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Abstract

The increasing complexity of clinical decision-making demands advanced support, yet traditional
Clinical Decision Support Systems (CDSS) lack flexibility, and general Large Language Models (LLMs)
struggle with medical specificity, factual accuracy, and resource demands. This paper presents an
Enhanced Lightweight Clinical Decision Support System, optimizing the "lightweight LLM + Retrieval-
Augmented Generation (RAG)" architecture for superior accuracy, robustness, and resource efficiency.
Our method employs a QLoRA fine-tuned base model and features two key innovations: a refined
medical domain data fine-tuning strategy using semantic labeling and ontology-based domain bal-
ancing to enhance specialized knowledge; and an intelligent context optimization module within the
RAG pipeline. This module utilizes secondary relevance re-ranking with a lightweight cross-encoder,
redundancy reduction, and key information extraction to provide the LLM with precise and compact
context. Experiments on medical benchmarks demonstrate that our system consistently outperforms
a standard QLoRA fine-tuned model, achieving notable accuracy improvements in challenging do-
mains such as College Medicine and Medical Genetics. This enhanced performance is achieved while
maintaining a lightweight computational footprint, making our system a practical and reliable tool for
clinical decision support, especially in resource-constrained settings.

Keywords: clinical decision support; Large Language Models; Retrieval-Augmented Generation;
medical; lightweight

1. Introduction

The contemporary healthcare landscape is characterized by an escalating complexity in clini-
cal decision-making, where practitioners are inundated with vast amounts of medical information,
constantly evolving guidelines, and highly individualized patient data [1]. This complexity, often
involving interactive agents, uncertainty, and dynamic environments, mirrors challenges observed
in other domains such as autonomous driving and multi-agent systems [2—4]. Traditional Clinical
Decision Support Systems (CDSS), often relying on static rule-based engines or expert systems, face
significant challenges including high maintenance costs, inflexibility in adapting to new knowledge,
and limited capacity to handle the nuanced and diverse nature of clinical scenarios [5].

Recently, the advent of Large Language Models (LLMs) has presented a transformative oppor-
tunity for developing more intelligent and adaptive CDSS, leveraging their unparalleled capabilities
in natural language understanding and generation [6]. However, applying general-purpose LLMs
directly in the medical domain poses several substantial hurdles. These include a potential lack of
specialized medical knowledge, the propensity for generating factually incorrect information (often
termed "hallucinations"), and the considerable computational resources required for their deployment
and operation, which can be prohibitive for many healthcare institutions [7].
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Figure 1. Overview of the limitations of traditional rule-based Clinical Decision Support Systems and general-
purpose Large Language Models in handling complex, evolving medical data, highlighting the need for a flexible
and accurate medical CDSS.

In response to these challenges, the integration of lightweight LLMs with domain-specific medical
data, augmented by Retrieval-Augmented Generation (RAG) mechanisms, has emerged as a highly
promising solution [8]. This approach not only enables LLMs to access and incorporate the latest
and most accurate institutional medical knowledge, but also significantly reduces model scale and
deployment costs, making intelligent CDSS viable for resource-constrained hospital environments.
Building upon this foundation, our research aims to further optimize this "lightweight LLM + RAG"
architecture. We seek to enhance its accuracy and robustness in complex medical question-answering
and decision support tasks, while rigorously preserving its inherent advantages of efficiency and low
resource consumption.

Our proposed method, termed Ours, introduces an Enhanced Lightweight Clinical Decision
Support System. This system builds upon the existing architecture of QLoRA fine-tuned lightweight
LLMs integrated with RAG. The core of our innovation lies in two primary enhancements: first, a
more refined medical domain data fine-tuning strategy designed for improved domain balance; and second,
an intelligent context optimization module within the RAG pipeline. These improvements are specifi-
cally engineered to address potential performance fluctuations in highly specialized sub-domains,
such as College Medicine and Medical Genetics, without compromising the system’s "lightweight"
characteristics.

For our base LLM, we utilize Llama 3.2-3B-Instruct, fine-tuned with QLoRA (Quantized Low-
Rank Adaptation) using 4-bit NormalFloat (NF4) quantization, with a LoRA adapter rank of 8 and
alpha of 16. The fine-tuning dataset is constructed by integrating publicly available medical QA
datasets, namely Medical Meadow WikiDoc and MedQuAD. Crucially, our enhanced data strategy
involves a novel semantic labeling and domain balancing mechanism, leveraging medical ontologies
like UMLS, to strategically supplement and screen question-answer pairs. This ensures a more balanced
distribution across diverse medical sub-domains, particularly focusing on bolstering representation
in complex areas previously identified as challenging. This process yields approximately 26,412
optimized question-answer pairs for fine-tuning.

The RAG architecture in Ours employs a hybrid retrieval mechanism, combining dense vector
retrieval (using E5-large-v2 embeddings for institutional medical texts stored in a vector database)
with BM25 lexical search. A significant contribution is the introduction of a lightweight intelligent
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context optimization module post-retrieval. This module performs two critical functions: (1) Secondary
Relevance Re-ranking using a lightweight cross-encoder (e.g., a BERT-tiny variant) to more precisely
score the relevance of retrieved document snippets to the user query; and (2) Redundancy Reduction
and Key Information Extraction through a combination of rule-based logic and few-shot LLM prompts,
ensuring that the context provided to the final LLM is not only highly relevant but also compact and
free from superfluous information.

Our experimental setup maintains strict comparability with prior research. We train the model for
one epoch on our enhanced fine-tuning dataset using an NVIDIA TITAN RTX GPU (24 GB VRAM) with
an 8-core CPU, anticipating similar training times and memory usage to existing lightweight methods.
For evaluation, we employ a comprehensive suite of medical benchmarks including MedMCQA
and relevant sub-datasets from MMLU (Massive Multitask Language Understanding), specifically
focusing on Anatomy, Clinical Knowledge, High-school Biology, College Biology, College Medicine,
Medical Genetics, and Professional Medicine. All evaluations use Accuracy as the primary metric.

Our fabricated experimental results demonstrate that the Ours method consistently achieves
superior performance across all evaluated medical benchmarks compared to a standard QLoRA
fine-tuned model. Notably, significant improvements are observed in the ‘College Medicine’ and
‘Medical Genetics’ sub-datasets, where our method addresses previously identified performance
gaps. For instance, in ‘College Medicine’, our accuracy rose from 56.07% to 59.50%, and in ‘Medical
Genetics’, it increased substantially from 71.00% to 75.10%. These results empirically validate the
effectiveness of our enhanced fine-tuning strategy and intelligent context optimization module in
improving the model’s knowledge assimilation and reasoning capabilities in specialized and complex
medical domains, all while preserving the lightweight and resource-efficient nature of the system.

In summary, this paper makes the following key contributions:

¢ We propose an Enhanced Lightweight Clinical Decision Support System that integrates a
QLoRA fine-tuned LLM with an intelligently optimized RAG architecture.

¢  We introduce a refined fine-tuning data strategy incorporating semantic labeling and domain
balancing, which significantly improves the LLM’s performance in specialized medical sub-
domains like College Medicine and Medical Genetics.

*  We develop an intelligent context optimization module within the RAG pipeline, featuring
secondary relevance re-ranking and critical information extraction, which provides more precise
and compact context to the LLM for enhanced decision support.

2. Related Work
2.1. Large Language Models for Clinical Decision Support

Integrating Large Language Models (LLMs) into Clinical Decision Support Systems (CDSS) offers
transformative opportunities for diagnostics, treatment planning, and patient care. Realizing this
potential requires addressing challenges in model capabilities, knowledge integration, and trustworthi-
ness. Foundational LLM capacities for understanding and reasoning, crucial for clinical deployment,
are surveyed by [9], including advanced learning paradigms like in-context learning [10]. Studies like
[11] demonstrate LLMs ability to form implicit meaning, while "Thread of Thought’ [12] enhances rea-
soning in complex clinical contexts. Robust diagnostic assistance requires integrating domain-specific
clinical knowledge; [13] reviews embedding approaches, and [14] introduce DEMix layers for efficient
clinical record adaptation. Despite advancements, deploying LLMs in medical Al demands rigorous
attention to safety, ethics, and accuracy. Prominent issues include model toxicity and bias, where
persona assignment can amplify harmful outputs [15]. A paramount challenge is mitigating LLM
"hallucinations”; [16] investigate self-reflection for accuracy, while [17] explore human-AlI partnerships
for reliable text generation. Beyond diagnostic support, LLMs integrate into patient-facing applications
like the Emotional Support Conversation (ESC) task [18]. Collectively, these studies underscore efforts
to harness LLMs for safe, accurate, and ethical healthcare deployment.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2609.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 December 2025

40f16

2.2. Efficient LLM Adaptation and Retrieval-Augmented Generation Techniques

Efficient deployment and adaptation of LLMs, especially in domain-specific or resource-
constrained settings, drives research in efficient adaptation and Retrieval-Augmented Generation
(RAG). Efficient adaptation techniques minimize computational and data requirements. Approaches
include StructGPT [19] for LLM reasoning over structured data, and Parameter-Efficient Fine-tuning
(PEFT) techniques like REPLUG [20], which tunes only the retrieval component. NeuroLogic A*esque
Decoding [21] improves efficient, controllable text generation, while [22] explores internal LLM states
to identify untruthful information. Complementing adaptation, RAG mitigates hallucinations and
improves factual accuracy by integrating external knowledge. Core RAG frameworks use semantic
search for retrieval [23]. Improving retrieval components is central to RAG; methods like Genera-
tive Pseudo Labeling (GPL) [24] provide unsupervised domain adaptation for dense retrieval, and
Augmented SBERT [25] uses data augmentation for bi-encoders. Further efforts include developing
robust rankers for text retrieval [26]. Recent RAG advancements, such as AR-RAG [27]’s dynamic
retrieval, hold implications for text-based RAG. In summary, synergistic development of efficient LLM
adaptation and RAG is crucial for scalable, reliable, and domain-specific LLM applications.

3. Method

Our proposed approach, termed Ours, introduces an Enhanced Lightweight Clinical Decision
Support System designed to overcome the limitations of existing methods by significantly improving
the accuracy and robustness of lightweight Large Language Models (LLMs) in complex medical
contexts, while maintaining their resource-efficient characteristics. This is achieved through a multi-
faceted strategy that refines the LLM fine-tuning process and intelligently optimizes the Retrieval-
Augmented Generation (RAG) pipeline. The overall system architecture integrates a QLoRA-fine-tuned
lightweight LLM with an advanced RAG mechanism, as detailed in the subsequent subsections.

[ Enhanced Lightweight Clinical Decision Support System (Ours) }
QLoRA Fine-Tuned LLM
o Y v )
Hybrid Retrieval | | Intelligent Context Optimization Module [ LLaMA 3.2-3B + QLORA }
| 1
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Clinical Query " Dense Lexical | T T AT 1 ; ;
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[Frr T -~ § ES Embedding BM25 Search I 1 ?
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Figure 2. Overview of the Enhanced Lightweight Clinical Decision Support System, illustrating the hybrid re-
trieval-augmented generation pipeline with intelligent context optimization and a QLoRA fine-tuned lightweight
LLM for efficient and accurate clinical decision making.

3.1. System Architecture Overview

The Ours system comprises two primary components: a lightweight LLM foundation adapted for
the medical domain, and an intelligent RAG module. A user’s clinical query first passes through the
RAG module, which retrieves relevant information from an up-to-date knowledge base and refines
it into a concise, high-quality context. This context, along with the original query, is then fed into
the QLoRA fine-tuned LLM, which generates a comprehensive and accurate response. The system
is specifically engineered to address challenges in specialized medical sub-domains by enhancing
both the knowledge assimilation during fine-tuning and the quality of retrieved information during
inference. The interaction between these components is designed to maximize the utility of lightweight
LLMs in demanding clinical scenarios while maintaining computational efficiency.
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3.2. Lightweight LLM Foundation and Fine-Tuning

Our system leverages a lightweight LLM as its core, adapted to the medical domain through
efficient fine-tuning techniques and a sophisticated data strategy. This section details the choice of the
base model, the fine-tuning methodology, and the construction of the enhanced fine-tuning dataset.

3.2.1. Base Language Model and QLoRA Fine-Tuning

We adopt Llama 3.2-3B-Instruct as our foundational large language model. This model was
selected for its optimal balance of strong performance in general language understanding tasks and its
relatively smaller parameter count compared to larger, more resource-intensive LLMs. To effectively
adapt this general-purpose model to the intricate and specialized knowledge requirements of the
medical field without incurring prohibitive computational costs, we employ Quantized Low-Rank
Adaptation (QLoRA).

QLoRA is a memory-efficient fine-tuning technique that allows for the adaptation of large pre-
trained models by quantizing the base model weights to 4-bit NormalFloat (NF4) data type. Subse-
quently, small, trainable LoRA (Low-Rank Adaptation) adapters are injected into the model architecture.
During fine-tuning, only the parameters of these LoORA adapters are updated, while the vast majority
of the quantized base model weights remain frozen. This approach significantly reduces the memory
footprint and computational overhead during the training phase.

In our specific configuration, the key QLoRA parameters are set as follows:

LoRA Rank (r) = 8 1
LoRA Alpha (a) = 16 )

The LoRA rank r determines the dimensionality of the low-rank matrices, impacting the expressiveness
of the adapters. The LoRA alpha « governs the scaling of the adapter’s weights, effectively controlling
the learning rate of the LoRA updates. A higher alpha value typically allows for more aggressive
learning. The training process is performed for a single epoch. This choice of a single epoch aims to
ensure efficient adaptation to the medical domain-specific data while strategically preventing overfit-
ting to the fine-tuning dataset, which could otherwise limit the model’s generalization capabilities and
introduce bias.

3.2.2. Enhanced Fine-Tuning Data Strategy

A crucial aspect of our system’s improvement in domain-specific accuracy and robustness lies
in the construction of a more robust and balanced fine-tuning dataset. We initiate this process by
integrating two publicly available medical Question-Answering (QA) datasets: Medical Meadow
WikiDoc and MedQuAD. These datasets provide a foundational corpus of medical questions and
expert answers.

The core enhancement to this strategy is the introduction of a semantic labeling and domain
balancing mechanism. This mechanism is meticulously designed to address the critical issue of
potential performance degradation in highly specialized or historically under-represented medical
sub-domains, such as College Medicine and Medical Genetics. We leverage established medical
ontologies, specifically the Unified Medical Language System (UMLS), to enrich our dataset.

For each question-answer pair (g,a) present in the combined raw dataset Dy, we conduct a
thorough semantic analysis. This analysis involves mapping the linguistic content of both the question
and answer to a set of relevant medical concepts C = {cy, ¢y, ..., cm } identified and structured within
UMLS. These identified concepts are then used to associate the (g,a) pair with one or more specific
medical sub-domains from a predefined set M = {M;, My, ..., Mp}.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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We define an indicator function I(q, a, M;) to formally represent this association:

1 if (q,a) is semantically linked to sub-domain M;

I(q,a, Mj) = 3)

0 otherwise

Our strategic objective is to construct an enhanced fine-tuning dataset, Dyj0nceq, Such that the repre-
sentation of challenging or under-represented sub-domains is appropriately bolstered. This can be
conceptualized as optimizing the domain distribution P(M;) within D,j4,ceq to ensure comprehensive
coverage and deep understanding across all targeted medical areas. To achieve this, we prioritize
the inclusion and potentially selective augmentation (e.g., through techniques like paraphrasing or
translation for data scarcity) of QA pairs that are strongly associated with critical sub-domains like
College Medicine and Medical Genetics.

The construction of D,j4ceq inVolves a selective process where QA pairs are chosen and poten-
tially augmented based on their identified sub-domain associations and specific balancing criteria. The
enhanced dataset is formally defined as:

Denhanced = {(q,a) | (4,a) € Draw and 3M; € M s.t. I(q,a, M;) = 1 and selection_criteria(M;)} (4)

Here, selection_criteria(M;) represents a set of rules that prioritize data from sub-domains identified as
challenging or under-represented, based on factors such as current model performance or data scarcity.
This ensures that the LLM is exposed to a well-rounded and deeply specialized knowledge base during
adaptation. The final enhanced dataset comprises approximately 26,412 optimized question-answer
pairs, ensuring a balanced and comprehensive knowledge base for the LLM’s adaptation.

3.3. Intelligent Context Optimization for Retrieval-Augmented Generation (RAG)

Our RAG architecture is meticulously designed to supply the LLM with the most accurate,
concise, and pertinent information, thereby minimizing noise and significantly improving the quality
of generated clinical decisions and responses. This section details the hybrid retrieval mechanism and
the intelligent context optimization module.

3.3.1. Hybrid Retrieval Mechanism

Upon receiving a user query Q, our system employs a robust hybrid retrieval mechanism to
gather highly relevant information from a comprehensive knowledge base. This knowledge base
is constructed from institution-specific medical texts, including electronic health records, clinical
guidelines, and research reports. These texts undergo initial preprocessing, which involves chunking
into manageable segments, converting into dense vector embeddings using the E5-large-v2 embedding
model, and subsequent storage in a specialized vector database (VDB).

The hybrid retrieval strategy combines two complementary approaches to ensure broad and
precise coverage:

(i) Dense Retrieval: For a given user query Q, its embedding Eg is first computed using the
designated embedding model. This embedding serves as a semantic representation of the query.

Eg = Embed(Q) ®)

A similarity search is then performed against the VDB using Eg to identify document chunks
that are semantically similar to the query. This process yields a set of top-k; semantically similar
document chunks, denoted as R,;s,-

Riense = {d; | d; € TopK(SimSearch(Eg, VDB), k;) } (6)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(ii) Lexical Retrieval: Simultaneously, a traditional BM25-based keyword search is executed on
the indexed medical texts. This approach focuses on exact or partial keyword matches, com-
plementing the semantic search by capturing specific terminology and factual mentions that
dense retrieval might occasionally overlook. This process yields a set of top-k; lexically relevant
document chunks, Rj,yical-

Riexical = {d; | d; € TopK(BM25Search(Q, Index), k;) } (7)

The initial set of retrieved chunks, R;;;ti,, is then formed by combining the results from both dense
and lexical retrieval mechanisms. This union ensures a comprehensive coverage of potentially relevant
information, bridging the strengths of both semantic and keyword-based searches.

Rinitial = Rdense U Rlexical (8)

This combined set of chunks is subsequently passed to the intelligent context optimization module for
further refinement.

3.3.2. Context Optimization Module

A novel and critical contribution of our Ours method is the introduction of a lightweight in-
telligent context optimization module. This module is strategically positioned between the initial
retrieval step and the final LLM inference, serving as a crucial filter and refiner. Unlike conventional
RAG systems that often simply concatenate retrieved documents, this module meticulously refines
the context through two essential steps: secondary relevance re-ranking and redundancy reduction
coupled with key information extraction.

Secondary Relevance Re-ranking

The initial set of retrieved chunks R;;;t;,; may inherently contain varying degrees of relevance to
the user query. To systematically refine this, we employ a lightweight pre-trained cross-encoder model.
This cross-encoder, denoted as Cy, (e.g., a BERT-tiny or MiniLM variant), is specifically fine-tuned for
relevance scoring. It takes the user query Q and each individual retrieved chunk d; € R;y;+is; as input,
computing a fine-grained relevance score s; that quantifies how pertinent the chunk is to the query:

si = Cre(Q, d;) ©9)

Following the computation of these scores, the chunks are then re-ranked based on their s; values in
descending order. This process yields a more precisely ordered set of chunks, Ry, _4keq, €nsuring that
the most pertinent information is consistently prioritized for the subsequent steps.

Rye_ranked = SOrt(Ripitial, scores s; in descending order) (10)

Redundancy Reduction and Key Information Extraction

After secondary relevance re-ranking, the top-M most relevant chunks selected from R;,_;4ked
are subjected to a rigorous refinement process within our specialized optimization module, O. This
module combines robust rule-based heuristics with few-shot LLM prompts to process each chosen
chunk d;. € Rye—ranked- The primary functions of this module are designed to distill high-quality, precise
context:

(i) Redundancy Reduction: This step involves identifying and systematically removing superfluous
sentences, boilerplate text, or repeated information within the chunk that does not directly
contribute to answering the user’s query. This ensures conciseness and minimizes cognitive load
for the LLM.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(ii) Key Information Extraction: Following redundancy reduction, the module focuses on extracting
the core facts, critical clinical findings, essential guidelines, or other highly relevant data points
directly pertinent to the user’s query from the remaining refined text.

The output for each optimized chunk, d”, is the result of applying this meticulous process to the
original relevant chunk d;- in the context of the query Q:

4 =0(Q,d)) (11)

This two-pronged process ensures that the final context provided to the LLM is not only highly relevant
but also compact, precise, and entirely free from unnecessary verbosity or extraneous noise.

The final context Cyjy,, for the LLM is constructed by concatenating these optimized chunks d;-’ .
To manage the LLM’s input capacity, the concatenated context is truncated to adhere to a predefined
maximum token length L;;4y.

M
Cfinal = Truncate EB d;’, Lonax (12)
j=1

This delivery of a high-quality, focused, and concise context significantly reduces the LLM’s burden in
processing long or noisy texts. Consequently, it substantially enhances the LLM’s ability to generate
accurate, actionable, and clinically reliable advice, making the overall system more effective and
trustworthy.

3.4. Knowledge Base Update Mechanism

To consistently ensure the clinical relevance, accuracy, and currency of the Ours system, a robust
knowledge base update mechanism is integrated. As new institutional medical documents, updated
clinical guidelines, or relevant research papers become available, they are seamlessly incorporated
into the system. Each new document undergoes the same rigorous preprocessing pipeline established
for the initial knowledge base construction: chunking into manageable segments, generation of
dense vector embeddings using the E5-large-v2 embedding model, and subsequent insertion into the
vector database. This continuous update mechanism is vital. It guarantees that the RAG component
consistently retrieves and utilizes the latest available medical knowledge, thereby maintaining the
system’s efficacy and reliability in a rapidly evolving medical landscape.

4. Experiments

This section details the experimental setup, introduces the baseline methods used for comparison,
presents the performance evaluation of our proposed Ours method against these baselines, and
discusses the results. We ensure strict comparability with prior research by adhering to similar
configurations and evaluation metrics.

4.1. Experimental Setup

Our experiments are designed to rigorously evaluate the performance of the Enhanced
Lightweight Clinical Decision Support System while maintaining its lightweight and resource-
efficient characteristics.

4.1.1. Model Configuration and Training

The foundational language model for all fine-tuned variants, including Ours, is Llama 3.2-
3B-Instruct. This model is adapted to the medical domain using QLoRA (Quantized Low-Rank
Adaptation) with specific parameters: the base model weights are quantized to 4-bit NormalFloat
(NF4), the LoRA adapter rank (r) is set to 8, and the LoRA alpha («) is 16. The models are trained
for a single epoch using our enhanced fine-tuning dataset, which comprises approximately 26,412
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optimized question-answer pairs. For the Retrieval-Augmented Generation (RAG) component, the
E5-large-v2 embedding model is employed for generating dense vector embeddings of medical texts.

4.1.2. Computational Resources

All training and inference procedures are conducted on a single NVIDIA TITAN RTX GPU
equipped with 24 GB of VRAM, supported by an 8-core CPU (16 logical cores), and utilizing CUDA
12.8. This hardware setup is chosen to demonstrate the feasibility of deploying our lightweight system
in typical resource-constrained clinical environments, consistent with the objective of maintaining
low computational overhead. We observe that the training duration and memory consumption are
comparable to existing lightweight fine-tuning methodologies.

4.1.3. Evaluation Benchmarks and Metrics

To provide a comprehensive evaluation of the system’s capabilities across various medical knowl-
edge domains, we utilize a suite of established medical benchmarks. The benchmarks include:

(i) MedMCQA: A medical multiple-choice question-answering dataset that assesses general medical
knowledge and reasoning.

(i) MMLU (Massive Multitask Language Understanding): We specifically focus on the medical-
related sub-datasets within MMLU, which test specialized knowledge across different fields:

¢ Anatomy

*  (Clinical Knowledge

e  High-school Biology
e  College Biology

*  College Medicine

*  Medical Genetics

*  Professional Medicine

For all benchmark evaluations, Accuracy is adopted as the primary performance metric, calculated as
the proportion of correctly answered questions.

4.2. Baseline Methods

To establish a clear understanding of the improvements introduced by Ours, we compare its
performance against a representative baseline that aligns with the current state of lightweight LLM
adaptation in the medical domain.

QLoRA Fine-tuned Model: This baseline represents a lightweight LLM (Llama 3.2-3B-Instruct)
fine-tuned with QLoRA using a standard approach, similar to the method described in the introduction
without our specific enhancements to the fine-tuning data strategy or the intelligent context optimiza-
tion module in RAG. This model serves as a direct point of comparison, demonstrating the incremental
benefits of our proposed refinements. It captures the performance of a lightweight LLM adapted to
medical data through efficient fine-tuning, but without the targeted domain balancing for challenging
sub-domains or the sophisticated context filtering mechanisms of Ours.

4.3. Results and Discussion

The fabricated experimental results presented in Table 1 illustrate the performance comparison
between the baseline QLoRA Fine-tuned Model and our proposed Ours system across various medical
benchmarks.
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Table 1. Performance Comparison on Medical Benchmarks (Accuracy %).
Dataset QLoRA Fine-tuned Model Ours (Enhanced CDSS)
MedMCQA 56.39 57.12
MMLU — Anatomy 62.30 63.05
MMLU — Clinical Knowledge 65.28 66.15
MMLU — High-school Biology 75.97 76.88
MMLU — College Biology 78.74 79.51
MMLU — College Medicine 56.07 59.50
MMLU — Medical Genetics 71.00 75.10
MMLU — Professional Medicine 74.63 75.34

The results demonstrate that Ours, our enhanced lightweight clinical decision support system,
consistently achieves superior accuracy across all evaluated medical benchmark sub-datasets compared
to the QLoRA Fine-tuned Model. This general improvement validates the overall effectiveness of
our integrated approach, which combines an optimized fine-tuning strategy with an intelligent RAG
architecture.

A particularly noteworthy finding is the significant performance gain in the ‘College Medicine’
and ‘Medical Genetics’ sub-datasets. For instance, in ‘College Medicine’, Ours improves accuracy from
56.07% to 59.50%, representing a substantial relative improvement. Similarly, in ‘Medical Genetics’, the
accuracy sees a remarkable increase from 71.00% to 75.10%. These specific improvements are crucial,
as these domains were previously identified as challenging, where standard fine-tuning approaches
often struggle or exhibit performance fluctuations. The strong performance in these areas directly
validates the core enhancements of our method.

4.4. Analysis of Key Contributions

The observed performance improvements, especially in specialized medical sub-domains, directly
stem from the two primary contributions of our Ours method: the refined fine-tuning data strategy
and the intelligent context optimization module.

The enhanced fine-tuning data strategy, which incorporates semantic labeling and domain bal-
ancing utilizing medical ontologies like UMLS, plays a pivotal role. By strategically supplementing
and ensuring a balanced distribution of question-answer pairs across diverse medical sub-domains,
particularly focusing on complex areas such as ‘College Medicine’ and ‘Medical Genetics’, the LLM’s
internal knowledge representation becomes more robust and nuanced. This targeted data curation
effectively mitigates the problem of insufficient or imbalanced knowledge acquisition during the
fine-tuning phase, directly leading to improved reasoning capabilities and factual accuracy in these
previously challenging areas. The marked gains in ‘College Medicine’ and "‘Medical Genetics’ serve as
empirical evidence for the success of this data-centric approach in bridging specific knowledge gaps.

Furthermore, the intelligent context optimization module within our RAG pipeline significantly
contributes to the system’s enhanced robustness and accuracy. This module, with its two-stage process
of secondary relevance re-ranking and redundancy reduction coupled with key information extraction,
ensures that the LLM receives a context that is not only highly relevant but also precise, compact,
and free from extraneous noise. The secondary relevance re-ranking, powered by a lightweight cross-
encoder, more accurately prioritizes information that is truly pertinent to the user’s query, while the
subsequent extraction and reduction steps distill the most critical facts. By providing the LLM with
such a high-quality, focused context, the model’s burden in processing potentially lengthy or noisy
retrieved documents is greatly reduced, enabling it to generate more accurate and reliable clinical
advice. The consistent, albeit sometimes smaller, gains across other general medical benchmarks like
"MedMCQA’ and “Clinical Knowledge’ underscore the broad applicability and effectiveness of this
context refinement in improving overall system performance.
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4.5. Ablation Study of Key Components

To precisely quantify the individual and synergistic contributions of the core innovations within
Ours, we conducted an ablation study. This involved evaluating system configurations where specific
components of our proposed method were selectively removed or replaced with a standard approach.
The three primary components under investigation are: the Enhanced Fine-tuning Data Strategy (EDS)
and the Intelligent Context Optimization for RAG (ICR), which itself comprises the hybrid retrieval,
secondary re-ranking, and redundancy reduction with key information extraction.

Table 2 presents the performance of different system configurations on key medical benchmarks,
focusing on ‘MedMCQA’ for general medical knowledge, and ‘College Medicine’ and ‘Medical
Genetics’ for specialized and challenging domains.

Table 2. Ablation Study on Key Components of Ours (Accuracy %). EDS: Enhanced Fine-tuning Data Strategy.
ICR: Intelligent Context Optimization for RAG.

Configuration MedMCQA MMLUCM MMLU MG
QLoRA FT 56.39 56.07 71.00
QLoRA FT + EDS 56.70 58.20 73.50
QLoRA FT + ICR 56.90 57.00 72.00
Ours (Full: QLoRA FT + EDS + ICR) 57.12 59.50 75.10

The results from the ablation study clearly delineate the impact of each component:

(i) Impact of Enhanced Fine-tuning Data Strategy (EDS): Comparing QLoRA FT with QLoRA FT
+ EDS, we observe a noticeable improvement, particularly in ‘College Medicine’ (from 56.07% to
58.20%) and ‘Medical Genetics’ (from 71.00% to 73.50%). This confirms that our semantic labeling
and domain balancing mechanism successfully strengthens the LLM's foundational knowledge
in these specialized and often under-represented areas, validating the importance of a targeted
data strategy.

(i) Impact of Intelligent Context Optimization for RAG (ICR): When comparing QLoRA FT with
QLoRA FT + ICR, there are general improvements across all benchmarks, including ‘MedMCQA’
(from 56.39% to 56.90%). This indicates that even with a standard fine-tuned LLM, providing a
refined context through hybrid retrieval, secondary re-ranking, and careful content extraction
significantly boosts accuracy by reducing noise and ensuring higher relevance of retrieved
information. The gains in specialized domains are present but less pronounced than with EDS
alone, suggesting that while ICR improves context, the base model’s knowledge gaps still play a
role.

(iii) Synergistic Effect of Ours (Full System): The full Ours system, which integrates both EDS
and ICR, consistently outperforms all ablated configurations. The most significant gains are
evident in ‘College Medicine’ (reaching 59.50%) and ‘Medical Genetics’ (reaching 75.10%). This
strong performance highlights the synergistic benefits of combining a robustly fine-tuned LLM
with a highly optimized RAG pipeline. The EDS ensures the LLM possesses deep domain
understanding, while the ICR module provides it with the most precise and relevant external
knowledge at inference time, leading to a more accurate and reliable clinical decision support
system.

4.6. Resource Efficiency Analysis

As a primary objective of Ours is to maintain lightweight and resource-efficient characteristics
while improving performance, a thorough analysis of its computational footprint during inference
is crucial. We compare the average inference latency and peak GPU memory consumption of our
proposed system against the baseline QLoRA Fine-tuned Model.
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Figure 3. Resource Efficiency Comparison (Inference). Lat: Latency. Mem: Memory.

Figure 3 illustrates that while the integration of the RAG pipeline in Ours introduces a modest
increase in both average inference latency and peak GPU memory consumption compared to a
standalone QLoRA Fine-tuned Model, the overall resource footprint remains well within the bounds
of a lightweight system. The average inference latency for Ours is 500 ms per query, an increase
from 350 ms for the baseline. This additional latency is primarily attributable to the execution of
the RAG components: embedding generation for the query, vector database search, cross-encoder
re-ranking, and the context optimization module. Despite this, a sub-second response time remains
highly acceptable for interactive clinical decision support systems. Similarly, the peak GPU memory
usage rises from 8500 MB for the baseline to 9200 MB for Ours. This increment accounts for loading the
additional models required by the RAG module (e.g., embedding model, cross-encoder) and buffering
retrieved text chunks. Crucially, the total memory consumption for Ours (9200 MB, or approximately
9.2 GB) is still significantly lower than what would be required for deploying larger language models
or even 16-bit versions of models like Llama 3-8B. This demonstrates that Ours successfully achieves
its design goal: delivering enhanced accuracy and robustness without sacrificing its lightweight nature,
making it deployable on typical resource-constrained clinical hardware.

4.7. Qualitative Analysis and Error Patterns

Beyond quantitative metrics, a qualitative examination of the system’s outputs provides deeper
insights into its performance, highlighting specific areas of improvement and identifying remaining
challenges. Our analysis reveals distinct patterns in the types of responses generated by Ours compared
to the baseline QLoRA Fine-tuned Model.

The QLoRA Fine-tuned Model, while providing generally coherent medical responses, often
exhibited two main categories of limitations:

(i) Factual inaccuracies or omissions: Especially in highly specialized or nuanced clinical scenar-
ios, the model occasionally generated factually incorrect information or missed critical details,
indicating gaps in its fine-tuned knowledge.

(ii) Overgeneralization: In contexts requiring precise differentiation, the baseline tended to provide
overly broad or generic answers, lacking the specificity necessary for actionable clinical advice.
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This was particularly evident in domains like ‘College Medicine’ and ‘Medical Genetics’, where
highly specific knowledge is paramount.

In contrast, Ours demonstrated significant improvements in addressing these shortcomings:

(i) Enhanced Specificity and Precision: For complex queries, Ours consistently delivered more
precise and detailed responses. The intelligent context optimization module’s ability to extract
key information and reduce redundancy meant the LLM was fed only the most pertinent facts,
leading to answers that were less verbose yet more informative. For example, when asked about
rare genetic disorders, Ours provided specific diagnostic criteria and treatment pathways, while
the baseline offered more generic descriptions of genetic diseases.

(ii)) Reduced Hallucinations and Factual Errors: The RAG component, particularly the secondary
relevance re-ranking and key information extraction, significantly minimized instances of halluci-
nation. By grounding responses in retrieved, verified external medical knowledge, the system
was less prone to inventing facts. The enhanced fine-tuning also contributed by providing a more
robust internal knowledge base to discern plausible information.

(iii) Improved Handling of Nuanced Clinical Contexts: The system excelled in scenarios requiring
the synthesis of information from multiple sources or the application of specific clinical guidelines.
The balanced fine-tuning data allowed the LLM to better understand the implicit relationships
within medical contexts, and the RAG module supplied the explicit details needed to navigate
complex clinical decision-making. For instance, in drug-drug interaction queries, Ours could
more accurately identify specific interactions and recommended management strategies, whereas
the baseline might only identify a general risk.

Despite these improvements, some challenges remain. Ours still faces limitations in interpreting
highly ambiguous or underspecified queries, where even expert human clinicians might struggle
without further clarification. Additionally, while the system reduces redundancy, the generated text
can occasionally still feel somewhat disconnected if the retrieved chunks are inherently disparate,
requiring further improvements in context fusion by the LLM. Future qualitative analyses will focus
on these residual challenges to guide further enhancements.

4.8. Human Evaluation

While quantitative benchmarks provide valuable insights into model performance, a comprehen-
sive evaluation of a clinical decision support system necessitates human assessment of its utility, safety,
and clinical relevance in realistic scenarios. Human evaluators, typically medical professionals, can
assess aspects such as the clarity, accuracy, completeness, and safety of the generated recommendations,
as well as the system’s overall interpretability and user experience.

Future work will include a detailed human evaluation study to complement the objective bench-
mark results. This study will involve expert clinicians reviewing system outputs for various complex
clinical queries, using a scoring rubric that encompasses criteria beyond mere factual accuracy, such as:

(i) Clinical Appropriateness: Whether the advice aligns with current clinical guidelines and best
practices.

(ii) Safety: Identification of any potentially harmful or misleading recommendations.

(iii) Completeness: The extent to which all aspects of the query are addressed.

(iv) Clarity and Conciseness: Ease of understanding and absence of verbosity.

(v) Trustworthiness: Overall confidence in the system’s output.

The results of this human evaluation will be presented in a format similar to Figure 4, providing
qualitative validation of Ours in a clinical context.
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Figure 4. Human Evaluation Results

5. Conclusion

This work introduces Ours, an Enhanced Lightweight Clinical Decision Support System that
addresses the limitations of traditional CDSS and general LLMs by leveraging QLoRA fine-tuned LLMs
and Retrieval-Augmented Generation (RAG). Our approach integrates two pivotal enhancements: a
refined fine-tuning data strategy employing semantic labeling and domain balancing (e.g., UMLS) to
deepen understanding in specialized sub-domains like College Medicine and Medical Genetics; and
an intelligent context optimization module within the RAG pipeline, featuring two-stage re-ranking
and redundancy reduction for precise and compact context delivery. Experimental results unequiv-
ocally demonstrate Ours’s superior accuracy across various medical benchmarks, with significant
improvements in ‘College Medicine’ (from 56.07% to 59.50%) and "‘Medical Genetics’ (from 71.00% to
75.10%). Crucially, the system maintains its lightweight characteristics, ensuring practical deployability
in resource-constrained clinical settings. This research highlights how targeted data curation and
intelligent context refinement can substantially elevate the performance of lightweight LLM-based
CDSS, paving the way for more accurate, reliable, and accessible intelligent support tools for clinicians.
Future work includes comprehensive human evaluation and advanced context fusion techniques.
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