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Abstract 

Clinical decision support systems have become increasingly important in modern healthcare, yet 

many language model-based approaches remain limited by unsupported responses, insufficient 

contextual grounding, and inadequate reliability for routine clinical use. To address these limitations, 

this study proposes a guideline-grounded retrieval-augmented generation framework that combines 

dense semantic retrieval with large-language model-based answer generation for healthcare question 

answering. The framework was developed using the epfl_llm/guidelines dataset, from which a 

large-scale retrieval corpus of 970,584 text chunks was constructed through systematic preprocessing, 

recursive text chunking, metadata preservation, embedding generation, and vector indexing in 

ChromaDB. Three embedding models, namely all-MiniLM-L6-v2, E5-base-v2, and BGE-base-
v1.5, were evaluated alongside three language model configurations, including Phi-3 Mini, LLaMA 

7B, and GPT-4o-mini, to assess retrieval effectiveness, answer relevance, contextual alignment, and 

inference efficiency across a manually curated set of 56 clinical questions. The results demonstrate 

that retrieval quality strongly influences final response quality, with BAAI/BGE-base-v1.5 achieving 

the highest retrieval performance across all ranking metrics. Furthermore, the RAG-based 

framework consistently outperformed direct language model generation across all lexical and 

semantic evaluation metrics, confirming the benefit of grounding generated responses in retrieved 

clinical evidence. A practical trade-off between response quality and inference latency was also 

observed across model configurations. These findings suggest that guideline-grounded retrieval-

augmented generation is a promising, practically viable approach for developing more trustworthy, 

context-aware, and evidence-based clinical decision support systems. 

Introduction 

Clinical decision support systems have gained increasing attention in modern healthcare because they 

offer a practical way to improve the quality, consistency, and timeliness of clinical decision-making 

while also reducing the operational burden on healthcare professionals [14]. The increasing volume of 

patient data, the expansion of clinical guidelines, and the growing burden of documentation have 

made it more difficult for physicians and care teams to process information efficiently during routine 

practice [15]. At the same time, recent progress in artificial intelligence, especially in large language 

models and knowledge- grounded generation, has created new possibilities for intelligent systems to 

retrieve relevant medical evidence, interpret complex clinical information, and generate context-

aware responses for decision-support tasks [16]. In this setting, retrieval-augmented generation has 

emerged as a promising approach because it combines external knowledge retrieval with natural 

language generation, potentially improving answer relevance, reducing unsupported output, and 

supporting more reliable healthcare delivery [17]. 

In recent years, the role of artificial intelligence in healthcare has expanded beyond conventional rule-

based support systems, particularly with the emergence of large language models capable of 

performing complex language-based tasks. These models have shown potential in medical question 
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answering, clinical note generation, summarization, patient communication, and other knowledge-

intensive activities, thereby increasing their relevance in both clinical practice and medical education 

[16]. Evidence from benchmark-oriented studies, including Med PaLM 2, suggests that domain-

adapted language models can achieve strong performance in medical reasoning and question 

answering under controlled settings [18]. However, their practical use in real clinical environments 

remains limited by concerns about hallucinatory content, limited interpretability, fairness, privacy, 

and insufficient real-world validation. For this reason, retrieval-augmented generation has attracted 

increasing attention as a more reliable approach, as it allows generated responses to be grounded in 

external medical sources and has shown encouraging results in improving factual consistency, 

decision support quality, and electronic health record-based summarization [19]. 

Despite this progress, the current literature still does not provide sufficient evidence for a clinically 

reliable and practically deployable language-based clinical decision support framework. Prior studies 

indicate that although machine learning and large language model-based systems often report strong 

technical performance, their impact on real clinical decision-making, workflow integration, and 

patient care outcomes remains inconsistent [14, 16]. In addition, while retrieval-augmented 

generation has shown promise in improving factual grounding by linking generated outputs to external 

clinical evidence, most existing studies remain limited to benchmark evaluations, case-specific 

experiments, or narrow application settings such as guideline-based recommendations and electronic 

health record summarization [19]. As a result, an important gap remains in the development of robust 

retrieval-augmented generation-based clinical decision support systems that can provide trustworthy, 

context-aware, and workflow-compatible support for routine healthcare practice. 

To address this gap, the present study proposes a guideline-grounded, retrieval-augmented 

generation-based clinical decision support framework that combines dense semantic retrieval with 

large-language-model-based answer generation for healthcare-related question answering. The 

proposed approach uses the epfl_llm/guidelines dataset as the core knowledge source and 

transforms the guideline corpus into a searchable medical knowledge base through systematic data 

cleaning, recursive text chunking, metadata preservation, dense embedding generation, and vector 

indexing in ChromaDB, resulting in a retrieval corpus of 970,584 indexed text chunks. During 

inference, the system retrieves the most relevant guideline passages for a given clinical query and 

provides them to the language model as contextual evidence, ensuring the final response remains 

aligned with the retrieved source material rather than relying solely on the model’s parametric 

knowledge. To assess the effectiveness of this framework, three embedding models and three 

language model configurations are evaluated under a consistent experimental setup across 56 

manually curated clinical questions, with performance assessed in terms of retrieval effectiveness, 

answer quality, contextual relevance, computational efficiency, and inference latency. A direct 

comparison between RAG-based and No-RAG generation conditions is also conducted to isolate and 

quantify the specific contribution of the retrieval component to overall response quality. In this way, 

the study aims to provide a more trustworthy, practically usable, and empirically validated framework 

for evidence-grounded clinical decision support. The main contributions are listed below. 

• A guideline-grounded retrieval-augmented generation framework is developed for clinical 

decision support, combining dense semantic retrieval with large-language-model-based 

generation to improve the reliability, contextual grounding, and clinical relevance of 

generated healthcare responses. 

• A large-scale retrieval corpus of 970,584 text chunks is constructed from the 

epfl_llm/guidelines dataset through systematic preprocessing, recursive chunking, and 

metadata-preserving vector indexing, enabling evidence-based response generation across a 

broad range of clinical topics. 

• An empirical comparison of three semantic embedding models, namely all-MiniLM-L6-v2, 

E5-base-v2, and BAAI/BGE-base-v1.5, is provided within a unified retrieval-based clinical 
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question-answering pipeline to identify the most effective retrieval configuration. 

• A systematic RAG vs. No-RAG baseline comparison is conducted across all three language 

model configurations, quantifying the direct contribution of retrieval augmentation to lexical 

and semantic response quality using ROUGE and BERTScore metrics. 

• The proposed system is evaluated from both effectiveness and efficiency perspectives, 

incorporating retrieval quality metrics, answer relevance scores, contextual alignment 

measures, and inference latency analysis to provide a comprehensive assessment of practical 

deployability. 

The paper is organized as follows: Section 2 presents the literature review, Section 3 describes the 

methodology, Section 4 reports the experimental results, and Section 5 concludes the study. 

Literature Review 

Research on clinical decision support shows a shift from traditional computer- based tools to 

machine learning models, large language models, and retrieval- grounded systems. However, high 

model performance alone does not ensure clinical usefulness. Effective systems must integrate into 

routine workflows, provide actionable and interpretable recommendations, and remain grounded in 

trusted medical knowledge. While recent advances in large language models and retrieval-augmented 

generation improve capabilities in question answering, reasoning, and summarization, most studies 

remain limited to benchmarks, synthetic tasks, or narrow domain pilots rather than broad clinical 

deployment. 

Early studies established the practical conditions under which decision support works best. 

Kawamoto et al. [1] reviewed 70 trials and found that 68% of systems improved clinical practice, 

with stronger performance when support was delivered automatically inside workflow, at the time 

and location of decision-making, through computer-based tools, and as recommendations rather than 

assessment alone. Sutton et al. [2] later summarized the broader field and showed that decision 

support had become closely linked with electronic health record use, while effects on providers, 

patient outcomes, and costs remained uneven. van Baalen et al. [3] then argued that these tools 

should be understood as clinical reasoning support systems, because clinicians must still interpret and 

justify recommendations, and systems should reveal the factors behind their outputs. In a scoping 

review, Susanto et al. [4] found that machine learning- based CDSS studies were dominated by 

imaging and risk assessment tasks, came mainly from developed settings, and showed mixed effects on 

decision making, care delivery, and patient outcomes. Labkoff et al. [5] had shifted the discussion 

toward responsible deployment, stressing the need for trust, transparency, validation, monitoring, 

fairness, privacy, standards, and workflow integration in AI-enabled CDSS. 

The introduction of large language models expanded clinical decision support beyond prediction tasks to 

include explanation, medical question answering, and differential diagnosis. Singhal et al. [6] 

introduced the MultiMedQA benchmark and showed that Flan PaLM reached state-of-the-art results 

on several medical question answering tasks, while Med PaLM reduced harmful responses relative to 

the base model but still remained below clinicians in human evaluation. In later work, Med PaLM 2 

reached up to 86.5% on MedQA, and physicians preferred its answers over physician answers on 

most assessed dimensions for consumer medical questions, though the authors still called for more 

real-world validation. Diagnostic challenge studies reached a similar conclusion. Kanjee et al. [7] 

reported that GPT 4 produced the correct final diagnosis as its top answer in 39% of 70 difficult 

cases and included the correct diagnosis in its differential list in 64%. Hirosawa et al. [8] found that 

Gemini performed better than Bard at differential diagnosis generation, but they also stressed that 

these tools were not designed or approved for clinical diagnosis. Together, these studies suggest that 

large language models can support reasoning and answer generation, but accuracy, safety, and 

deployment readiness remain unresolved. Table 1 summarizes the key contributions, results, and 

limitations of recent studies. 
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Methodology 

This section outlines the methodological framework for the design, implementation, and evaluation of 

the proposed RAG-based clinical decision support system. The study adopts an end-to-end 

experimental approach in which guideline- based medical knowledge is constructed as a retrieval 

corpus, embedded for semantic indexing, and integrated with large language models for evidence- 

grounded response generation. The methodology encompasses knowledge base preparation, data 

preprocessing, semantic retrieval, answer generation, and performance evaluation. It further assesses 

system effectiveness and practicality through measures of retrieval quality, answer quality, and 

response efficiency, aiming of determine whether a guideline-grounded RAG framework can deliver 

trustworthy, context-aware clinical support. 

Research Design 

This study proposes a RAG-based clinical decision support framework that combines semantic 

retrieval with large language model generation to answer healthcare-related questions using 

guideline-based evidence. The system was developed to address the limitations of direct language 

model responses by grounding generated outputs in retrieved clinical content. To achieve this, the 

selected guideline dataset was first processed and transformed into a searchable knowledge base by 

cleaning, chunking, generating embeddings, and vector indexing. During inference, the system 

retrieves the most relevant guideline passages for a given clinical query and then uses the retrieved 

context to produce a response that remains aligned with the source material. The evaluation dataset 

consisted of 56 manually curated clinical question-answer pairs, covering a range of healthcare topics 

drawn from the guideline corpus. The study further eval- 

Table 1: Summary of Clinical Decision Support Studies 

Author Contribution Result Limitations 

Wang et al.[9] Proposed retrieval 

augmented generation for 

future clinical decision 

making 

Grounding with recent and 

trusted data could improve 

specificity and guidance 

quality 

Conceptual discussion, 

no empirical evaluation 

Oniani et 

al.[10] 

Added clinical practice 

guidelines to four language 

models using multiple 

prompting and structuring 

methods 

All guideline-enhanced 

methods outperformed 

zero-shot prompting; the 

binary decision tree 

performed best 

Used synthetic cases 

and a single COVID-

19 outpatient scenario 

Miao et al.[11] Applied RAG in nephrology 

using KDIGO guidance 

Responses aligned with 

guideline content, though 

some targeted 

interventions were missed 

Narrow domain, 

requires broader 

validation 

Jeong et al.(Self 

BioRAG)[12] 

Combined retrieval, 

explanation generation, and 

self-reflection for reasoning 

Achieved 7.2% average 

gain over strong open 

models on medical QA 

benchmarks 

Benchmark focused, 

not validated in clinical 

deployment 

Alkhalaf et 

al.[13] 

Used RAG for 

summarization and 

information extraction from 

EHRs 

Summary accuracy 

improved from 93.25% to 

99.25%, hallucination 

reduced 

Extraction accuracy 

unchanged; 

hallucinations persist 

when evidence is 

missing 

uates the framework across multiple embedding and language model settings to compare retrieval 
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effectiveness, answer relevance, contextual alignment, and computational efficiency. In this way, the 

proposed methodology supports both the technical evaluation of the retrieval and generation pipeline 

and the practical assessment of its suitability for clinical decision support tasks. Figure 1 shows the 

overall research design. 

Knowledge Base Construction 

Dataset Selection 

The knowledge base for this study was constructed from the epfl_llm/guidelines dataset [20], which 

contains guideline-oriented medical 

 

Figure 1: Workflow of the RAG-based clinical decision support system. 

content suitable for evidence-based clinical question answering. This dataset was selected due to its 

broad clinical coverage and structured healthcare rec- ommendations, making it well-suited for 

retrieval-augmented clinical decision support. After preprocessing, the dataset comprised 

approximately 37,962 records, providing a diverse and sufficiently large foundation for the proposed 

system. 

Data Fields Used 

The dataset fields were selectively utilized to construct the retrieval corpus while maintaining 

document-level traceability and interpretability. The primary text and associated metadata fields used 

in the study are summarized in Table 2. 

Data Cleaning and Preprocessing 

The dataset underwent a series of preprocessing steps to improve text quality and ensure consistency 

before indexing. The overall data cleaning and prepro- cessing workflow is illustrated in Fig. 2. 

Text Chunking and Metadata Construction 

After preprocessing, the cleaned guideline texts were divided into smaller tex- tual units to support 

efficient semantic retrieval. Chunking was performed us- ing a recursive character-based splitting 

method with a chunk size of 500 and an overlap of 200. This configuration was chosen to preserve 

local contextual continuity while keeping each chunk short enough for effective embedding and 
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Figure 2: Data cleaning and preprocessing pipeline. 

Table 2: Data Fields Used for Corpus Construction 

Field Usage Description 

clean_text Main Content Used as the primary textual input for building the retrieval corpus 

due to its cleaned and normalized format. 

id Metadata Unique identifier for each document, enabling traceability. 

source Metadata Indicates the origin of the document for source-level analysis. 

title Metadata Provides document title for contextual identification and retrieval 

evaluation. 

url Metadata Stores reference links for external validation and traceability. 

overview Metadata Contains summary information to support contextual understanding. 

raw_text Excluded Not used due to noise and formatting inconsistencies compared to 

cleaned text. 

retrieval. As a result of this process, the corpus was transformed into 970,584 text chunks, which 

were then used as the searchable units in the retrieval stage. Each resulting chunk inherited the metadata 

of its parent document’s metadata, including the document identifier, source, title, URL, and overview. 

By preserv- ing metadata at the chunk level, the system maintained traceability between re- trieved 

passages and their original guideline sources. This design also supported later qualitative analysis, as 

retrieved chunks could be examined alongside their source information during answer validation and 

error analysis. 
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Semantic Retrieval Module 

Embedding Model Selection 

The third model was BAAI/bge-base-en-v1.5, chosen for its strong retrieval performance and 

suitability for RAG-based applications. Since the proposed framework depends heavily on retrieving 

relevant evidence before answer generation, this model was expected to provide the most effective 

retrieval among the evaluated settings. 

For all three models, the embedding process followed the same general formulation. Given an input 

text sequence 𝒙 = {𝒕𝟏, 𝒕𝟐, … , 𝒕𝒏}, the encoder produces contextual token representations 𝒉𝒊 ∈ ℝ𝒅. A 

sentence or passage embedding 𝒆is then obtained through masked mean pooling followed by vector 

normalization: 

𝒆 = 𝐧𝐨𝐫𝐦𝐚𝐥𝐢𝐳𝐞 (
∑ 𝒎𝒊
𝒏
𝒊=𝟏 𝒉𝒊

∑ 𝒎𝒊
𝒏
𝒊=𝟏

) 

where 𝒎𝒊denotes the attention mask for token 𝒕𝒊. The resulting normalized embedding was then 

stored in the vector database and used for similarity-based retrieval. 

Vector Database Construction 

After chunking, each text segment was encoded into a dense vector representation using the selected 

embedding model and stored in ChromaDB for semantic indexing and retrieval. ChromaDB was 

selected because it supports efficient similarity search and persistent storage for large embedding 

collections. In this study, the full corpus of 970,584 chunks was indexed alongside metadata, 

including document identifier, source, title, URL, and overview, which helped preserve traceability 

between retrieved chunks and their original guideline documents. 

Given a query embedding 𝒒 ∈ ℝ𝒅and a document chunk embedding 𝒄𝒊 ∈ ℝ𝒅, retrieval was 

performed by ranking chunks according to cosine similarity: 

𝐬𝐢𝐦(𝒒, 𝒄𝒊) =
𝒒 ⋅ 𝒄𝒊

∥ 𝒒 ∥∥ 𝒄𝒊 ∥
 

The chunks with the highest similarity scores were then returned as the most relevant evidence for 

the input query. 

Retrieval Strategy 

The retrieval process was designed to support a guideline-oriented semantic RAG pipeline by 

returning the most relevant guideline evidence for each clinical question before answer generation. 

For each input query, a dense embedding was generated using the same encoder applied to the 

indexed chunked corpus, and ChromaDB performed semantic similarity search to identify the closest 

guideline passages in the shared embedding space. The top 4 retrieved chunks were then supplied to 

the generation module as contextual evidence. This design ensured that the final response was 

grounded in semantically retrieved guideline content rather than generated solely by an unrestricted 

language model. The top 4 retrieval settings were chosen to balance evidence coverage and prompt 

length, allowing the model to receive sufficient clinical context while maintaining efficient inference. 

As a result, the semantic retrieval stage served as the foundation of the overall framework by linking 

user queries to guideline-derived evidence and enabling more reliable generation of clinical 

responses. 
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Response Generation Module 

Language Models Used 

The response generation stage was designed to compare the behavior of language models with 

different capacities under the same retrieval-based setting. In this study, three models were 

considered for answer generation: Microsoft/Phi-3-mini-4k-instruct, an instruction-tuned LLaMA 

7B variant, and a proprietary large-language-model baseline. These models were selected to 

examine the trade-off between computational efficiency and response quality in guideline-grounded 

clinical question answering. The smaller Phi 3 Mini model was included as a lightweight, efficient 

generator, while the LLaMA 7B model represented a larger, open model with stronger reasoning and 

text- generation capabilities. The proprietary baseline was used as an additional reference point for 

comparing the quality of generated responses with a more advanced closed model system. By 

evaluating these models under the same retrieval configuration, the study assessed how model size and 

capacity influenced the quality, relevance, and grounding of the final answers. 

Prompt Design 

To ensure the generated responses remained grounded in retrieved clinical evidence, a structured 

prompt was designed for the answer-generation stage. The prompt combined three main elements: an 

instruction block, the retrieved guideline context, and the user query. This design guided the language 

model to produce clinically relevant responses using only the provided evidence while reducing 

unsupported or contextually inconsistent outputs. 

Formally, the prompt input can be represented as 

P = {I, C, Q},                                                                      (3) 

where I denotes the instruction, C denotes the retrieved guideline context, and Q denotes the input 

clinical query. The generated response R is then obtained as 

R = fθ(P ),                                                                    (4) 

where fθ represents the selected language model. 

In the proposed framework, the instruction component explicitly directed the model to answer the 

question using only the retrieved context, avoid unsupported claims, and indicate when the available 

evidence was insufficient to reach a clear conclusion. The context component contained the top-

retrieved guideline chunks, while the query component represented the original clinical question. 

This prompt structure helped align the generation process with the retrieved evidence and supported 

more reliable clinical response generation. 

Table 3: Prompt Structure Used in the Proposed Framework 

Component Description 

Instruction Directs the model to answer using only the retrieved guideline context and avoid 

unsupported claims. 

Context Contains the top retrieved guideline chunks returned by the semantic retrieval 

module. 

Query represents the user-provided clinical question. 

Output A grounded clinical response generated from the combined prompt input. 
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RAG Pipeline 

The complete response generation workflow followed a retrieval augmented generation pipeline. First, 

a clinical query was submitted to the system and processed by the retrieval module, which returned 

the top-ranked guideline chunks from the indexed corpus. These retrieved passages were then 

inserted into the prompt together with the original question and provided to the selected language 

model. Based on this combined input, the model generated a response intended to reflect the 

information contained in the retrieved guideline evidence. In this way, the system integrated semantic 

retrieval and language generation into a single end-to-end pipeline for clinical question answering. 

The purpose of this architecture was to improve answer relevance, strengthen contextual grounding, 

and support more trustworthy response generation for healthcare-related information needs. Fig. 3 

illustrates the operational flow of the proposed guideline-oriented semantic RAG framework, from 

clinical query encoding and semantic retrieval to prompt construction and grounded response 

generation. 

Results and Discussion 

This section presents the experimental findings obtained from the proposed RAG-based clinical 

decision support system built on the guideline dataset. The results are organized to evaluate the 

framework from multiple perspectives, including retrieval effectiveness, response generation quality, 

and computational efficiency. The analysis also compares the behavior of different embedding models 

and language model configurations to determine which setting provides the most reliable and 

practical support for clinical question answering. In addition to quantitative results, qualitative 

examples and error analysis are included to better understand the performance characteristics of the 

system. 

 

Figure 3: Semantic retrieval and response generation flow of the proposed guideline-oriented 

RAG framework.
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Experiment Setup 

The experimental setup evaluates multiple embedding models and language models within a 

retrieval-augmented framework to analyze both retrieval and generation performance. Standardized 

parameters such as chunk size, overlap, and top-k retrieval ensure fair comparison, while established 

metrics and latency are used for evaluation. The complete configuration is summarized in Table 4. 

Component Details 

Embedding Models MiniLM: sentence-transformers/all-MiniLM-L6-v2 

E5: intfloat/e5-base-v2 

 

BGE: BAAI/bge-base-en-v1.5 

 

Language Models Phi-3 Mini: microsoft/Phi-3-mini-4k-instruct 

LLaMA 7B: instruction-tuned 

LLaMA 7B variant 

 

gpt-4o-mini: proprietary large 

language model 

 

Vector Database ChromaDB 

Chunk Size 500 

Chunk Overlap 200 

Retrieval Strategy Top-( k ) retrieval with ( k = 4 ) 

Evaluation Dataset 56 manually curated clinical question-answer pairs derived 

from medical guideline corpus 

Retrieval Metrics Hit@4, Mean Reciprocal Rank (MRR), Precision@4, 

Recall@4 

Generation Metrics ROUGE-1, ROUGE-2, ROUGE-L, and BERTScore 

Retrieval Performance 

Evaluation Metrics 

Retrieval performance in this study is evaluated using standard ranking-based metrics that assess both 

the presence and ordering of relevant documents within the retrieved results. These metrics 

collectively measure how effectively the retrieval system identifies and prioritizes clinically relevant 

information from the knowledge base. The following evaluation measures are used to assess retrieval 

quality: 

• Hit@4: Indicates if a relevant document appears within the top 4 results (binary score). 

• MRR: Measures how early the first relevant document appears in the ranked list. 

• Precision@4: Proportion of relevant documents among the top 4 retrieved results. 
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• Recall@4: Measures whether relevant documents are retrieved within the top 4 results. 

• ROUGE-1: Measures unigram overlap between generated and reference answers. 

• ROUGE-L: Measures longest common subsequence similarity between generated and 

reference text. 

• BERTScore (F1): Evaluates semantic similarity using contextual embeddings. 

Comparison of Embedding Models 

The retrieval performance of different embedding models demonstrates clear variations in their 

ability to capture semantic relationships and rank relevant clinical documents effectively. Overall, 

models specifically optimized for semantic search consistently outperform general-purpose sentence 

embedding approaches, underscoring the importance of retrieval-oriented training objectives in 

biomedical question-answering tasks. 

As shown in Table 5, BAAI/BGE-base-v1.5 achieves the best overall performance across all metrics, 

with the highest Hit@4 (0.83), MRR (0.70), Preci- sion@4 (0.21), and Recall@4 (0.83). This 

indicates that BGE not only retrieves relevant documents more frequently but also ranks them higher 

in the retrieval list, demonstrating strong semantic alignment with clinical queries. 

The E5-base-v2 model shows competitive performance, achieving a Hit@4 of 

0.77 and an MRR of 0.64, reflecting its strong retrieval capability. However, its slightly lower 

Precision@4 compared to BGE suggests that while it retrieves relevant documents effectively, it also 

introduces more non-relevant results within the top-ranked outputs. 

In contrast, all-MiniLM-L6-v2 performs worst among the evaluated models, with the lowest MRR 

(0.54) and Precision@4 (0.17). Although it achieves a reasonable Hit@4 of 0.68, its lower ranking 

quality indicates a limited ability to prioritize the most relevant documents in complex clinical 

retrieval scenarios. 

Overall, the results indicate that retrieval performance improves significantly when using models 

trained with contrastive learning objectives tailored for semantic search, with BGE-base-v1.5 

providing the best balance between precision and recall on this dataset. 

Table 5: Retrieval Performance of the Evaluated Embedding Models 

Embedding Model Hit@4 MRR Precision@4 Recall@4 

all MiniLM L6 v2 0.68 0.54 0.17 0.68 

E5 Base v2 0.77 0.64 0.19 0.77 

BGE Base v1.5 0.83 0.70 0.21 0.83 
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Figure 4: Answer Quality Metrics Comparison 

Comparison of Models with Evaluation Metrics 

The performance of the evaluated language models is assessed using standard answer quality metrics 

to analyze both lexical overlap and semantic similarity with the reference answers. These metrics 

provide insights into how accurately and meaningfully each model generates clinically relevant 

responses. As shown in Fig. 4, the results demonstrate a clear performance gap between lightweight, 

open-source, and proprietary models. 

Answer Generation Performance 

This subsection evaluates the quality of responses generated by the proposed RAG-based clinical 

decision support system after retrieving guideline evidence using the best-performing embedding 

model (BAAI/BGE-base-v1.5) and the generative model (gpt-4o-mini). The purpose of this analysis 

is to examine whether the retrieved context was relevant to the clinical query and whether the 

generated answer remained aligned with the retrieved evidence. In addition to the quantitative 

evaluation, a qualitative example is presented to illustrate how the model responded to a 

representative healthcare question under the best-performing retrieval setting in Table 6. 

Fig. 5 presents a dumbbell plot illustrating the variance between Answer Relevance and Context 

Relevance scores across the four evaluated queries (Q1– Q4). Each connecting line represents the gap 

between retrieval and generation quality for a given query, with a shorter line indicating stronger 

pipeline align- ment and a longer line indicating that high-quality retrieval did not fully trans- late into 

an equally high-quality generated response. Query 3 (Q3) achieves the highest overall scores but also 

the largest disparity, with a perfect Context Relevance of 1.00 against an Answer Relevance of 0.72. 

This 0.28-point gap 
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Table 6: Qualitative Assessment of Generated Responses 

Query 

ID 

Clinical Query Retrieved Topic Generated Answer Summary 

Q1 What are the 

recommended first-line 

management approaches 

for type 2 diabetes in 

adults? 

Type 2 diabetes 

management 

guideline 

The answer emphasized lifestyle 

modification, glucose monitoring, 

weight control, and, when needed, 

individualized glucose-lowering 

therapy. 

Q2 What are common 

warning signs that may 

indicate severe asthma 

exacerbation? 

Asthma 

assessment and 

emergency 

warning signs 

The answer identified severe 

breathing difficulty, reduced 

oxygenation, inability to speak 

comfortably, and the need for 

urgent medical assessment. 

Q3 How is hypertension 

commonly managed in 

adult patients? 

Hypertension 

management 

guideline 

The answer summarized blood 

pressure monitoring, lifestyle 

interventions, and the use of 

antihypertensive therapy based on 

patient risk and treatment goals. 

Q4 What are the key 

management principles 

for chronic kidney 

disease? 

Chronic kidney 

disease care 

guideline 

The answer focused on monitoring 

kidney function, controlling risk 

factors, managing complications, 

and adapting treatment according 

to disease progression. 

 

 

Figure 5: Relevance Scores per Query. 

indicates a generation-side limitation, where the language model compressed or synthesized the 

retrieved hypertension guideline content rather than fully uti- lizing it. Query 1 (Q1) shows the most 

balanced behavior, with a near-identical gap of 0.03 points (0.68 vs. 0.71), suggesting that both 

retrieval and genera- tion performed at a consistently moderate level for the type 2 diabetes query. 

Query 2 (Q2) exhibits a moderate gap of 0.07 points (0.57 vs. 0.64), likely due to asthma-related 

emergency terminology being scattered across multiple guideline chunks rather than concentrated in 

a single relevant passage. Query 4 (Q4) records the lowest scores on both dimensions with a minimal 

gap of 0.02 points (0.53 vs. 0.55), indicating a pipeline-wide limitation in which the chronic kidney 

disease query required multi-domain clinical reasoning that neither the retrieval nor the generation 

stage could adequately address within the current configuration. Overall, the results reveal two 

distinct failure patterns: a gener- ation gap, in which strong retrieval is underutilized during response 

synthesis, and a pipeline-wide limitation, in which clinically complex queries degrade both stages 
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simultaneously. These findings suggest that future work should explore re-ranking strategies at the 

retrieval stage and more explicit prompt constraints at the generation stage to better leverage retrieved 

evidence. 

RAG vs. Direct Generation Baseline Comparison 

To assess the contribution of the retrieval component, each language model was evaluated under two 

conditions: direct generation without retrieval (No- RAG) and retrieval-augmented generation 

(RAG) using the best-performing embedding model, BAAI/BGE-base-v1.5. In the No-RAG 

condition, the model received only the clinical query, without any retrieved guideline context, and 

relied entirely on its parametric knowledge for response generation. In the RAG condition, the top-4 

retrieved guideline chunks were included in the prompt alongside the query, as described in Section 

3.4. This comparison was designed to isolate the effect of retrieval augmentation on response quality 

across all three language model configurations. 

As shown in Table 7, the RAG condition consistently outperformed direct generation across all 

models and all evaluation metrics. The most substantial improvement was observed in GPT-4o-

mini, where ROUGE-1 increased from 0.34 to 0.51, and BERTScore F1 improved from 0.83 to 0.91 

when retrieval was applied. Similar trends were observed for LLaMA 7B and Phi-3 Mini, confirming 

that guideline-grounded retrieval provides meaningful gains regardless of model capacity. These 

results indicate that without retrieved context, language models tend to produce more generic and less 

clinically grounded responses, which aligns with prior observations on hallucination and unsupported 

output in direct language model generation. 

The improvement margin was notably larger for lexical metrics such as ROUGE-1 and ROUGE-L 

compared to BERTScore, suggesting that retrieval augmentation particularly improves surface-level 

alignment with reference an- swers by introducing guideline-specific terminology and phrasing. At 

the same time, the consistent BERTScore gains across all three models confirm that re- trieved 

context also improves semantic relevance beyond simple lexical match- ing. Overall, these findings 

support the central design decision of the proposed framework, demonstrating that retrieval 

augmentation is a critical component for producing trustworthy, evidence-grounded clinical 

responses. 

Table 7: RAG vs. No-RAG Performance Comparison Across Language Models 

Model Condition ROUGE-1 ROUGE-2 ROUGE-L BERTScore F1 

Phi-3 Mini No-RAG 0.22 0.09 0.19 0.76  
RAG 0.38 0.18 0.33 0.86 

LLaMA 7B No-RAG 0.28 0.14 0.24 0.79  
RAG 0.44 0.24 0.39 0.88 

GPT-4o-mini No-RAG 0.34 0.19 0.29 0.83  
RAG 0.51 0.31 0.45 0.91 

Computational Efficiency and Inference Latency 

Inference latency was evaluated for each language model under both RAG and No-RAG conditions 

across the 56-question evaluation set, as summarized in Table 8. Latency was decomposed into two 

components: retrieval time, covering query embedding and semantic similarity search over the 

970,584-chunk ChromaDB index, and generation time, representing prompt construction and 

language model response generation. Total latency was computed as the sum of both components, 

while average output token count and generation throughput in tokens per second were recorded to 

assess model-level efficiency. It is important to note that throughput, reported as tokens per second, 

was computed by dividing the average output token count by generation time alone, rather than total 

latency. This choice was made deliberately to isolate and reflect the intrinsic generation speed of each 

language model independently of the retrieval overhead, which operates as a separate and fixed 
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pipeline stage. Readers should therefore interpret throughput as a measure of generation efficiency 

rather than end-to-end system throughput. All local models were tested under identical hardware 

conditions, whereas GPT-4o-mini latency was measured via API calls under standard network 

settings. 

As shown in Table 8, GPT-4o-mini achieved the lowest total latency under the RAG condition at 

3.15 seconds and the highest generation throughput at 

95.7 tokens per second, reflecting the computational advantages of its optimized proprietary inference 

backend. Phi-3 Mini demonstrated competitive efficiency among local models, with a total RAG 

latency of 4.29 seconds and a through- put of 41.8 tokens per second, making it a practical lightweight 

alternative when API-based deployment is not feasible. LLaMA 7B exhibited the highest latency at 

9.67 seconds under the RAG condition, which is expected given its larger parameter count and local 

inference overhead. The retrieval stage introduced a consistent overhead of approximately 0.84–0.91 

seconds across all models, con- firming that semantic search over the full indexed corpus does not 

impose a pro- hibitive computational cost on the overall pipeline. Compared to the No-RAG 

condition, the additional latency introduced by RAG was attributable almost entirely to the retrieval 

stage, with generation times remaining largely stable across both conditions. Overall, the results 

indicate that the proposed RAG framework maintains practical inference latency across all evaluated 

configu- rations, with GPT-4o-mini and Phi-3 Mini offering the most effective balance between 

response quality and computational efficiency for clinical decision sup- port deployment. Throughput 

(tokens/sec) is computed by dividing average output tokens by generation time only, not total 

latency, to isolate intrin- sic model generation speed from retrieval overhead. For reference, end-to-

end throughput based on total latency would be approximately 33.3, 20.5, and 70.2 tokens/sec for Phi-

3 Mini, LLaMA 7B, and GPT-4o-mini respectively under the RAG condition. 

Table 8: Inference Latency and Computational Efficiency Across Language Models 

Model Condition Retrieval 

Time (s) 

Generation 

Time (s) 

Total 

Latency 

(s) 

Avg 

Tokens 

Tokens/sec† 

Phi-3 

Mini 

No-RAG – 3.18 3.18 138 43.4 

 
RAG 0.87 3.42 4.29 143 41.8 

LLaMA 

7B 

No-RAG – 8.21 8.21 187 22.8 

 
RAG 0.91 8.76 9.67 198 22.6 

GPT-4o-

mini 

No-RAG – 2.14 2.14 215 100.5 

 
RAG 0.84 2.31 3.15 221 95.7 

Conclusion 

This study proposed a retrieval-augmented generation-based clinical decision support framework for 

healthcare question answering using guideline-based medical knowledge. The system combined data 

preprocessing, text chunking, semantic retrieval, and large-language-model-based response 

generation into a unified pipeline. By grounding generated answers in retrieved clinical evidence, the 

framework was intended to improve answer relevance, reduce unsupported output, and provide more 

trustworthy responses. The findings showed that retrieval quality had a major influence on the 

overall performance of the sys- tem, since the final answer depended heavily on the relevance of the 

retrieved guideline content. The comparison of embedding models indicated that retrieval 

configuration affects both contextual alignment and answer quality. The results also confirmed that the 

proposed RAG framework produced more relevant and better grounded responses than direct 
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language model generation alone, while the comparison of language model sizes revealed a practical 

trade-off between response quality and inference time. Although the study produced encouraging 

results across 56 manually curated clinical questions, several limitations remain. Future work should 

expand the evaluation to cover broader clinical specialties and a larger question set. The retrieval stage 

could be further improved through query expansion, hybrid sparse-dense retrieval, or re-ranking 

strategies to better handle complex multi-domain queries. The generation stage would benefit from 

domain-specific fine-tuning to reduce the gap observed between context rele- vance and answer 

relevance scores. Additionally, clinician-based expert evalua- tion and integration with electronic 

health record systems should be explored to assess real-world applicability. Fairness, transparency, 

and regulatory compli- ance should also be addressed before any clinical deployment. Overall, the 

study suggests that RAG-based clinical decision support is a promising approach to delivering more 

reliable, evidence-based healthcare assistance. 
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