated test set comprising 108 queries was created, encom-
passing ECG, EEG, and PPG signals. Each selected paper includes two questions:
one formulated in layman’s terms and another in technical clinical language, reflect-
ing diverse user perspectives. For each submitted query, each model retrieves the
top £ = 5 most relevant biomedical articles and the top & = 5 biosignal datasets,
which are then used to construct the retrieval context.. The evaluation framework
combines multiple complementary approaches, including keyword-based assessment,
semantic similarity measures, and judgment facilitated by a GPT-based evaluator.
Importantly, the evaluation is conducted on the final generated answer produced
after the retrieval of articles and datasets, the construction of the combined con-
text, and the subsequent answer generation step, rather than on the retrieved items
in isolation. This multi-faceted methodology enables a thorough analysis of the
retrieval performance of different models and search strategies, providing a robust

foundation for detailed discussion in the subsequent subsections.

3.4.1 Test Queries and Labeled Dataset

The evaluation test set was curated to provide a representative and diverse set of
queries across multiple biosignal modalities. Specifically, 40 queries were selected
for ECG, 40 for EEG, and 28 for PPG. The selection procedure involved randomly
sampling relevant papers from the database, and then, using their titles and ab-
stracts, generating two questions per paper with the assistance of a GPT model:
one phrased in layman’s terms and another in formal clinical language. Each en-
try in the labeled dataset contains the paper’s title, abstract, DOI, an array of
associated questions, and the corresponding dataset URLs. Retaining the title and
abstract ensures that even if the retrieved answer does not explicitly reference the
original DOI, the evaluation can still compare the generated answer with the source

content based on semantic similarity. This structured approach allows for robust
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assessment of the system’s ability to retrieve relevant articles and datasets across
different query formulations.

In constructing these queries, a standardized prompt was used to ensure consis-
tency across all generated entries. After selecting papers from the database for each
signal type, their titles, abstracts, and DOIs were passed to the GPT-5.1 model to-
gether with a fixed instruction template. The prompt required the model to (i) iden-
tify whether the paper was relevant to ECG, EEG, or PPG, (ii) generate two highly
specific questions—one formulated in simple layman’s language and another in for-
mal clinical terminology and (iii) list any potentially relevant PhysioNet datasets.
All fields were returned in a constrained JSON structure to maintain uniformity
across the dataset. Although the generation process itself was fully automated, a
limited amount of manual curation was performed to verify correct signal-type clas-
sification and to exclude outputs that did not adhere to the required format. No
content was manually authored; adjustments were restricted to correcting structural
inconsistencies or removing entries where the model failed to follow the prompt. The

exact prompt used in this process is reproduced below for completeness.

Example Prompt: For every title and abstract that I provide, first determine
whether it is relevant to ECG, EEG or PPG. If it is not relevant, then only
respond: “it is not relevant” and do not generate JSON.

If it is relevant, then produce 2 extremely specific, narrowed-down questions

based on that paper’s title and abstract:

e One question written in simple layman terms

e One question written in clinical researcher terms

After that, list all potentially related datasets from PhysioNet only. All

output should be in small case except the signal type.
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The final output must follow exactly this structure:

{

"signal_type": "ECG/EEG/PPG",
"paper_title": "",
"paper_abstract": "",

"doi": "",

"dataset": [],

"questions": []

¥

To illustrate the structure and specificity of the generated entries, one example

from each signal modality is provided below.

Example 1 (ECG)

Paper title: dna damage accumulation impedes cardiac repair after my-

ocardial infarction because of insufficient il-10 expression. [110]

Abstract: Notably, ku80-deficient mice had reduced anti-inflammatory
m2 macrophage infiltration despite exhibiting no significant differences
in bone marrow-derived macrophage polarization. in addition, the mrna
levels of interleukin-10 (il-10), an anti-inflammatory cytokine essential for
m2 macrophage polarization and infiltration, were significantly lower in
ku80-deficient hearts than in wt hearts both at baseline and after mi.
in situ analysis revealed that cells near the ischemic border zone - likely
cardiomyocytes - serve as the major sources of il-10. in vitro studies
using hl-1 murine cardiac cells confirmed that chemical hypoxia induces
il-10 expression, whereas preexisting dsbs blunt this response. together,
these findings suggest that dsb accumulation hinders cardiac repair after
mi, potentially because of insufficient il-10 expression in cardiomyocytes,

thereby disturbing m2 macrophage recruitment.... [110]
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Layman-style question: How does damage to heart cells after a heart

attack slow down the healing process in the heart?

Clinical-style question: How does persistent dna double-strand break
accumulation impair post-myocardial infarction cardiac remodeling via
suppression of cardiomyocyte-derived il-10 expression and subsequent m2

macrophage recruitment?

Relevant datasets: MIT-BIH Arrhythmia Database (MITDB) [111],

PTB Diagnostic ECG Database (PTBDB) [112].

Example 2 (EEG)

Paper title: carly assessment and analysis of high-risk factors of neu-
rodevelopmental impairment in neonates with congenital diaphragmatic

hernia. [113]

Abstract: Severe pulmonary hypoplasia (lhr<1.5; or=6.20, 95% ci: 2.15-
17.80), pphn, and open surgery are independent predictors of neurodevel-
opmental impairment in cdh neonates. the combined use of aeeg, rso,
and nbna significantly improves the efficiency of early neurodevelopmen-
tal impairment identification (auc=0.960), outperforming single indica-
tors. clinicians should prioritize monitoring pulmonary hypoplasia and
perinatal complications while adopting multimodal neuromonitoring to

optimize early intervention strategies...... [113]

Layman-style question: How can early brain monitoring help predict

developmental problems in newborns with a diaphragmatic hernia?

Clinical-style question: What is the predictive value of amplitude-
integrated eeg combined with rso and nbna for early identification of neu-
rodevelopmental impairment in neonates with congenital diaphragmatic

hernia?
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Relevant dataset: CHB-MIT Scalp EEG Database [114].

Example 3 (PPG)

Paper title: the acute cardiovascular response to dynamic exercise and

recovery following cannabis use. [115]

Abstract: Smoking the-predominant cannabis elevated post-exercise pulse
pressure (pre vs. post; control: 426 vs. 417mmhg, s-the: 434 vs. 509mmbhg,
v-the: 445 vs. 468mmhg, v-cbd: 434 vs. 437mmhg; p<0.01). the effect of
exercise on arterial stiffness and endothelial function was not modified by
cannabis; however, septal isovolumic contraction time (baseline: 7219ms,
control: 7620ms, s-the: 6011ms, v-the: 6612ms, v-cbd: 6916ms; p=0.01)
was reduced in s-the compared to after control exercise (p=0.048), indicat-
ing altered systolic function. blood pressure during maximal cycling was
similar regardless of exposure. systolic function, diastolic function, and
ventricular mechanics during exercise were unaffected by cannabis. thc-
predominant cannabis increases pulse pressure and alters cardiac, but not
vascular, function after exercise. cannabis does not affect blood pressure

or cardiac function during exercise....... [115]

Layman-style question: how does cannabis use affect heart pulse pres-

sure and cardiac function after exercise?

Clinical-style question: what are the acute effects of thc- and cbd-
predominant cannabis on arterial stiffness, endothelial function, and sys-

tolic cardiac parameters during and after maximal dynamic exercise?

Relevant datasets: MIMIC-III Waveform Database [116], MIMIC-IV

Waveform Database [117].
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3.4.2 Evaluation Metrics

The performance of the retrieval and answer generation system was evaluated using
multiple complementary metrics designed to capture both factual correctness and se-
mantic relevance. As described in the previous section, answer generation/generated
answer refers to the final response produced after retrieving the top & = 5 articles
and datasets per query and constructing a combined context, which the model then
uses to generate a synthesized answer. Two primary evaluation approaches were
employed, providing a balanced assessment of the system’s effectiveness.

The first approach, referred to as the standard test set evaluation, involved
comparing model-generated answers against a curated test set. Metrics included the

following:

e DOI Match: This binary metric checks whether the generated answer con-
tains the exact DOI of the reference paper. DOIs are a standardized and un-
ambiguous identifier for scientific publications, making this metric a reliable
indicator of whether the model correctly retrieved or referenced the intended
source. However, DOI matching alone is limited, as a correct DOI does not

guarantee that the accompanying explanation is accurate or meaningful.

e Dataset Match: This metric evaluates whether the answer includes any
relevant dataset URLs from PhysioNet. This metric captures the model’s

ability to ground its answers in appropriate data sources.

e Keyword Overlap: Keyword overlap measures lexical similarity between
the generated answer and the reference abstract. This metric provides a
lightweight approximation of content alignment and is useful for detecting
whether key biomedical terms are present. However, it is sensitive to para-
phrasing and does not account for semantic equivalence, which motivates the

inclusion of a semantic similarity metric.
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¢ Embedding Similarity: Embedding similarity is computed as cosine simi-
larity between embeddings of the answer and the reference abstract using Ope-
nAl’s text-embedding-ada-002 model. This metric captures conceptual simi-
larity beyond exact word matching, addressing limitations of keyword overlap

in cases of paraphrased or reformulated explanations.

e TF-IDF Similarity: TF-IDF similarity is computed as the cosine similarity
between TF-IDF vectors of the generated answer and the reference abstract.
This metric captures the overlap of important terms weighted by their fre-
quency, providing a measure of lexical similarity that highlights shared key-

words and phrases, but does not capture deeper semantic relationships.

e Composite Score: To balance the strengths and weaknesses of individual
metrics, a composite score was computed as a weighted aggregation of the
above metrics to produce a single measure of overall retrieval and answer

quality. Computed as:

composite score = 0.3 x DOI _match + 0.2 x Dataset _match

+ 0.25 x Keyword _overlap + 0.25 x Semantic__similarity

The second approach, termed LLM-based evaluation, is used to address the
limitations of strict citation-based metrics. In several cases, model-generated an-
swers did not retrieve the exact DOI present in the test set, yet the responses
remained factually accurate and well aligned with the query, indicating that DOI
matching alone does not fully capture answer quality. The LLM-based evaluation
therefore assesses answer quality relative to the query itself, enabling evaluation
of accuracy, completeness, relevance, and citation use even when exact reference

identifiers differ, and thereby complementing automatic evaluation metrics.

e Accuracy: Evaluates factual correctness of biomedical statements by com-
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paring the generated answer against the closest matching reference abstract.

e Completeness: Measures the extent to which the answer addresses all rele-
vant aspects of the question, including key mechanisms, entities, and implica-

tions described in the reference paper.

e Relevance: Assesses whether the answer remains focused on the query with-

out introducing unrelated or misleading information.

e Citation Use: Proper inclusion and correct referencing of the DOI(s) and
datasets mentioned in the reference paper, penalizing missing or incorrect

citations.

e Overall: Holistic judgment integrating accuracy, completeness, relevance, and
citation use, while also considering clarity, conciseness, and structured expla-

nation.

In practice, the evaluation pipeline first identifies the reference paper with the
highest semantic similarity to the query using embeddings, and then GPT is prompted
to score the model answers on a 0-1 scale across the metrics above. The model is
instructed to compare answers to the reference abstract, DOI, and datasets, penal-
ize hallucinations, reward well-structured and concise responses, and provide brief
comments explaining each score. The output is formatted as a JSON array for
standardized analysis across models.

This combination of quantitative and qualitative evaluation provides a robust
framework for assessing both retrieval accuracy and answer quality, facilitating
meaningful comparisons across different retrieval strategies such as semantic-only,

keyword-only, hybrid and answer generation models.



4 System Design

This chapter presents the design of the proposed system, detailing both its architec-
ture and the technology stack used for development. It provides a comprehensive
description of the main components, including the ingestion pipeline, preprocessing
engine, embedding and vector store layer, retrieval API, and the frontend interface.
Each component is discussed individually in terms of its role, functionality, and in-
teraction with other modules. Finally, the chapter illustrates how these components
are integrated into a cohesive system, highlighting the data flow and overall system

architecture with a schematic representation.

4.1 Architecture

This section provides an overview of the system architecture, outlining the main
components and their interactions. The architecture is designed to efficiently han-
dle the end-to-end workflow, from data ingestion and preprocessing to embedding,
storage, retrieval, and presentation of results through the frontend interface. Each
component is described individually in the following subsections, highlighting its
role, inputs and outputs, and the technologies employed. Figure 4.1 illustrates the

overall system architecture and the relationships between its components.
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Figure 4.1: System architecture of the proposed framework

4.1.1 Ingestion Pipeline

The ingestion pipeline is responsible for collecting data from external sources and
preparing it for downstream preprocessing and embedding. The system ingests two
primary data types: (i) biomedical research articles retrieved from PubMed, and (ii)
physiological signal datasets obtained from PhysioNet. Since ingestion is treated as
an administrative functionality, it runs separately from the user-facing interface and
is executed only by authorized system administrators.

The ingestion process begins by querying external data sources using their respec-
tive APIs, as previously discussed in subsection Textual Data of the Methodology
chapter. Both APIs support keyword-based search, allowing the system administra-
tor to specify terms of interest that determine which papers or datasets are retrieved.
For PubMed, the pipeline collects metadata such as the article title, abstract and
Digital Object Identifier (DOI). For PhysioNet, the pipeline retrieves metadata in-
cluding the dataset title, description and URL.

Once the content is retrieved, the ingestion layer forwards the data directly
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to the preprocessing engine. At this stage, the data remains in its raw form; no
embeddings or storage operations occur before preprocessing. The preprocessing
engine is responsible for cleaning and normalizing the retrieved content so that
only validated, structured, and high-quality information is stored in the PgVector-
enabled PostgreSQL database. This staged design ensures that the database only
contains processed and consistent data, enabling efficient downstream embedding

and retrieval.

4.1.2 Preprocessing Engine

The preprocessing engine applies all cleaning and normalization steps to the raw data
retrieved during ingestion as previously discussed in subsection Data Preprocessing
of the Methodology chapter. These transformations ensure that both textual and
physiological data follow a consistent schema suitable for downstream embedding.
After validation, the ingested data is stored in a PostgreSQL database extended
with the PgVector extension. Two separate tables are maintained: one dedicated
to research articles and one to biosignal datasets. This separation ensures clean or-
ganization of heterogeneous data types and enables seamless retrieval and indexing
during the embedding and similarity search stages. Each entry is stored with its
associated metadata and a unique identifier, ensuring traceability throughout the
system. Upon successful ingestion, the stored data becomes available to the prepro-
cessing engine, which handles cleaning, normalization, and preparation of text and
biosignal data for embedding. The modular design of the ingestion pipeline ensures
maintainability, extensibility, and consistent data flow into the subsequent stages of

the architecture.
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4.1.3 Embedding and Vector Store Layer

As explained earlier in section Embedding Generation and Storage of the Method-
ology chapter, three different models are employed to generate embeddings for the
dataset. These models are applied to both research articles and biosignal datasets,
producing fixed-dimensional vector representations that capture semantic and struc-
tural information. For textual data, the models encode each article abstract and title
combined into dense vectors representing its contextual meaning. For biosignals, it
combines the title and description of and transforms it into vector form.

The generated embeddings are stored in the PostgreSQL database extended with
the PgVector extension. Separate tables are maintained for research articles and
biosignals, and embeddings from each model are stored in dedicated columns to
facilitate multi-model retrieval. During query execution, user inputs are encoded
using the same embedding models, generating query vectors that are compared
against the stored vectors. The system then returns the top-k most relevant articles
or biosignal datasets according to semantic similarity. This approach enables user to
perform meaningful searches based on content rather than simple keyword matches,

providing a robust foundation for downstream retrieval and analysis.

4.1.4 Retrieval Service

The retrieval service serves as the core interface between the user and the system,
enabling user to submit queries and receive relevant answers from both research
articles and biosignal datasets. The user first selects one of the available embedding
models. The system transforms the user query into a vector using the chosen model
and performs a similarity search against the set of precomputed embeddings in the
PgVector database corresponding to that specific model. Based on similarity scores,
the top-k most relevant papers or datasets are retrieved.

The retrieved items are then used to construct a contextual prompt for the
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ChatGPT completion model. Specifically, the system utilizes the GPT-4-mini model
as mentioned earlier in Methodology chapter, to generate answers while following
explicit instructions to avoid hallucinations, include DOIs for research articles, and
provide dataset URLs for biosignals. The context includes the content from the
top-k retrieved articles or datasets, ensuring that the generated answer is grounded
in the source material.

For biosignal datasets, the system first encodes the user query into an embedding
and performs a top-k similarity search against the precomputed embeddings of all
biosignal datasets. The retrieved datasets are then used to build a context, similar
to the article retrieval process, which guides the generation of answers. The system
subsequently retrieves the dataset URLs and uses the WFDB Python library [118]
to directly visualize the signals without downloading them to local storage. This
approach maintains data integrity, reduces storage overhead, and allows real-time
visualization of physiological signals.

The frontend serves as the user interface, enabling them to submit queries, select
models, and visualize results; the implementation details are discussed in Section

User Interface.

4.1.5 User Interface

The system provides a user-friendly interface for the users through a Streamlit
[119] based frontend, allowing interaction with the backend retrieval and embed-
ding pipeline. The interface consists of a text input box for the user to submit
queries and a dropdown menu to select the embedding model from which they want
the answer to be generated. A submit button triggers the query submission process.

Upon submission, a loading placeholder is displayed while the system processes
the query. Once the answer is generated by the backend GPT-4-mini model, the

interface presents the response along with clickable Digital Object Identifiers (DOIs)
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for research articles and clickable URLs for biosignal datasets. This ensures that
users can directly access the original sources referenced in the answer.

If the query references a biosignal dataset, the interface then displays an addi-
tional loading placeholder while the system retrieves and processes the dataset. The
dataset is visualized directly within the frontend using the WFDB Python library
[118], without requiring local downloads, allowing real-time inspection of physiolog-
ical signals.

The interface design, combined with its integration with the retrieval and embed-
ding backend, provides clinical researchers with an intuitive and efficient platform
to explore biomedical literature and biosignal data. A screenshot of the frontend is

shown in Figures 4.2 and 4.3.

# PubMed RAG Explorer

® Askaquestion:

how does changing the reference electrode affect eeg signals when someone imagines or performs movement:

# Choose model:

gpt

# Submit

Answer from GPT

The reference electrode in electroencephalography (EEG) plays a crucial role in the quality and reliability of the
recorded brain signals. When someone imagines or performs movements, the EEG signals can be influenced by the
choice of reference electrode. A study proposed a novel approach called the inverted perspective reference electrode
(IPRE), which utilizes information from all channels to enhance the reliability of the reference signal. This method
involves re-referencing the original set of signals to the electrode of interest, which can help mitigate the variability
caused by the active reference electrode. This is particularly significant in applications like brain-computer interfaces

(BCls), where accurate classification of motor tasks is essential for effective communication and control

In the context of imagined movements, EEG signals can be affected by various factors, including the design of the
experimental paradigm and the engagement level of the participant. A study highlighted the importance of human
factors, such as fatigue and attention, in modulating brain signals during imagined speech tasks. This suggests that the
way movements are imagined or performed can significantly impact the EEG data collected, emphasizing the need for
well-designed paradigms that consider these factors

Figure 4.2: Streamlit frontend with query input, model selection, and answer display

including clickable DOIs and dataset URLs.
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Figure 4.3: Streamlit frontend showing the retrieved biosignal visualization.



5 Results

This chapter presents the evaluation of the developed system for answering biomed-
ical questions. The system is assessed using three models i.e. GPT, SBERT, and
BioBERT, across both layman and expert questions. Multiple evaluation approaches
were employed, including similarity-based evaluation, which measures alignment us-
ing embedding similarity and TF-IDF similarity, as well as assessments conducted
through the GPT-as-Judge pipeline. Each approach was applied to both layman
and expert questions, separately and combined, to analyze the performance differ-
ences and highlight the comparative strengths and limitations of each model. The
results are summarized in tables to provide a clear and structured overview of the

performance metrics.

5.1 Evaluation Techniques and Results

To evaluate the system, model-generated answers are compared with the test set.
The assessment uses semantic embeddings of the answers and reference abstracts,
allowing similarity to be measured beyond exact word matches and enabling auto-
mated evaluation across question types. The first evaluation step computes DOI
match and Dataset match for all questions, including both layman and expert
queries.

Table 5.1 presents the combined results using these two metrics. The results

show that both GPT and SBERT effectively capture DOI information, with scores
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Table 5.1: Layman & expert questions evaluation using Embeddings

Metric GPT SBERT BioBERT
DOI match 0.89 0.88 0.06
Dataset match 0.00 0.06 0.00

of 0.89 and 0.88 respectively, while BioBERT remains low at 0.06, indicating dif-
ficulty in correctly referencing sources. Dataset match is minimal for all models,
suggesting limited recognition of dataset URLs. This is partly because multiple
relevant datasets may exist for a given query, and the system sometimes retrieves a
different but still appropriate dataset than the one listed in the test set. Addition-
ally, in some cases no dataset is retrieved, or the retrieved dataset URL does not
exactly match the expected test-set entry, even though the content may be seman-
tically correct. As a result, exact-match metrics underestimate the true usefulness

of the retrieved datasets. The following example illustrates this situation:

Query: Can traditional Chinese medicine help people with diabetes and

heart disease without affecting heart safety as seen on ECG?
Model: SBERT
Expected Dataset Title: MIT-BIH Arrhythmia Database [111]

Retrieved Dataset Title: BIDMC Congestive Heart Failure Database

[120]

This reflects a limitation of the dataset itself rather than the retrieval models,
and while dataset retrieval could be improved with better annotations, addressing
this is beyond the scope of this thesis.

However, it is important to note that DOI and dataset match are strict exact-
match metrics. A system may produce a correct and relevant answer, but if the
retrieved DOI or dataset does not exactly match the expected one, the result is
still marked as incorrect. This limitation shows the need for additional evaluation

criteria beyond exact matching.
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5.1.1 Similarity based Evaluation

To provide more flexible measures of alignment with the abstract’s terminology and
content, three similarity metrics were used: keyword overlap, embedding similarity,
and TF-IDF similarity. Keyword overlap measures the proportion of words from
the reference abstract that are present in the generated answer, providing a simple
and interpretable assessment of lexical alignment and ensuring that key terms are
explicitly included in the final answer. Embedding similarity was calculated by gen-
erating vector embeddings for each model-generated answer and the corresponding
reference abstract using OpenAl’s text-embedding-ada-002 model, and then com-
puting the cosine similarity between these vectors. TF-IDF similarity was computed
by transforming the answer and abstract into TF-IDF vectors and calculating the
cosine similarity between them. These metrics allow evaluation of both semantic

alignment and lexical overlap beyond strict exact matches.

Table 5.2: Layman & expert questions evaluation using Embeddings (N = 216)

Metric GPT SBERT BioBERT
DOI match 0.89 0.88 0.06
Dataset match 0.00 0.06 0.00
Keyword overlap 0.38 0.38 0.24
Embedding similarity 0.93 0.93 0.89
TF-IDF similarity 0.51 0.50 0.37
Composite score 0.60 0.60 0.30

Table 5.2 presents the evaluation results for layman and expert questions across
the three models. GPT and SBERT show moderate keyword overlap (0.38), indicat-
ing reasonable alignment with the abstracts’ terminology, while BioBERT is lower
(0.24), suggesting weaker lexical correspondence. Embedding similarity is very high
for GPT and SBERT (0.93), demonstrating that their answers closely capture the
abstracts’ semantic content, with BloBERT slightly lower (0.89) but still strong. TF-
IDF similarity is lower than embedding similarity for all models (GPT 0.51, SBERT

0.50, BioBERT 0.37), reflecting differences in exact phrasing and highlighting lexical
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overlap rather than deeper semantic correspondence. The composite score summa-
rizes these measures, showing that GPT and SBERT perform comparably (0.60),
whereas BioBERT is substantially lower (0.30). DOI and dataset match values ref-
erenced here come from Table 5.1 and were not newly computed. Finally, results
were also analyzed by query type, as each paper includes one layman-formulated
question and one expert-formulated question, ensuring evaluation across both user

perspectives.

Evaluation of Layman Queries

Table 5.3: Layman questions evaluation using Embeddings (N = 108)

Metric GPT SBERT BioBERT
DOI match 0.89 0.87 0.06
Dataset match 0.00 0.06 0.00
Keyword overlap 0.36 0.37 0.25
Embedding similarity 0.93 0.92 0.89
TF-IDF similarity 0.48 0.47 0.38
Composite score 0.59 0.59 0.30

Table 5.3 shows that GPT and SBERT accurately capture DOI information
(0.89 and 0.87), while BioBERT performs poorly (0.06), indicating difficulty in cor-
rect source referencing. Keyword overlap is moderate for GPT and SBERT (0.36,
0.37), reflecting reasonable alignment of terminology with the abstracts, whereas
BioBERT is lower (0.25). Embedding similarity is highest for GPT (0.93), followed
by SBERT (0.92) and BioBERT (0.89), indicating strong semantic alignment with
the abstract content. TF-IDF similarity is lower for all models (GPT 0.48, SBERT
0.47, BioBERT 0.38), capturing lexical overlap rather than deeper semantic content.
The composite score confirms this pattern: GPT and SBERT perform similarly
(0.59), while BioBERT is substantially lower (0.30). Overall, GPT and SBERT
are more effective for layman queries in terms of content accuracy and semantic

relevance.
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Evaluation of Expert Queries

Table 5.4: Expert questions evaluation using Embeddings (N = 108)

Metric GPT SBERT BioBERT
DOI match 0.90 0.90 0.06
Dataset match 0.00 0.06 0.00
Keyword overlap 0.40 0.39 0.24
Embedding similarity 0.93 0.93 0.89
TF-IDF similarity 0.53 0.52 0.36
Composite score 0.60 0.61 0.30

Table 5.4 shows a pattern similar to the layman queries. GPT and SBERT
both achieve strong DOI match scores (0.90), while BioBERT remains very low
(0.06), indicating limited ability to reference the correct source. Keyword overlap
is slightly higher for GPT (0.40) and SBERT (0.39), indicating better capture of
expert-level terminology compared with BioBERT (0.24). Embedding similarity
remains high for GPT and SBERT (0.93), with BioBERT slightly lower (0.89),
reflecting strong semantic alignment with the abstract content. TF-IDF similarity
is lower for all models (GPT 0.53, SBERT 0.52, BioBERT 0.36), measuring lexical
overlap rather than deeper semantic meaning. Composite scores further confirm this
trend: GPT (0.60) and SBERT (0.61) perform consistently well, while BioBERT
(0.30) lags behind. Overall, GPT and SBERT provide more accurate, relevant, and
semantically aligned answers for expert-formulated queries.

Overall, the evaluation shows that the performance trends for layman and expert
queries are highly consistent across all models. GPT and SBERT maintain strong
semantic alignment, keyword coverage, and DOI accuracy for both question types,
while BioBERT consistently under-performs. This indicates that the choice between
layman- or expert-formulated queries has minimal impact on retrieval and answer

quality, and either can be effectively used in the search system.
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5.2 GPT-as-Judge Evaluation

This section presents the GPT-as-Judge Evaluation, which is employed to comple-
ment the quantitative evaluation methods discussed earlier. The primary objective
of this approach is to examine cases where the system-generated responses do not ex-
actly match the DOI references in the test set but are nevertheless accurate, relevant,
and aligned with the intent of the question. While TF-IDF- and embedding-based
evaluations partially address such scenarios through semantic similarity measures,
they are limited in capturing qualitative aspects of answer correctness. The GPT-
as-Judge framework enables a deeper, context-aware assessment of model outputs
by evaluating factual accuracy, relevance, citation use, and overall response quality,
thereby providing a more comprehensive evaluation of the system’s performance.
To better illustrate this evaluation approach, consider the following example query

along with its expected answer.

Example question from test set: How does damage to heart cells after a
heart attack slow down the healing process in the heart?

Expected Paper Title: Efficacy and safety of Tongmai Jiangtang Cap-
sule in the treatment of type 2 diabetes mellitus complicated with coronary heart
disease with syndrome of damp-heat obstructing collaterals.[121]

Retrieved Paper Titles:

e GPT: Efficacy and safety of Traditional Chinese Medicine in alleviat-
ing symptoms associated with myocardial bridge: a systematic review and

meta-analysis. [122]

e SBERT: Effectiveness and safety analysis of Qifu Yizin Prescription for
the treatment of heart failure with preserved ejection fraction: study pro-

tocol for a randomized, double-blind, placebo-controlled clinical trial. [123]
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e BioBERT: Changes and monitoring technology of human heart rate and

blood ozygen saturation under high-altitude hypozia. |124]

Table 5.5: Example query results

Model Expected DOI Retrieved DOI

GPT 10.1016/j.phymed.2025.157234  10.3389 /fphar.2025.1619617
SBERT 10.1016/j.phymed.2025.157234  10.1186/s12906-025-05106-3
BioBERT 10.1016/j.phymed.2025.157234  10.3389/fphys.2025.1642777

Table 5.5 is based on the example question from the test set described above and
illustrates a case where the retrieved DOI does not match the expected DOI, which
is treated as the ground truth in the test set. Although the responses generated
by all models contain multiple DOI references, only the primary DOI is considered
to ensure clarity in the evaluation. This example highlights a key limitation of
relying solely on DOI matching to assess system accuracy, as correct and meaningful
responses may still fail strict reference-based metrics. To address this limitation,
the responses are further evaluated using the GPT-as-Judge framework, in which a
large language model assesses the quality and relevance of the generated answers,
as described in Section 3.4. The final outputs from all three models—generated,
as mentioned earlier in Section 3.4, after retrieving the top k& = 5 articles and
datasets for each query, are submitted to the LLM-as-Judge pipeline to determine

the evaluation verdict.

Table 5.6: Evaluation Using GPT-as-Judge

Metric GPT SBERT BioBERT
Accuracy 0.90 0.85 0.75
Completeness  0.85 0.80 0.70
Relevance 0.90 0.85 0.75
Citation 0.90 0.85 0.70
Readability 0.85 0.80 0.75
Overall 0.88 0.83 0.73

Table 5.6 presents the qualitative evaluation results using the GPT-as-Judge
framework. GPT outperforms SBERT and BioBERT across all criteria, with high
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accuracy and relevance scores (0.90) indicating stronger alignment with reference
abstracts and factual correctness. Its higher completeness and citation scores reflect
thorough coverage and effective use of references. SBERT scores competitively but
lower, showing strength in semantic similarity yet limitations in fully articulated,
well-cited answers. BioBERT performs lowest overall, especially in completeness
and citation use. Readability scores further highlight generative models’ advantage
in producing clear, coherent explanations for non-expert users. These results re-
inforce the limitations observed in Table 5.5, demonstrating that strict DOI-based
evaluation alone is insufficient, and that holistic, reference-grounded assessment via
GPT-as-Judge provides a more reliable measure of system performance.

In addition to these metrics, the evaluation framework includes a parameter
termed "comments", which contains the judge’s qualitative feedback on each gener-
ated answer. The following section presents the judge’s comments for the responses

produced by each model.

e GPT: "The GPT model provides a comprehensive overview of TCM’s po-
tential benefits for diabetes and heart disease, referencing the relevant study
effectively. It discusses EC'G monitoring, which is crucial for assessing heart
safety. The answer is well-structured and clear, making it accessible to a non-

expert audience.”

e SBERT: "The SBERT model effectively summarizes the findings of the TJC
study and mentions the importance of ECG monitoring. However, it lacks
some depth in discussing the implications of the findings on heart safety. The
answer is clear and relevant, but slightly less comprehensive than the GPT

model. "

e BioBERT: "The BioBERT model provides a more general discussion about

TCM and its potential benefits but does not directly address the specific study on
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TJC or its outcomes. It mentions the importance of ECG monitoring but lacks
specific references to the provided studies. The answer is somewhat relevant

but less focused on the question than the other models.”

The comments parameter provides qualitative feedback from a judge on each
model’s answer, reflecting content accuracy, clarity, and relevance. GPT’s answer
was comprehensive and well-structured, SBERT was clear but slightly less detailed,
and BioBERT was less focused and relevant. This demonstrates that even when the
DOI does not match, qualitative evaluation is necessary to assess answer accuracy

based on multiple factors.

5.2.1 Limitations of GPT-as-Judge

While using an LLM as a judge demonstrates that strict DOI matching is not the
only valid evaluation criterion, and that the accuracy and relevance of retrieved
results should also be considered even when the test set DOI is not matched, this
approach has several limitations. One key concern is model-family bias, as the
same OpenAl model is used both to generate the candidate answers and to evaluate
them. Another limitation is order sensitivity: LLMs can produce different judgments
depending on the sequence in which answers are presented. To reduce this effect, the
evaluation pipeline randomly shuffles the answers before each run, thereby decreasing
the chance of positional bias. Despite these measures, the random nature of LLM
outputs means that judgments may still vary slightly across runs, highlighting the

need to interpret the results as indicative rather than absolutely deterministic.

5.3 Comparison of Results and Summary

Across all evaluation techniques embedding-based, TF-IDF, and GPT-as-Judge,

GPT consistently achieves the highest performance, demonstrating strong alignment
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with reference abstracts, higher semantic and lexical correspondence, and superior
readability. SBERT performs comparably in embedding and TF-IDF evaluations,
particularly when considering models outside the same family, and shows competi-
tive semantic understanding. BioBERT consistently underperforms, primarily due
to limited domain-specific training data, resulting in lower completeness, citation
use, and semantic alignment.

As mentioned in the previous subsection, it is important to note that the GPT-
as-Judge evaluation may favor models from the same family as the judge itself.
When accounting for this potential bias, SBERT emerges as the most reliable model
in terms of cross-model evaluation. BioBERT’s performance could be improved by
fine-tuning with domain-specific corpora or incorporating a trained encoder on top

of the base model, an approach that can be explored in future work.



6 Discussion & Conclusion

This chapter provides a discussion of the findings presented in the previous chapter
and situates them within the context of the research questions. It aims to interpret
the results and discuss the implications of the study. The discussion also considers
the performance of the system across different query types, identifies limitations
of the methodology, and suggests directions for future work. By reflecting on the
overall outcomes, this chapter connects the experimental results to the broader ob-
jectives of the thesis and provides recommendations for further research and practical

applications.

6.1 Interpretation of Results

This section begins by discussing the types of biosignals included in the study, the
criteria for selecting hot topics, and the rationale behind these choices. It then
provides an overview of the system’s general findings, highlighting the performance
of each model (GPT, SBERT, and BioBERT) and suggesting which model may be
most suitable for this domain or problem. The section also examines the results of
layman versus expert queries, offering insights into how well each model interprets
different types of questions. All of these observations are based on the detailed
findings presented in Chapter 5. Finally, the discussion evaluates how effectively
the system addresses the research questions and summarizes the overall insights

drawn from the study.
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6.1.1 Scope of Biosignals and Topic Selection

The system is built on literature related to three biosignals: ECG, EEG, and PPG.
These were chosen because they are well-established biomedical signal domains with
abundant publicly available datasets, standardized terminology, and comparable
methodological frameworks. This consistency enables controlled evaluation of source
grounding, keyword alignment, and semantic understanding in biomedical question-
answering systems. At the same time, the three signals originate from different
physiological systems, ensuring domain diversity. Within each category, widely re-
searched and high-interest topics were selected to maintain practical relevance and
realistic information needs. To avoid evaluation bias, additional papers from other

biomedical and non-biomedical areas were also included.

6.1.2 Overview of the System and General Findings

The system is designed around several core objectives that directly correspond to
the research questions of this thesis. First, it evaluates how different embedding and
language models (GPT-based embeddings with a GPT chat model, SBERT, and
BioBERT) compare in terms of retrieval accuracy, relevance, and interpretability,
addressing RQ1. This evaluation focuses on how effectively each model retrieves
literature and generates responses grounded in the correct sources.

Second, the system examines how well these models handle terminology vari-
ation and synonymy, which relates to RQ2. To assess this, the curated test set
includes two forms of each query: one phrased in layman language and the other in
expert terminology. This design also supports RQ3, which investigates how effec-
tively the system serves both laypersons and domain experts. By comparing model
performance across these two query types, the study evaluates answer consistency,
terminology understanding, and the system’s ability to bridge the language gap

between general users and specialists. In addition, the system incorporates visual-
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ization of biosignals to improve interpretability and practical usability of retrieved
information, supporting the broader objective of enhancing user understanding.

Regarding dataset retrieval, linked to RQ4, results indicate that dataset match-
ing performance is not as strong as literature retrieval. However, this metric specif-
ically measures whether the retrieved dataset exactly matches the gold-standard
dataset in the test set. The system is still capable of retrieving relevant datasets,
but exact matching is limited because dataset retrieval currently relies primarily
on keyword-based methods. More advanced semantic or hybrid retrieval techniques
could improve this however, this limitation comes from the dataset itself, not the
model. Improving dataset annotations could make retrieval better, but that is be-
yond the scope of this thesis.

As discussed in Chapter 5, GPT-based models showed the strongest overall per-
formance compared to SBERT and BioBERT. However, one evaluation component
involved using a model from the same family as an evaluator, which introduces a
potential bias. When accounting for this limitation, SBERT emerges as a strong
alternative, particularly for retrieval-focused tasks. Therefore, while GPT demon-
strates superior overall capability, SBERT may be recommended in scenarios where

evaluation neutrality and embedding robustness are prioritized.

6.1.3 Layman vs Expert Queries

To investigate how well the system supports laypersons compared to domain experts
(RQ3), the results show that GPT and SBERT consistently provide high-quality an-
swers for both layman and expert queries, with semantic similarity and composite
scores remaining strong regardless of query type. BioBERT, in contrast, performs
significantly worse, particularly in semantic alignment, for both layman and expert
questions. Keyword overlap is slightly higher for expert queries, suggesting that ex-

pert phrasing aligns better with domain-specific terminology, but overall, the models
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maintain comparable performance across layperson and expert questions.

These findings indicate that the system can reliably support layperson queries
without substantial loss in content accuracy or semantic relevance, addressing RQ3.
Direct query transformation (layman to expert phrasing) was not applied here, but
the results suggest that GPT and SBERT are robust enough to handle terminology

variations, partially addressing RQ3.2.

6.2 Limitations

This thesis provides an evaluation of selected embedding and language models for
biomedical literature and dataset retrieval, but several limitations should be noted.
Only three models, GPT-based embeddings with a GPT chat model, Sentence-
BERT, and BioBERT were analyzed, leaving out numerous other embeddings (e.g.,
PubMedBERT, Clinical BERT) that may perform differently. The evaluation of
GPT-based models involved a GPT-family model as an evaluator, introducing po-
tential bias that may overestimate its effectiveness, whereas SBERT emerged as a
strong alternative for retrieval-focused tasks. While the system’s ability to handle
layperson versus expert queries was assessed, a full query transformation pipeline
was not implemented, and terminology handling was limited to a curated set of
query pairs. Dataset retrieval relied mainly on keyword-based matching, limiting
exact matches with gold-standard datasets and leaving advanced semantic or hybrid
retrieval unexplored. Overall, the results provide insights into the capabilities of the
selected models within the defined scope, but generalization beyond the evaluated

models, datasets, and query types should be approached with caution.
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6.3 Future Work

For future work, several directions could further enhance the system’s capabilities.
First, extending the approach to multimodal data, such as images, audio, or other
biosignals, could improve retrieval and interpretation beyond text alone. Addi-
tionally, improving dataset retrieval performance could be achieved by enhancing
dataset annotations or using more advanced semantic or hybrid retrieval methods.
Second, the addition of a trained encoder tailored to the specific biomedical domain
may address performance limitations observed with models like BioBERT, enabling
better semantic understanding and relevance. Third, exploring retrieval methods
that incorporate biosignals directly, rather than relying solely on text queries, could
provide a more integrated and effective search experience. Finally, while the system
currently visualizes datasets, further work on signal processing and interpretation
could improve the practical utility of the retrieved data and naturally complement
multimodal integration, enabling users to derive more meaningful insights from com-

plex biomedical signals.
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