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Resumo

O uso crescente de LLMs em setores críticos como a saúde ressalta a necessidade de soluções que equili-
brem desempenho, custo, consumo de energia e privacidade dos dados. Modelos baseados em serviços,
como o GPT-4-1106-preview, demonstram desempenho de ponta, alcançando 32% de precisão em tare-
fas de resposta aberta a perguntas médicas. No entanto, estes modelos apresentam custos operacionais
elevados, consumindo 13.314,4 Joules por resposta e excedendo $1.000.000 anuais em cenários de uso
intensivo. Diante deste panorama, esta dissertação investiga se LLMs menores, implementados local-
mente e aprimorados através da incorporação de RAG, podem obter resultados relevantes no domínio
médico comparáveis aos de seus equivalentes baseados em serviços.

A metodologia proposta utiliza conjuntos de dados médicos cuidadosamente selecionados, inte-
grados num pipeline de recuperação de informações que complementa a geração de modelos locais,
reduzindo a dependência de arquiteturas de grande escala. Phi4, um LLM local com 14 biliões de
parâmetros, foram avaliados em comparação com LLMs de propósito geral e especializados em medic-
ina, analisando o seu desempenho, eficiência energética e custos monetários em benchmarks específicos
da área da saúde. O modelo Phi4 alcançou a maior precisão, com 33%, consumindo 86,08 Joules por
resposta, demonstrando a sua capacidade de rivalizar com o GPT-4-1106-preview em termos de de-
sempenho, com custos energéticos e operacionais significativamente mais baixos. Modelos locais de
médio porte, como o Gemma2-9B, demonstraram equilíbrio entre eficiência energética (68,24 Joules
por resposta) e desempenho ligeiramente inferior. Por outro lado, modelos locais menores, como o
Llama3.2-3b, apresentaram uma eficiência energética excepcional (2,26 Joules por resposta), mas não
atingiram a precisão necessária para tarefas críticas no setor de saúde.

O estudo também destaca os desafios no uso de LLMs especializados em medicina, como o Meditron
7B e o MedLLaMA 2, num framework RAG. O Meditron 7B falhou em gerar respostas consistentes,
enquanto o MedLLaMA 2 não conseguiu seguir as instruções do prompt, tornando-os inviáveis para
avaliação.

Conclui-se que a integração de LLMs menores e locais, combinados com uma camada dedicada de
recuperação de informações, constitui uma estratégia viável para fornecer soluções robustas, contextual-
mente precisas e eficientes em termos de recursos na área da saúde. Embora aspectos como protocolos
de fine-tuning, otimização de parâmetros de recuperação e eficiência energética exijam investigação
adicional, os resultados demonstram que LLMs locais, como o Phi4, podem efetivamente reduzir a dis-
tância de desempenho em relação a APIs comerciais, oferecendo soluções sustentáveis, economicamente
viáveis e centradas na privacidade, alinhadas às rigorosas exigências do setor de saúde.
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Abstract

The increasing prevalence of LLMs in critical sectors such as healthcare underscores a pressing need
for solutions that balance performance, cost-efficiency, energy consumption, and privacy. Service-based
LLMs, such as GPT-4-1106-preview, consistently demonstrate advanced performance, achieving 32%
accuracy in open-answer medical tasks. However, they incur significant monetary and energy costs,
consuming 13,314.4 Joules per response and exceeding $1,000,000 annually in high-volume deploy-
ments. Against this backdrop, this dissertation investigates whether smaller, locally deployed LLMs,
augmented through a Retrieval-Augmented Generation framework, can deliver domain-relevant outputs
comparable to their larger, service-based counterparts.

In the proposed methodology, curated medical datasets are embedded in a retrieval pipeline that
supplemented local model generation, reducing reliance on extensive parameter counts. Phi4, a 14-
billion-parameter local LLM, was evaluated alongside general-purpose and medical-specialized LLMs,
comparing its performance, energy efficiency, and monetary costs on healthcare-specific benchmarks.
Phi4 achieved the highest accuracy of 33% while consuming 86.08 Joules per response, demonstrating
its ability to rival GPT-4-1106-preview in accuracy with significantly lower energy and operational costs.
Mid-sized local models, such as Gemma2-9B, provided a balance, achieving 68.24 Joules per response
at slightly lower performance levels. In contrast, smaller local models, such as Llama3.2-3b, offered
exceptional energy efficiency (2.26 Joules per response) but lacked the accuracy required for critical
medical tasks.

The study also highlights the challenges of using medical-specialized LLMs, such as Meditron 7B
and MedLLaMA 2, within a RAG framework. Meditron 7B failed to produce consistent responses, while
MedLLaMA 2 struggled to adhere to prompts, rendering them ineffective for evaluation. These findings
underscore the importance of alignment and optimization when deploying domain-specific models.

The dissertation concludes that integrating smaller, on-premises LLMs with a dedicated retrieval
layer constitutes a viable strategy for delivering robust, contextually precise, and resource-efficient AI
solutions in healthcare. Although fine-tuning protocols, retrieval parameter optimization, and energy ef-
ficiency warrant further investigation, the results demonstrate that locally deployed LLMs, such as Phi4,
can effectively bridge the performance gap with commercial APIs, providing cost-effective, sustainable,
and privacy-centric solutions adapted to the stringent requirements of the healthcare domain.
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Chapter 1

Introduction

This chapter presents an overview of the project by exploring its context, motivation, problem definition,

and objectives. in which the project is inserted. Furthermore, it presents the overall document structure.

1.1 Context

Large Language Models (LLMs) have become central to Artificial Intelligence (AI) advancements due

to their impressive abilities in understanding, generating, and reasoning. Incorporating LLMs into the

healthcare field marks a pivotal advancement in AI applications to enable faster and more accurate

diagnoses, continuous health monitoring, and the development of customized treatment plans.

LLMs such as GPT-4 and LLaMA exemplify advanced AI capabilities in understanding and gener-

ating human language and have significantly impacted sectors ranging from customer service to content

creation. In healthcare, LLMs are used through various applications such as medical question-answering

systems, patient data analysis, and support tools for healthcare providers. Oncology research is a no-

table example in which LLMs support tumour diagnosis tasks such as detection, sub-typing, staging,

and grading. These applications emphasize LLMs’ multimodal capabilities, as healthcare data often

integrates text, images, and time series data. Using the strengths of LLMs, researchers and healthcare

professionals can integrate multiple data modalities to improve diagnostic precision and patient care [1].

There is a growing interest in the integration of LLMs into healthcare, but despite the benefits of their

applications, challenges such as interpretability, privacy, integration of medical knowledge, and collab-

oration with providers and patients complicate LLM implementation, so when incorporating LLMs into

clinical practice, it must be considered [2].

1.2 Motivation

The use of LLMs, although promising, faces significant barriers due to the reliance on large service-

based models, which involve high operational costs, substantial energy consumption, and elevated data

1



Introduction 2

privacy risks. This issue is particularly critical in healthcare, where data sensitivity is crucial and strict

regulatory standards demand robust data protection, creating the need for alternative approaches that pre-

serve the advantages of AI while mitigating these issues. The primary motivation for this research is to

address these limitations by employing LLMs that can offer comparable performance while overcoming

these barriers.

Locally deployed LLMs represent a promising solution to handle these barriers effectively by re-

ducing computational expenses and enabling data processing to remain on-premises, allowing the mini-

mization of privacy risks and improving cost efficiency.

However, another critical limitation of LLMs is their inherent knowledge cap, as they are trained on

static datasets up to a specific date. This constraint is particularly concerning in healthcare, where new

research findings, treatment guidelines, and clinical protocols are continuously evolving. The depen-

dency on outdated knowledge could alter decision making, underscoring the importance of integrating

dynamic, up-to-date data sources into AI systems.

Emerging methods such as Retrieval-Augmented Generation present a compelling solution to these

issues. RAG not only allows smaller models to achieve performance levels comparable to larger service-

based systems but also provides a mechanism for dynamically retrieving the most current and relevant

information. Demonstrating the effectiveness of this approach could lead to more scalable, privacy-

conscious, and resource-efficient AI solutions in healthcare, ultimately making advanced AI tools ac-

cessible to a wider range of healthcare providers and improving patient care.

1.3 Problem Definition

This dissertation addresses a critical gap in the deployment of language models within healthcare appli-

cations. Existing service-based LLMs have shown proficiency in supporting healthcare tasks, but their

dependence on large-scale infrastructure introduces high operational costs, substantial energy consump-

tion, and increased privacy risks. Data sensitivity and compliance with HIPAA and GDPR regulations

are essential in healthcare, making these limitations pose ethical and practical issues.

This dissertation focuses on the use of smaller-scale local LLMs enhanced with RAG for health-

care solutions. Many works have focused on the capabilities of large, service-based models without

fully exploring the potential of smaller local models to maintain comparable performance levels. This

research aims to identify potential improvements that could redefine the boundaries of effective and pri-

vate AI in healthcare through the use of RAG techniques with local LLMs. It also focuses on minimizing

both monetary and energy costs, striving to balance high model performance with ethical considerations

related to sustainability and data privacy.
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1.4 Objectives

The primary objective of this thesis is to evaluate the feasibility and effectiveness of deploying local,

smaller-scale LLMs in healthcare applications, focusing on cost efficiency, energy consumption, and

data privacy. Using RAG, these models may present a viable alternative to larger service-based LLMs,

potentially maintaining high-performance standards in healthcare without using extensive resources or

compromising data security. The research will focus on the following main objectives:

• Assess the performance of local LLMs in healthcare applications: Compare the performance of lo-

cal, smaller-scale LLMs against large service-based LLMs in healthcare-specific tasks and discuss

the privacy and security advantages of local LLMs

• Assess the performance of medical specialized LLMs in healthcare applications: Compare the

performance of medical LLMs against general LLMs in healthcare-specific tasks

• Evaluate the cost and energy efficiency of local LLMs: Conduct a detailed analysis of the financial

and energy demands associated with the deployment of local LLMs, comparing these factors with

the requirements of larger service-based LLMs.

Given the problem described, we can define the hypothesis as follows:

• In healthcare applications, integrating RAG with local, smaller-scale language models can main-

tain performance levels comparable to large, service-based LLMs while significantly reducing

monetary and energy costs and enhancing data privacy, establishing them as effective and effi-

cient solutions.

Formally, these objectives can be condensed into the following set of research questions:

• RQ1: How can RAG be effectively integrated with smaller local LLMs to enhance their perfor-

mance in healthcare applications, achieving results comparable to larger service-based models?

• RQ2: How do medical-specialized LLMs perform compared to general-purpose LLMs in ad-

dressing healthcare-specific tasks?

• RQ3: Do local LLMs offer significant reductions in monetary costs and energy consumption

compared to large, service-based LLMs when used in healthcare settings?

The achievement of these objectives could provide valuable information on the viability of smaller

local LLMs as cost-effective, secure, and energy-efficient alternatives to large service-based models for

healthcare, potentially setting the stage for more sustainable and private AI solutions in healthcare.
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1.5 Document Struture

This document is organized into seven more Chapters. Chapter 2 introduces the background knowledge,

covering foundational concepts such as LLMs, RAG, privacy-preserving techniques, and the evolution

of these technologies. Chapter 3 reviews the state-of-the-art, focusing on the applications of LLMs

and RAG in healthcare, identifying the limitations of existing approaches, and highlighting the research

gaps.

Chapter 4 outlines the implementation details of the proposed approach. Chapter 5 presents the

testing setup and results, describing various scenarios tested. Chapter 6 provides a detailed analysis of

the results, comparing the performance and trade-offs between local and service-based LLMs, while

exploring the implications of these results. Finally, Chapter 7 concludes the thesis by summarizing the

main contributions, and proposing potential directions for future work.



Chapter 2

Background

This chapter presents a technical background of the main fields required for a comprehensive under-

standing of the state-of-the-art and framework solution proposals in the following chapters. The chapter

is divided into two sections. First, an explanation of Large Language Models, including their evolution,

pre-training techniques and fine-tuning. Then, RAG paradigm is introduced along with the respective

evaluation metrics.

2.1 Large Language Models

2.1.1 Terms and Definitions

Natural Language Processing (NLP) is a branch of artificial intelligence focused on the interaction be-

tween computers and human (natural) language. In this field, language models refer to computational

models designed to process, understand, and generate human language.

Language Models (LM) are trained to estimate the likelihood of word sequences, which helps them

perform tasks such as text generation, translation, and summarization by capturing contextual informa-

tion across sentences or phrases to generate meaningful text. LMs can vary significantly in complexity

and size, from simple statistical models to large neural-based systems with billions of parameters.

In neural networks, parameters are the internal variables (such as weights and biases) learned from

the training data. They govern how input data is transformed into output predictions, determining the

model’s performance. Parameters are an important metric in assessing the size and capacity of language

models: larger models, like GPT-3 with 175 billion parameters, can handle more complex linguistic

structures.

Tokens are the basic units of text that language models process. Tokens can be words, subwords,

characters, or symbols, depending on the model. For example, the word "understanding" could be

tokenized into "under" and "standing" as subwords. Tokenization, the process of converting text into

tokens, enables language models to process various languages and manage large vocabularies efficiently.

5
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Embeddings are dense vector representations of tokens designed to capture semantic meaning by

positioning words with similar meanings close to each other in a high-dimensional space. Embeddings

allow language models to comprehend relationships between words, enhancing their ability to under-

stand and generate contextually relevant text.

2.1.2 Evolution of Language Models

The development of language models has progressed through distinct phases each marked by significant

innovations that improved their capability to understand and generate language as show in Figure 2.1

The earliest language models used statistical techniques, notably n-grams, sequences of words of

length "n". For instance, a bigram model (n=2) would consider pairs of consecutive words to predict the

next word based on its immediate context. Although n-gram models were foundational, they struggled

with limitations such as data sparsity and an inability to capture long-term dependencies.

With the advent of neural networks, more sophisticated language models, such as Neural Language

Models (NLMs), emerged. Recurrent Neural Networks (RNNs) [3] and Long Short-Term Memory

(LSTM) [4] networks allowed language models to process sequences with awareness of the preceding

context, thereby overcoming the limitations of the n-gram models. NLMs introduced embeddings, which

allowed models to understand semantic relationships between words. However, RNNs and LSTMs

faced challenges such as the vanishing gradient problem, which limited their effectiveness on longer

text sequences.

The Transformer architecture was revolutionary for language modelling [5]. Unlike RNNs, trans-

formers leverage a parallelized structure with a self-attention mechanism, allowing the model to assess

the importance of different tokens across a sequence simultaneously rather than sequentially. This in-

novation improved computational efficiency and the model’s ability to handle long-range dependencies,

leading to the development of Pre-trained Language Models (PTLMs), such as BERT [6] and GPT [7],

which could be trained on large corpora and fine-tuned on specific tasks for greater versatility.

LLMs are advanced LMs with a massive scale, often comprising billions of parameters and trained

on extensive datasets. Building on transformers, the latest generation of LLMs, such as GPT-3 and

PaLM, exhibit emergent abilities, including few-shot and zero-shot learning, allowing them to generalize

tasks without extensive re-training. LLMs’ increased size and capacity enable them to handle complex,

multi-task applications, moving NLP toward creating versatile AI that can perform a broad range of

language-related tasks.
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Figure 2.1: Evolution of LLMs

2.1.3 Transformer Architecture and Self-Attention Mechanism

The Transformer architecture is a foundational advancement in NLP, introducing a framework that al-

lows language models to process entire sequences of tokens in parallel. At the core of the Transformer

is the self-attention mechanism, which enables the model to weigh the importance of each token rela-

tive to others in a sequence. Each token is represented by three vectors: query, key, and value. These

vectors are used to calculate an attention score, determining how much weight a token should give to

other tokens in the sequence. This allows the model to capture the dependencies between distant tokens

efficiently, enabling a deep understanding of the context.

To capture complex relationships between tokens, the Transformer model uses multi-head attention,

where multiple attention heads operate in parallel, each with its own set of query, key, and value matrices.

Each attention head focuses on different parts of the sequence, capturing diverse contextual relationships.

The outputs of all attention heads are then concatenated and linearly transformed, giving the model a

more nuanced understanding of token dependencies.

Unlike RNNs, transformers do not have an inherent mechanism to understand the order of tokens in

a sequence, as they process tokens in parallel. To address this, positional encodings are added to each

token’s embedding, providing information about each token’s position within the sequence. Positional

encoding typically utilizes a sinusoidal function, enabling the model to differentiate tokens based on their

position. This process captures sequential order and allows the model to grasp the syntactic structure.

Each Transformer layer includes a feedforward neural network applied to the output of the multi-

head attention mechanism. Residual connections are also incorporated to prevent the vanishing gradient

problem and ensure stable gradient flow during training. The use of residual connections, combined

with layer normalization, helps maintain model stability, especially in deep architectures.

The mainstream architectures of existing LLMs can be categorized in encoder-only, decoder-only

(casual and non-casual), and encoder-decoder models [8] [9].

Encoder-only LLMs, such as BERT and DeBERTa, use bidirectional training, allowing them to

understand the context of a token by integrating information from both sides of the input sequence,

making them ideal for tasks like sentiment analysis and document classification.
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Decoder-only LLMs, including the GPT and LLaMA series, process text unidirectionally (left-to-

right). They use a single text stream as input, and because of the causal masking pattern, conditioning is

simply based on past tokens. Non-casual decoder models were proposed as a solution to allow decoder-

only models to build richer representations of the input/conditioning text by modifying the attention

mask used.

Encoder-decoder models, like Flan-T5 and ChatGLM, combine both approaches, using an encoder

to understand input sequences and a decoder to generate output, making them suitable for tasks requiring

both comprehension and generation of text.

LLMs are expanded versions of the Transformer architecture with increased layers, parameters, and

larger pre-training datasets. The "Scaling laws" predict performance improvements as models grow in

size, either by increasing parameters, layers, or training data. OpenAI’s scaling laws suggest priori-

tizing model size over data volume for optimal performance, while Google DeepMind’s scaling laws

recommend increasing model and data sizes proportionally [10]. These principles guide researchers in

resource allocation and in anticipating performance gains from scaling models.

2.1.4 Pre-training, Fine-tuning and Prompting Techniques

2.1.4.1 Pre-training Approaches

A step in building LLMs is pre-training, where the model is trained on a large, unlabeled dataset via self-

supervision [9]. Pre-training objectives play an important role in the model performance and include

full language modelling, prefix language modelling, and masked language modelling, each with unique

approaches to processing input and target tokens [11]

In Full Language modelling, the model learns to predict the next token based on a sequence of

previous tokens, generating text one token at a time. This autoregressive training method has become

standard for many large models, namely large decoder-only models, such as those in the GPT series,

because it aligns closely with text generation tasks.

In Prefix Language Modeling (PLM) a "prefix" is set up within which the conditioning is non-causal,

meaning the model isn’t restricted to a strict left-to-right sequence for all tokens. The model predicts

tokens outside the prefix, conditioned on all preceding tokens within the prefix. This objective allows

the models to handle complex text dependencies and is used by encoder-decoder architectures and non-

causal decoder-only models.

In Masked Language Modeling (MLM), certain tokens or spans of text within the input are replaced

with a mask token, and the model is trained to predict these masked sections. BERT is a notable example

of MLM [9].

2.1.4.2 Fine-tuning Strategies

One limitation of pre-training LLMs on large, diverse text corpora is that these models may have diffi-

culty capturing the specific distributional characteristics of particular task-related datasets. Fine-tuning
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addresses this by further training the pre-trained model on a targeted dataset. This process can be

achieved either by directly adjusting all model parameters with a language modelling objective or by

adding learnable layers that make the model’s representations compatible with specific tasks, such as

text classification or sequence labelling [12].

Instruction tuning is a central approach, exemplified by models like GLM-130B and Galactica,

which use instruction-formatted datasets during pre-training to improve task adaptability. Multi-stage

instruction tuning further boosts conversational abilities while retaining task-specific knowledge by al-

ternating between task and chat-focused tuning stages.

Alignment tuning through Reinforcement Learning with Human Feedback (RLHF), used in models

like InstructGPT, aligns model outputs with human preferences by training on human feedback. This

approach prioritizes safe, user-friendly responses and reduces the risk of generating harmful content

[13].

Parameter-efficient fine-tuning methods (PEFT) include adapter and prefix tuning, which introduce

small, task-specific modules to each Transformer layer without modifying the model’s main parameters.

These will be studied in detail in the next section.

2.1.5 Parameter Optimization Processes

Parameter optimization in LLMs is critical for improving their performance while managing compu-

tational resources efficiently. Several strategies and techniques have emerged to handle the challenges

associated with optimizing the vast number of parameters in these models.

Full parameter fine-tuning involves adjusting all model parameters during the fine-tuning process.

This is often resource-intensive, especially for large models, but allows for precise task-specific adapta-

tions. Techniques like Low-Memory Optimization (LOMO) have been developed to make this process

more efficient. LOMO fuses gradient computation and parameter updates to minimize memory over-

head, enabling larger models to be fine-tuned with reduced hardware requirements, making the process

feasible even with limited computational resources. This method eliminates the need to store all gradient

tensors, significantly reducing memory usage. [14]

Hyperparameter optimization, which includes learning rates and batch sizes, is crucial for efficient

model training. Bayesian Optimization (BO) is one of the common methods used for this purpose,

leveraging surrogate models to predict promising hyperparameters for future trials. BO is particularly

effective in scenarios where each hyperparameter evaluation is costly. However, it struggles with scala-

bility when the number of hyperparameters grows. Alternative methods like gradient-based optimization

are more scalable but often harder to implement. [15]

For parameter-efficient fine-tuning, Low-Rank Adaptation (LoRA) focuses on freezing most of the

model’s weights while introducing a low-rank decomposition of certain weight matrices. This allows

tuning only a small fraction of the model’s parameters, significantly reducing computational costs with-

out sacrificing performance. LoRA has been shown to improve model performance in downstream tasks,

making it particularly useful for adapting LLMs in resource-constrained environments. [16]
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These methods collectively aim to balance performance with computational efficiency, ensuring that

even large models can be optimized effectively without requiring excessive resources.

2.1.5.1 Prompt Engineering

Prompt engineering is a critical method in optimizing LLMs to generate accurate, task-specific re-

sponses. This approach involves carefully designing input prompts to guide models in producing relevant

and contextually appropriate outputs.

While fine-tuning is less computationally demanding than pre-training, it still requires additional

model training and the availability of high-quality datasets, leading to the consumption of some compu-

tational resources and manual effort. In contrast, "prompting" methods efficiently adapt general LLMs

(e.g., PaLM) to specialized domains, such as the medical field (e.g., MedPaLM), without the need for

retraining model parameters. Common prompting techniques include In-Context Learning (ICL), Chain-

of-Thought (CoT) prompting, Prompt Tuning, and RAG, allowing for effective alignment with minimal

resource use.

ICL is designed to prompt a LLM to perform tasks efficiently by providing direct instructions. The

ICL process involves four stages: task understanding, context learning, knowledge reasoning, and an-

swer generation. First, the model interprets the specific goals and requirements of the task. Next, it

grasps the relevant contextual information through the input provided. Then, the model utilizes its in-

ternal knowledge and reasoning abilities to recognize patterns and logic in the examples. Finally, it

generates answers related to the task. Depending on the type and number of input examples, ICL is

divided into three categories: One-shot Prompting, where only one example and task description are

provided; Few-shot Prompting, which allows for multiple examples and task descriptions; and Zero-

shot Prompting, which relies solely on task descriptions without examples. ICL enables LLMs to make

task predictions based on context enriched with a few examples or demonstrations, allowing the model

to learn from these examples and generate accurate responses.

CoT prompting improves model outputs’ accuracy and logical coherence, surpassing ICL. [17] CoT

encourages the model to generate intermediate steps or reasoning paths when solving complex tasks

through specific prompts. This approach can also be combined with few-shot prompting by providing

reasoning examples, allowing LLMs to include detailed reasoning processes in their responses. CoT has

proven particularly effective for tasks requiring complex reasoning, such as medical question-answering,

significantly improving model performance.

Prompt tuning seeks to improve the model performance by combining prompting and fine-tuning

techniques [18]. This approach introduces learnable prompts: continuous, trainable vectors that can

be optimized or adjusted during fine-tuning to better suit various medical tasks and scenarios. As a

result, prompt tuning offers more flexibility in guiding LLMs compared to traditional methods that rely

on static, fixed prompts. In contrast to conventional fine-tuning, which adjusts all model parameters,

prompt tuning only modifies a small set of parameters directly related to the prompts, significantly

reducing computational demands while maintaining accuracy.
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RAG combines LLMs with external knowledge retrieval mechanisms. By integrating retrieved in-

formation directly into the prompt, RAG allows models to access more extensive datasets or updated

knowledge bases. This approach will be further studied in the next section.

2.1.6 Service-based and Local LLMs

The core distinction between cloud-based LLMs and local LLMs lies in their deployment environments

and their implications for data security, computational power, and customization.

Service-based LLMs are hosted on powerful remote servers provided by large tech companies like

OpenAI, Google, or Amazon. Users access these models via APIs, leveraging cloud infrastructure

capable of managing high computational workloads. In contrast, local LLMs are designed to run on-

premises, either on personal devices or organizational servers, allowing for enhanced control and data

privacy.

Service-based models benefit from near-limitless scalability due to centralized resources that can

be scaled up to meet demand, thus supporting even the largest models like GPT-4 or PaLM. However,

utilizing these models often requires sharing sensitive data over the internet, which raises privacy con-

cerns. In contrast, local LLMs, such as LLaMA or Vicuna, keep all data processing local, mitigating

risks associated with data exposure and making them more suitable for industries like healthcare, where

privacy is crucial.

Local LLMs are highly customizable since users can modify model architecture and training param-

eters according to specific requirements. Fine-tuning or adapting local models with domain-specific data

is generally easier compared to cloud models. Cloud-based LLMs, while accessible and easy to deploy,

often have limitations in terms of direct model control, as users typically interact through predefined

API interfaces with less flexibility to adapt the model itself.

In essence, cloud-based LLMs provide high performance and scalability, which is ideal for general

applications requiring significant computing resources. Local LLMs, in contrast, offer enhanced privacy,

control, and customizability, being well-suited for specialized tasks, especially where data confidential-

ity is critical and where custom fine-tuning can make a significant difference in task performance.

2.1.7 Privacy-Preserving Techniques

Privacy-preserving techniques are essential in handling sensitive data, especially within healthcare appli-

cations where personal information is protected under strict regulations. These methods ensure that data

used by models remains confidential, even during analysis, training, and deployment stages. Prominent

techniques include Federated Learning, Differential Privacy, and Homomorphic Encryption combined

with Secure Multiparty Computation (SMC). Federated learning allows models to be trained across de-

centralized devices, such as hospital systems, without direct data sharing. Each device trains the model

locally, contributing only encrypted or aggregated updates, thus preventing raw data from leaving local
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environments. This technique enables model development using diverse data sources while maintaining

data confidentiality and is well-suited to multi-institutional healthcare systems.

Differential privacy adds noise to data or model parameters, protecting individual privacy even in

statistical analysis or model updates. This approach has gained traction in sensitive domains, such as

healthcare, by making it difficult to identify individuals from model outputs. Furthermore, homomorphic

encryption allows computations on encrypted data, supporting operations without decrypting sensitive

information. When combined with Secure Multiparty Computation, homomorphic encryption enables

collaborative model training across parties, maintaining privacy across all stages of the process, which

is especially critical in healthcare collaborations where data sharing is tightly regulated.

Federated Learning (FL) offers a decentralized approach to training machine learning models, lever-

aging data from multiple locations without centralizing it. In healthcare, this approach is beneficial as

it allows hospitals, research institutions, and clinics to collaboratively train models on diverse datasets

without violating patient privacy regulations. Each institution processes its data locally, contributing

encrypted model updates to a central model without transferring raw data. Applications of federated

learning in healthcare are vast, spanning from predictive modelling of disease outbreaks to personalized

medicine and medical imaging analysis. The benefit of FL is that it enables richer, more generalized

models trained on diverse, real-world data while protecting patient privacy.

Differential Privacy (DP) is a framework that ensures privacy by adding statistical noise to data or

model outputs, which obscures individual-level information in aggregated datasets. This method allows

insights to be derived from data while maintaining robust privacy guarantees, as it prevents reverse-

engineering of personal data from the model outputs. DP techniques are effective in healthcare, where

patient data sensitivity is paramount. Applications of differential privacy include creating public datasets

from private data and training models without exposing sensitive information. Effectiveness in health-

care research has been demonstrated through improvements in machine learning privacy-preserving ca-

pabilities, making DP a valuable tool for both research and deployment of models in clinical settings.

Homomorphic Encryption (HE) allows computations on encrypted data without decryption, provid-

ing a robust privacy-preserving framework for collaborative machine learning. HE supports operations

such as addition and multiplication on ciphertexts, enabling complex computations directly on encrypted

data. This approach is particularly advantageous for multi-institutional collaborations, where sensitive

data can be used in model training without direct sharing. When combined with SMC, HE enables

encrypted data from multiple sources to be processed jointly, with each party performing computations

on their encrypted data. This setup ensures that data privacy is maintained throughout the training and

inference processes, making it ideal for healthcare applications, where stringent privacy requirements

demand secure, collaborative methods.
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2.2 Retrieval-Augmented Generation

2.2.1 Concept and Mechanism of RAG

RAG represents a paradigm that combines a retrieval component with a generative model to improve

response quality, particularly for tasks requiring access to extensive, domain-specific knowledge. RAG

allows LLMs to retrieve relevant information from external knowledge sources, such as databases, to

generate more accurate and contextually relevant outputs.

The process involves three core steps: indexing, retrieval, and generation. In indexing, raw docu-

ments are transformed into vector representations that capture the semantic meaning of each piece of

information. Techniques like Sentence-BERT are commonly used to create and organize these embed-

dings that are stored in a vector database. This allows the retrieval system to search through vast datasets

rapidly and locate information that aligns semantically with the user’s query. Indexing ensures that the

retrieval system can efficiently handle large-scale data and support real-time interactions.

During retrieval, the RAG system identifies and selects the most relevant information for a given

input query. When a query is entered, it is transformed into a vector representation using the same em-

bedding technique as the indexed data. The retrieval system then searches the vector database for entries

with high semantic similarity to the query, using similarity metrics like cosine similarity or Euclidean

distance to rank potential matches. The top-k most relevant chunks (e.g., paragraphs or passages) are

then passed to the generative model. This retrieval step is crucial for grounding the model’s response in

current or domain-specific knowledge, particularly valuable in cases where the LLM’s pre-trained data

may be outdated or incomplete.

In the final stage, the retrieved data is combined with the original query as input for the generative

model. The model, typically a transformer-based LLM, integrates the retrieved context to produce a

coherent, contextually accurate response. The generation process involves attention mechanisms that

allow the model to weigh and incorporate relevant parts of the retrieved text while responding. This step

generates a response that not only aligns with the query but is also enriched with precise, up-to-date, and

domain-relevant information from the external source.

To refine the retrieval and generation processes, some RAG systems use advanced retrieval tech-

niques like multi-step retrieval and ranking. In multi-step retrieval, the model iteratively refines its

search based on intermediate results, improving accuracy by narrowing down the information with each

step. Ranking, on the other hand, involves scoring and filtering retrieved items based on relevance to en-

sure only the most pertinent information is included in the final response. Techniques like cross-attention

between the query and retrieved documents during the generation stage also improve the integration of

retrieved content, helping the model maintain coherence and relevance in its response.

In [19] the authors systematically review RAG’s technical evolution, categorizing it into three main

paradigms: Naive RAG, which relies on basic retrieval and generation processes; Advanced RAG, which

incorporates refined methods like reranking and filtering to improve retrieval relevance; and Modular
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RAG, where distinct components (retrieval and generation) are more deeply integrated and potentially

co-optimized for better performance across tasks.

2.2.2 Benefits and Applications of RAG

RAG offers distinct benefits by integrating real-time external data retrieval with generative language

models. This combination enhances the quality, accuracy, and relevance of model outputs, especially in

knowledge-intensive tasks where static model parameters may otherwise limit performance.

One of RAG’s primary benefits is its improved factual accuracy. By drawing on up-to-date or

domain-specific external sources, RAG can address limitations associated with LLMs, such as hallucina-

tions—where models generate inaccurate information based on gaps in their pre-trained knowledge. For

example, RAG has effectively produced factually correct responses for open-domain question-answering

systems.

RAG’s architecture enhances relevance and specificity in model responses, which is particularly use-

ful for handling rare or unseen data. For instance, models augmented with RAG are better at accessing

domain-specific knowledge on demand, a significant advantage in areas like healthcare and law, where

up-to-date or specialized information is crucial. This mechanism helps overcome the limitations of pre-

trained LLMs, which may lack comprehensive domain-specific details due to the general nature of their

training corpora.

In practical applications, RAG enables dynamic adaptability across fields that require frequently

updated data, such as customer support, scientific research, and content generation. In customer service

chatbots, RAG can access databases of user queries, allowing models to generate contextually accurate

responses grounded in the latest available data. In research, RAG supports real-time retrieval of scientific

literature, enabling applications that assist with summarization, literature review, and academic inquiry

to provide high-relevance answers.

RAG has also been shown to contribute significantly to reducing hallucination rates in complex

conversational and decision-making tasks, providing reliable information sourced directly from exter-

nal repositories. This characteristic makes RAG particularly beneficial in applications where factual

reliability is non-negotiable, such as medical diagnosis support or legal consultations.

Additionally, by reducing the dependency on continuous model fine-tuning, RAG optimizes com-

putational resources, making it a cost-effective alternative for systems requiring frequent knowledge

updates.

2.2.3 Parameter Optimization

Parameter optimization in RAG is a crucial step to ensure that both retrieval and generation components

work synergistically to provide accurate and contextually relevant responses. In a RAG framework, a

retriever model identifies relevant documents from a large corpus based on a query, while a generator

model, often a large language model, synthesizes this information to produce a coherent answer. Key
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parameters to optimize include the retriever’s top-k selection threshold, which dictates how many rel-

evant documents are retrieved, and the similarity threshold, which influences the relevance of selected

documents. Tuning these parameters balances retrieval precision with recall, affecting the generation

model’s input quality. Similarly, optimizing generation parameters like maximum token length, temper-

ature, and beam search width in the generation model impacts response specificity and fluency, ensuring

generated answers remain concise yet informative.

Additionally, hyperparameters related to embedding dimension and retrieval model architecture can

significantly impact the retriever’s ability to capture semantic relevance in retrieved documents. Ad-

vanced optimization methods, such as grid search, Bayesian optimization, or reinforcement learning,

are commonly used to identify the ideal parameter configurations. In a RAG system, parameter opti-

mization must consider real-world constraints, such as latency and computational costs, especially if the

system is deployed in real-time applications. Regular evaluation using metrics like BLEU, ROUGE,

and F1 for language generation, as well as recall and mean average precision (MAP) for retrieval, helps

refine these parameters iteratively. As a result, well-optimized RAG systems demonstrate enhanced an-

swer accuracy, faster response times, and overall improvement in user experience, making parameter

optimization a foundational process for high-performing retrieval-augmented models.

2.2.4 Evaluation of RAG

For the retrieval stage, evaluation metrics such as Hit Rate, Mean Reciprocal Rank (MRR), and Nor-

malized Discounted Cumulative Gain (NDCG) are commonly employed. These metrics assess the re-

trieval system’s effectiveness in sourcing relevant information, which is critical for generating accurate

responses. In the generation stage, traditional metrics such as BLEU and ROUGE scores are used to

evaluate the coherence of the content. In contrast, accuracy and Exact Match (EM) scores are applied

to determine the faithfulness of responses. Precision and recall measure how well the generated outputs

align with the retrieved context.

The RAG evaluation framework outlined in [19] highlights three quality aspects: context relevance,

answer faithfulness, and answer relevance. Context relevance measures how closely the retrieved data

matches the query, ensuring minimal noise in the input for generation. Answer faithfulness evaluates

whether the generated response accurately reflects the retrieved content, helping to avoid contradictions.

Answer relevance assesses the direct alignment of the generated response with the query, verifying that

the answer addresses the posed question directly.

Benchmarks such as RGB, RECALL, and CRUD are commonly used to provide standardized testing

for RAG models, allowing researchers to gauge model performance on various retrieval and generation

tasks. Automated tools, including RAGAS, ARES, and TruLens, support these evaluations by analyzing

and scoring RAG outputs systematically, thus enabling a scalable approach to quality measurement.
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State-of-the-Art

Through a comprehensive exploration of both Large Language Models, Retrieval-Augmented Gen-

eration and Performance, Energy, and Cost Metrics in LLMs in healthcare, this chapter provides an

overview of the current state-of-the-art methodologies and techniques.

3.1 Large Language Models in Healthcare

Integrating LLMs into healthcare has opened new horizons for medical research, diagnostics, and patient

care. LLMs, trained on vast amounts of text data, can understand and generate human-like language,

making them valuable for various applications in MedTech.

This section explores the different applications of LLMs in healthcare and reviews the models used

in various studies, both general-purpose and medical-specialized LLMs.

3.1.1 General Large Language models

LLMs have made significant strides due to their capacity for understanding, generating, and reasoning

over complex texts. These models rely on large-scale datasets during their pre-training phases. For

instance, the CommonCrawl, Wikipedia, and Books datasets are often used, containing diverse types

of textual data that enable the models to generalize across many domains. In Table 3.1 you can see an

overall comparison of general LLMs.
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Model Structure Number of
Parameters

Pre-
training
Data Scale

Use Case

GPT-3 [11] Decoder-only 6.7B / 13B /
175B

300B tokens General-purpose NLP,
customer service, text
generation

GPT-4 [7] Decoder-only - - Advanced conversational
AI, multi-modal tasks

PaLM [20] Decoder-only 8B / 62B /
540B

780B tokens Medical research, multi-
lingual NLP

FLAN-PaLM [21] Decoder-only 540B - Question answering,
instruction-following
tasks

Claude-3 [22] Decoder-only - - Customer support, gen-
eral text generation

Gemini (Bard) [23] Decoder-only - - Interactive Q&A, dia-
logue systems

UL2 [24] Encoder-Decoder 19.5B 1T tokens Text understanding and
generation

T5 [25] Encoder-Decoder 11B 1T tokens Language translation,
summarization, text clas-
sification

Vicuna [26] Decoder-only 7B / 13B LLaMA +
70K dia-
logues

Chatbots, fine-tuned dia-
logue systems

Alpaca [27] Decoder-only 7B / 13B LLaMA +
52K IFT

Conversational agents,
personal assistants

LLaMA [28] Decoder-only 7B / 13B /
33B / 65B

1.4T tokens On-device language un-
derstanding, specialized
NLP tasks

LLaMA-2 [29] Decoder-only 7B / 13B /
34B / 70B

2T tokens Language modeling with
domain-specific cus-
tomization

LLaMA-3 [30] Decoder-only 8B / 70B 15T tokens Local NLP applications
with enhanced context un-
derstanding

Mistral [31] Decoder-only 7B - On-device generation for
low-resource tasks

ChatGLM [32] Encoder-Decoder 6.2B 1T tokens Local multilingual pro-
cessing, interactive AI

BERT [6] Encoder-only 110M /
340M

3.3B tokens Contextual understand-
ing, document analysis

DeBERTa [8] Encoder-only 1.5B 160GB Text classification, lan-
guage understanding

RoBERTa [33] Encoder-only 355M 161GB Sentence prediction, com-
prehension tasks

Table 3.1: Comparison of General LLMs
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In healthcare, general-purpose LLMs, such as GPT-4 and ChatGPT, have been adapted to tackle

various tasks, including diagnostics, patient interaction, and medical literature summarization. These

models process clinical data such as patient records, generate diagnostic reports, and respond to medical

inquiries.

Nori et al. [34] evaluated the performance of GPT-4 on medical tasks, particularly through its perfor-

mance on the U.S. Medical Licensing Examination (USMLE) and the MultiMedQA benchmark suite.

The study reveals that GPT-4, without specialized medical training, achieves high scores across several

benchmark datasets, surpassing task-specific models like Flan-PaLM 540B and Med-PaLM in all areas

except PubMedQA. The results demonstrate GPT-4’s robustness in multiple-choice medical tasks with

zero-shot and five-shot settings. This model also shows improved calibration over GPT-3.5, meaning

it better aligns its confidence levels with actual answer correctness, crucial in high-stakes medical ap-

plications where reliable confidence estimation is essential. While GPT-4 performs well on structured

exams, its real-world deployment in clinical settings requires careful assessment to mitigate risks related

to accuracy and ethical considerations.

Ankit Pal and Malaikannan Sankarasubbu [35] evaluated Google’s multimodal LLM, Gemini, within

the medical field. Gemini was tested on multiple medical benchmarks, including MultiMedQA (for

reasoning), Med-HALT (for hallucination detection), and Medical VQA. While the model demonstrated

solid medical knowledge, it fell short in diagnostic accuracy when compared to models like Med-PaLM

2 and GPT-4, particularly in interpreting complex visual medical data. It performed lower than GPT-

4 in VQA tasks, achieving an accuracy of 61.45% compared to GPT-4V’s 88%. The results of the

evaluation highlighted Gemini’s susceptibility to hallucinations (i.e., generating incorrect or unfounded

information), which poses challenges in high-stakes medical settings.

In [36], researchers investigate the performance and limitations of Mistral’s LLM, Mistral-Large-

2402, in medical applications. They examined Mistral’s ability to handle complex medical reasoning

tasks, including diagnosis, treatment recommendations, and condition analysis, while also assessing its

tendency to produce hallucinations. Mistral-Large-2402 was evaluated using the MedQA, PubMedQA

and MedMCQA datasets, with accuracy, coherence, and response completeness as key metrics for as-

sessing the model’s reliability in generating medical advice. In addition to its raw performance, the

paper examined how the model handles factual consistency, especially its capacity to avoid making

unsubstantiated claims or to indicate limitations when confronted with questions beyond its expertise.

Techniques like few-shot prompting, self-consistency and RAG were used to enhance Mistral’s perfor-

mance and reduce the likelihood of hallucinations. The results revealed Mistral-Large-2402’s strengths

in addressing medical questions, with 77,5% of accuracy in the PubMedQA dataset. The model showed

an average accuracy increase of 6.45% over MedAlpaca 7B, 18.05% over MediTron-7B, and a notable

31.12% improvement over PMC-LLaMA 7Bning.

In [30] evaluated the performance of Llama 3 against leading proprietary models. The study as-

sessed model performance using two sets of questions: the 2022 American College of Radiology (ACR)

in-training exam and 85 additional radiology board-style questions unseen by the models. The results
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showed that Llama 3 70B performed competitively with proprietary models while answering high-stakes

medical questions by achieving 74% accuracy on the ACR in-training exam and 80% on the radiology

board-style questions. These scores were close to the performance of GPT-4 Turbo, which achieved,

respectively, 78% and 82% on the same questions. Additionally, this model outperformed smaller open-

source models (such as Mixtral 8 × 7B and Llama 3 8B). This research demonstrates the growing poten-

tial of open-source models in healthcare and radiology, providing a privacy-respecting alternative with

competitive performance.

Despite their potential, general LLMs sometimes lack the domain-specific knowledge required for

accurate medical interpretations. They may generate plausible but incorrect medical information, posing

risks in clinical applications [11].

3.1.2 Specialized Medical LLMs

Specialized medical LLMs have emerged to address the limitations of general-purpose LLMs. These

LLMs are primarily developed by either pre-training from scratch, fine-tuning existing general LLMs,

or using prompting techniques to adapt general LLMs to the medical domain. In Table 3.2 we provide a

comparison overview of Medical-domain LLMs.

Pre-training typically involves training an LLM on a large corpus of medical texts, including both

structured and unstructured text, to learn the rich medical knowledge [2]. The corpus may include

EHRs, clinical notes, and medical literature. PubMed, MIMIC-III clinical notes, and PubMed Central

(PMC) are three of the most used medical corpora for LLM pre-training. Some models are trained on

a single dataset, such as ClinicalBERT [37] (pre-trained on MIMIC-III), while others, like BioBERT

[38], combine multiple sources, being pre-trained on both PubMed and PMC.

Training a medical LLM from scratch is costly and time-intensive, often requiring significant com-

putational resources over extended periods [39]. An efficient alternative is to fine-tune general LLMs

with medical data, enabling them to acquire domain-specific knowledge without starting from the ground

up. Examples include MedPaLM, which was designed to handle complex clinical dialogues and achieve

high accuracy on medical question-answering benchmarks such as the USMLE. This fine-tuning process

enhances the models’ relevance to healthcare applications, improving their ability to handle complex

medical questions and generate detailed clinical insights.

Fine-tuning is less computationally intensive than pre-training but still requires additional training

and high-quality datasets, which consume resources and demand manual labor. In contrast, prompting

methods offer a more resource-efficient approach by adapting general LLMs to medical contexts without

modifying model parameters. For instance, MedPaLM-2 [39] employs CoT prompting to solve med-

ical reasoning tasks, which enhances its ability to provide structured and reliable answers in medical

contexts.
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Table 3.2: Comparison of Medical-Domain LLMs

Model Development Number of
Parameters

Data Scale Data Source

BioBERT [38] Pre-training 110M 18B tokens PubMed, PMC

PubMedBERT [40] Pre-training 110M /

340M

3.2B tokens PubMed, PMC

SciBERT [41] Pre-training 110M 3.17B tokens Literature

NYUTron [42] Pre-training 110M 7.25M notes, 4.1B

tokens

NYU Notes

ClinicalBERT [37] Pre-training 110M 112k clinical notes MIMIC-III

BioM-ELECTRA [43] Pre-training 110M /

335M

- PubMed

BioMed-RoBERTa [44] Pre-training 125M 7.55B tokens S2ORC

BioLinkBERT [45] Pre-training 110M /

340M

21GB PubMed

BlueBERT [46] Pre-training 110M /

340M

>4.5B tokens PubMed, MIMIC-III

SciFive [47] Pre-training 220M /

770M

- PubMed, PMC

ClinicalT5 [48] Pre-training 220M /

770M

2M clinical notes MIMIC-III

MedCPT [49] Pre-training 330M 255M articles PubMed

DRAGON [50] Pre-training 360M 6GB BookCorpus

BioGPT [51] Pre-training 1.5B 15M articles PubMed

BioMedLM [52] Pre-training 2.7B 110GB Pile

OphGLM [53] Pre-training 6.2B 20k dialogues MedDialog

GatorTron [54] Pre-training 8.9B >82B tokens EHRs, PubMed, Wiki,

MIMIC-III

GatorTronGPT [55] Pre-training 5B / 20B 277B tokens EHRs

DoctorGLM [56] Fine-tuning 6.2B 323MB dialogues CMD

BianQue [57] Fine-tuning 6.2B 2.4M dialogues BianQueCorpus

ClinicalGPT [58] Fine-tuning 7B 96k EHRs + 100k

dialogues

MD-EHR, MedDialog,

VariousMedQA

Qilin-Med [59] Fine-tuning 7B 3GB ChiMed

ChatDoctor [60] Fine-tuning 7B 110k dialogues HealthCareMagic, iCliniq

BenTsao [61] Fine-tuning 7B 8k instructions CMeKG-8K
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Model Development Number of
Parameters

Data Scale Data Source

HuatuoGPT [62] Fine-tuning 7B 226k instructions Hybrid SFT

Baize-healthcare [63] Fine-tuning 7B 101K dialogues Quora, MedQuAD

BioMedGPT [64] Fine-tuning 10B >26B tokens S2ORC

MedAlpaca [65] Fine-tuning 7B / 13B 160k medical QA Medical Meadow

AlpaCare [66] Fine-tuning 7B / 13B 52k instructions MedInstruct-52k

Zhongjing [67] Fine-tuning 13B 70k dialogues CMtMedQA

PMC-LLaMA [68] Fine-tuning 13B 79.2B tokens Books, Literature, MedC-

I

CPLLM [69] Fine-tuning 13B 109k EHRs eICU-CRD, MIMIC-IV

Med42 Fine-tuning 7B / 70B 250M tokens PubMed, MedQA,

OpenOrca

MEDITRON [70] Fine-tuning 7B / 70B 48.1B tokens PubMed, Guidelines

OpenBioLLM [71] Fine-tuning 8B / 70B - -

MedLlama3-v20 [72] Fine-tuning 8B / 70B - -

Clinical Camel [73] Fine-tuning 13B / 70B 70k dialogues +

100k articles

ShareGPT, PubMed,

MedQA

MedPaLM-2 [74] Fine-tuning 340B 193k medical QA MultiMedQA

Med-Flamingo [75] Fine-tuning - 600k pairs Multimodal Textbook,

PMC-OA, VQA-RAD,

PathVQA

LLaVA-Med [76] Fine-tuning - 660k pairs PMC-15M, VQA-RAD,

SLAKE, PathVQA

MAIRA-1 [77] Fine-tuning - 337k pairs MIMIC-CXR

RadFM [78] Fine-tuning - 32M pairs MedMD

Med-Gemini [79] Fine-tuning - - MedQA-R&RS, Mul-

tiMedQA, MIMIC-III,

MultiMedBench

CodeX [80] Prompting GPT-3.5 /

LLaMA-2

CoT -

DeID-GPT [81] Prompting ChatGPT /

GPT-4

CoT -

ChatCAD [82] Prompting ChatGPT ICL -

Dr. Knows [83] Prompting ChatGPT ICL UMLS

MedPaLM [39] Prompting PaLM

(540B)

CoT & ICL MultiMedQA
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Model Development Number of
Parameters

Data Scale Data Source

MedPrompt [84] Prompting GPT-4 CoT & ICL -

Chat-Orthopedist [85] Prompting ChatGPT RAG PubMed, Guidelines, Up-

ToDate, Dyname

QA-RAG [86] Prompting ChatGPT RAG FDA QA

Almanac [87] Prompting ChatGPT RAG & CoT Clinical QA

Oncology-GPT-4 [88] Prompting GPT-4 RAG & ICL Oncology Guidelines

from ASCO and ESMO

The integration of LLMs into the medical field presents considerable promise in several domains.

For diagnostics, LLMs like MedPaLM-2 achieve high accuracy in clinical assessments and question-

answering, significantly improving patient outcomes by offering precise diagnostic suggestions.

[79] introduced Med-Gemini, a family of advanced multimodal models built upon Gemini, fine-

tuned for medical applications to address complex clinical reasoning, multimodal understanding, and

long-context processing. Med-Gemini achieves state-of-the-art (SoTA) performance on 10 out of 14

benchmarks, surpassing GPT-4 and Med-PaLM 2 on tasks such as USMLE (MedQA) with a 91.1%

accuracy. Med-Gemini also has great results in multimodal tasks, such as interpreting medical images

and supporting radiology workflows, showing potential for real-world utility in medical summarization,

referral letter generation, and diagnostic dialogues.

[39] presented Med-PaLM 2, an advanced large language model specifically designed for medical

question answering. Med-PaLM 2 builds on Google’s PaLM 2 model and uses extensive medical domain

fine-tuning and novel prompting strategies, including an ensemble refinement approach, to enhance med-

ical reasoning capabilities. This model demonstrates state-of-the-art performance on multiple medical

benchmarks, including the MedQA (USMLE-style questions), MedMCQA, and PubMedQA datasets.

Med-PaLM 2 achieves a high accuracy rate of 86.5% on the MedQA dataset, a substantial improvement

over its predecessor, Med-PaLM. The model also shows competitive or superior performance compared

to existing models on other datasets. The paper also highlights Med-PaLM 2’s improved performance in

long-form medical question answering, with evaluations indicating that physicians preferred Med-PaLM

2’s answers over those provided by physicians themselves in terms of clinical utility on several key axes,

such as medical consensus alignment and reasoning quality.

[51] presents BioGPT, a generative pre-trained language model developed specifically for the biomed-

ical domain by Microsoft Research. Unlike previous BERT-based models, which mainly focused on

understanding tasks, BioGPT uses the GPT architecture, making it suitable for text generation. The

model was pre-trained on large biomedical datasets, primarily PubMed abstracts, and evaluated across

multiple tasks, including relation extraction, question-answering, document classification, and text gen-

eration. BioGPT established a high standard for biomedical QA tasks by outperforming state-of-the-art

BioLinkBERT by 6.0%, with an accuracy of 78.2%.
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In [89], researchers evaluated various models, including MedLLaMA-13B performance across sev-

eral medical NLP tasks, such as named entity recognition, relation extraction, and question answering,

using the Biomedical Language Understanding and Reasoning Benchmark (BLURB). MedLLaMA was

effective in question-answering tasks, achieving competitive results compared to general-purpose mod-

els, especially when leveraging example-based prompting to enhance accuracy. However, it performed

less consistently on other tasks, such as document classification, indicating the need for prompt cus-

tomization to maximize its adaptability for various medical applications.

[90] introduced MEDITRON-70B, a suite of medical language models (7B and 70B parameters)

adapted from LLaMA-2 for healthcare applications. The authors designed MEDITRON to democratise

medical knowledge access using a pre-training dataset of clinical guidelines, PubMed abstracts, and

experience replay data. The models were evaluated using significant medical reasoning benchmarks, in-

cluding MedQA, MedMCQA, PubMedQA, and MMLU-Medical. MEDITRON-70B achieved a 70.2%

accuracy on MedQA’s 4-option USMLE-style questions (MedQA-style), which brought it within 5%

of GPT-4’s performance and 10% of Med-PaLM 2, two much larger commercial models. Further-

more, this model outperformed large open-source models like LLaMA-2 and PMC-LLaMA on medical

benchmarks by up to 12% after incorporating advanced prompting methods such as chain-of-thought

and self-consistency. The model was trained using a distributed framework on 128 Nvidia A100 GPUs,

employing, among others, tensor and pipeline parallelism to efficiently process the massive medical

corpus, highlighting the model’s scalability.

[38] discussed BioBERT, a biomedical language representation model developed by adapting BERT

specifically for biomedical text mining tasks. BioBERT was pre-trained on vast biomedical corpora, in-

cluding PubMed abstracts and PMC full-text articles. The pre-training enhances BERT’s understanding

of biomedical terminology and relationships, making BioBERT better suited for tasks like named en-

tity recognition (NER), relation extraction (RE), and biomedical question answering (QA). The results

showed that BioBERT outperforms BERT and previous state-of-the-art models across these tasks. For

example, in question answering, the evaluation was conducted using Biomedical Semantic QA datasets

(which provide factoid and list questions based on PubMed); BioBERT achieved an MRR of 45,5%,

12.24% improvement compared to BERT.

[91] presents BioMistral, an open-source LLM specifically tailored for the biomedical domain.

Developed by further training the Mistral 7B Instruct model on medical texts from PubMed Central,

BioMistral aims to provide a versatile, multilingual, and efficient tool for medical applications, address-

ing the limitations of proprietary models regarding accessibility and data privacy. The results demon-

strated that this BioMistral outperforms the base Mistral 7B and other open-source biomedical models

across various medical question-answering tasks, particularly excelling in few-shot and fine-tuned sce-

narios. Supervised fine-tuning allowed BioMistral to surpass baseline performance on most benchmarks,

including MedQA and PubMedQA. Additionally, model merging techniques, especially SLERP, im-

proved accuracy by over 5%, while quantization reduced computational demands with minimal impact

on accuracy. Although BioMistral showed some limitations in multilingual tasks, particularly against
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GPT-3.5 Turbo, it proved to be a strong, accessible alternative for medical NLP tasks in English.

3.1.3 Applications of LLMs in Healthcare

3.1.3.1 Medical tasks

There are two main types of medical machine learning tasks: discriminative and generative. Discrimina-

tive tasks involve categorizing or extracting information, such as question answering, entity extraction,

relation extraction, text classification, and information retrieval. These tasks enable systems to orga-

nize and interpret medical data, aiding clinicians in diagnosis and decision-making. For instance, entity

extraction helps identify critical medical terms, while question-answering provides precise responses

based on clinical knowledge [39].

Generative tasks, on the other hand, require models to produce a coherent new text, such as medical

text summarization, generation, and simplification. Summarization condenses long medical documents,

aiding in quick comprehension. Text generation provides discharge instructions or health advice, and

simplification translates complex medical jargon for patient understanding [92]

[2] performs a comparison demonstrating that general LLMs can perform great on existing medical

machine-learning tasks. Shows that GPT-4 excels in closed-ended QA tasks, often surpassing task-

specific models and approaching human performance. However, it underperforms in the open-ended and

non-QA tasks, where task-specific models, such as BioBERT, achieve higher accuracy, indicating that

LLMs still require improvements to support clinical applications fully. Expanding evaluations to broader

tasks beyond QA is necessary to ensure LLMs are viable for real-world clinical decision-making.

3.1.3.2 Clinical applications

AI technologies are transforming healthcare by supporting clinicians in making informed decisions,

improving patient interactions, generating clinical reports, and providing mental health support [2].

One notable application is in medical decision-making, where LLMs have been deployed to analyze

extensive datasets, including medical literature and patient histories, to suggest accurate diagnoses and

personalized treatment options. For instance, models like NYUTron [42], trained on vast amounts of

hospital data from New York University, support clinicians by predicting patient outcomes, including in-

patient mortality prediction, comorbidity index prediction and readmission prediction, and streamlining

operational tasks such as anticipating insurance claim denials. Another example, TrialGPT [93], lever-

ages the predictive capabilities of GPT models to assist in clinical trial matching by providing criterion-

specific eligibility assessments, reducing human screening time while enhancing accuracy. This model

supplies clinicians with relevant trial information and explanatory context, facilitating faster and more

precise decision-making.

One limitation of using LLMs for medical diagnosis is their dependence on subjective text inputs

from patients, as they cannot directly interpret diagnostic images essential for objective diagnoses. In-

stead, LLMs can complement vision-based models by providing logical reasoning to enhance diagnostic
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accuracy. An example is ChatCAD [82], where images are processed by a computer-aided diagnosis

(CAD) model, and the resulting data is converted into text for ChatCAD to interpret and generate diag-

noses.

LLMs can have a crucial role in facilitating therapeutic interactions and providing patients with pre-

liminary support in cases of mental health support. PsyChat and Psy-LLM are two great examples of this

use case. The first one, PsyChat, [94] is a client-focused LLM dialogue system that offers psychologi-

cal support through five core modules: client behaviour recognition, counsellor strategy selection, input

packaging, response generation (fine-tuned using ChatGLM-6B with an extensive dialogue dataset),

and response selection. This system’s effectiveness and practicality in real-world mental health support

scenarios have been validated by both automated and human evaluations. Psy-LLM [95] is a model

designed as a tool to support the workflow of professional counsellors, particularly in aiding individuals

who may be experiencing depression or anxiety. These AI-driven dialogues bridge the accessibility gaps

in mental health services by offering patients guidance and suggesting coping strategies.

Two of the biggest challenges in using LLMs for mental health support are their limited emotional

understanding and the risk of producing harmful responses. LLMs often struggle to interpret complex

emotional states and cannot provide the empathy essential in therapy. Additionally, without proper

training and controls, LLMs may generate responses that are insensitive, inappropriate, or not based on

evidence-based mental health practices, potentially harming individuals in vulnerable states. Addressing

these issues requires rigorous, ethical training of LLMs and collaboration between AI researchers and

mental health professionals. [96]

AI-powered assistants, such as Healthcare Copilot [97] (a ChatGPT-based system), provide clini-

cians and patients with reliable information on demand, making them instrumental for real-time medical

inquiries and response applications. It integrates dialogue, memory, and processing components to facil-

itate safe patient-LLM interactions, enrich conversations with historical data, and provide summarized

consultation reports. These systems can support healthcare professionals with structured and accurate

information because they can rapidly integrate vast medical knowledge. This way, it is possible to ensure

safe and accessible responses to frequently asked questions about various health conditions. However,

before these models are widely deployed in real-world healthcare settings, significant barriers, such as

addressing the risks of biased or inaccurate outputs, need to be surpassed to avoid improper medical

advice or misdiagnoses.

Clinical reports, such as radiology reports, discharge summaries, and patient clinic letters, are also

areas where LLMs can be determinant. These reports refer to standardized documentation that health-

care workers complete after each patient visit, which usually involves text generation/summarization

and information retrieval. Systems such as ChatCAD [82] and ChatCAD+ [98] are designed to process

radiological image data, generating detailed, human-readable diagnostic reports that align with estab-

lished report formats used by radiologists. By structuring output according to diagnostic standards, these

models enhance consistency and efficiency in documentation. ChatCAD+ further optimizes this process

with the incorporation of templates derived from real-world radiological reports, ensuring the coherence
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and readability of AI-generated content in clinical workflows.

While these benefits, along with the capability to produce more comprehensive and precise reports,

are recognized in LLM-generated reports, there are still reported issues with, among others, lack of

conciseness, hallucinations and literal interpretations of input, lacking the assumption-based reasoning

that human doctors use [68]. Additionally, due to the specialized content and the generative nature of

the task, it is challenging to evaluate these LLMs. Current evaluation methods mainly rely on lexical

metrics, which can result in biased and inaccurate assessments of the reports’ contextual information.

LLMs can enhance medical education in various ways, such as providing detailed explanations, aid-

ing in language translation, answering questions, assisting with exam preparation, and offering Socratic-

style tutoring. These applications can involve text generation, simplification, semantic similarity, and

information retrieval. Rather than building models from scratch, leveraging the knowledge synthesis,

question-answering, and content-generation capabilities of existing advanced models is often more ef-

ficient. An example of this is ChatGPT [99], which can offer explanations and clarifications on com-

plex medical topics, supporting self-study and enhancing comprehension. Another relevant example

is MedGemini [100], a multimodal model that can interpret medical images and create detailed re-

ports, which is valuable for training diagnostic skills. However, a potential drawback of using LLMs in

medical education is the lack of ethical training and inherent biases in training datasets, which, if left

unaddressed, may permeate the generated content, reinforcing stereotypes and risking discriminatory

outcomes in medical education [101].

Clinical coding, which includes systems like the International Classification of Diseases (ICD), med-

ication codes, and procedure codes, is fundamental in healthcare for standardizing diagnostic, procedu-

ral, and treatment data. LLMs present a promising solution for automating clinical coding by extracting

medical terms from clinical notes and assigning accurate codes, including ICD and medication codes,

reducing healthcare professionals’ workload and enhancing coding accuracy [102]. PLM-ICD [102],

an LLM fine-tuned on the RoBERTa model, leverages medical-specific knowledge and performs well

on large datasets like MIMIC-II and MIMIC-III. Similarly, DRG-LLaMA [103] uses LLaMA with

parameter-efficient techniques to streamline coding. However, besides the already mentioned challenges

of potential biases and hallucinations, and unlike traditional multi-label classifiers that constrain outputs

to valid codes, generative LLMs can inadvertently generate non-existent or incorrect codes, especially

with lengthy input texts. This issue highlights the need for proactive error detection mechanisms before

integrating these models into electronic health records (EHRs) [104].

Medical language translation is another critical clinical area that serves two primary functions: trans-

lating medical terminology between languages and converting medical dialogue into everyday language

for non-professional understanding, enhancing informed decision-making, fostering shared understand-

ing and increasing patient satisfaction. Multilingual LLMs developed for medical translation are often

fine-tuned on parallel corpora, using diverse datasets like scientific articles, clinical notes, and medical

glossaries to capture the precise meanings of medical terms across languages. Models such as Medical

mT5 [105], Apollo [106], and BiMediX [107] allow accurate translation across languages like En-
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glish, French, Spanish, Chinese, and Arabic, supporting knowledge sharing across linguistic boundaries.

When translating technical medical dialogue into everyday language, it is essential to fine-tune LLMs on

datasets that include both technical conversations and their more basic explanations. Techniques such as

retrieval augmentation, which pulls relevant everyday-language explanations from external sources, can

improve clarity and accuracy in translated dialogue [108]. This application raises ethical concerns due to

the potential discriminatory language inadvertently introduced by the LLM and other issues like the risk

of misinterpretation and misinformation, which can lead to harmful consequences. Using high-quality,

peer-reviewed medical sources in model training is crucial to help mitigate these risks.

Medical robotics is transforming healthcare, particularly in precision tasks like surgery and imaging.

Integrating LLMs into these systems enhances decision-making, communication, and control. Notable

systems demonstrate the potential of LLMs in robotics. SuFIA [109] leverages GPT-4 Turbo in robotic

surgery for planning and task control. UltrasoundGPT [110] integrates LLMs with ultrasound robots

for dynamic, prompt-based motion adjustments, improving scan efficiency. Brainlab’s Loop-X [111],

an X-ray-guided surgical robot, uses GPT-4 to enhance communication and precision in X-ray imaging.

Integrating these models in medical robotics also raises safety issues, as LLMs may misinterpret human

intent in shared environments, posing risks [112].

3.1.4 Ethical Implications of AI in Healthcare

Integrating AI into healthcare systems presents promising opportunities, however, with these advance-

ments come pressing ethical implications that need to be addressed for safe and fair deployment. This

chapter explores key ethical issues associated with AI in healthcare, focusing on privacy, bias, account-

ability, transparency, and the broader impact of AI dependence on healthcare practices [1].

3.1.4.1 Privacy and Data Security

Medical data is inherently sensitive, including personal health records, diagnostic information, treatment

histories, and even genetic data that could uniquely identify individuals. Handling and storing this type

of data is highly regulated by privacy laws like HIPAA in the United States and GDPR in the European

Union, and their handling by AI models, especially LLMs, raises significant privacy concerns. For

instance, LLMs require vast amounts of data to function effectively, leading to the risk of unintentional

data leakage, especially if personal health information is inadequately anonymized or accessed through

malicious breaches.

Data security risks are compounded by the potential misuse of LLMs like ChatGPT where input

data from users might be stored or inadvertently exposed to unauthorized parties. [113] discusses these

risks, emphasizing that even anonymized data could be re-identified under certain conditions. This calls

for robust data handling protocols and explicit consent frameworks for any use of LLMs in clinical

environments.
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3.1.4.2 Bias and Fairness

Bias in LLMs poses a serious risk to equitable healthcare. Since LLMs are trained on vast datasets

that may reflect existing societal and cultural biases, they can inadvertently perpetuate disparities in

healthcare delivery. For instance, diagnostic models might underperform for minority populations if the

training data lacked sufficient representation of these groups. [114] notes that addressing bias is critical

to prevent unequal treatment outcomes and ensure that AI-driven healthcare tools do not disproportion-

ately favour one demographic over another.

Moreover, biases may manifest in the language used by LLMs when interacting with patients. As

[114] points out, LLMs can produce responses that reflect harmful stereotypes or reinforce existing

healthcare inequalities. To mitigate these issues, LLMs must undergo rigorous bias evaluation and

adjustment during development, with an emphasis on inclusive training datasets and continual auditing

for equitable performance across diverse patient groups.

3.1.4.3 Accountability and Transparency

The deployment of AI in healthcare raises fundamental questions about accountability and transparency.

If an AI system provides incorrect or harmful recommendations, it remains unclear whether respon-

sibility lies with the developers, healthcare providers, or the AI system itself. [115] suggested that

accountability frameworks are needed to clearly delineate roles and responsibilities when AI-driven er-

rors occur in clinical settings.

Transparency is equally important for patient trust and informed consent. Patients and healthcare

providers should understand how an AI system arrives at its recommendations, which is a challenge for

the "black box" nature of many LLMs. [113] highlights the opacity of models like ChatGPT, which can

be especially problematic in high-stakes healthcare environments. Efforts to improve transparency may

include explainable AI techniques that enable LLMs to provide interpretable reasoning for their outputs.

Without transparency, it is challenging for patients to trust AI-assisted healthcare, and for clinicians to

use AI tools responsibly.

3.1.4.4 AI Dependence and the Impact on Healthcare Practices

The growing reliance on AI in healthcare brings risks associated with over-dependence on automated

systems. [113] raises concerns about AI replacing critical thinking, especially if clinicians overly rely

on AI recommendations without cross-verifying with clinical judgment, leading to declining diagnostic

skills and critical reasoning among healthcare professionals.

Furthermore, AI tools could inadvertently influence the patient-clinician relationship. If LLMs like

ChatGPT handle initial patient interactions, patients may perceive AI as a substitute for personalized

medical advice, potentially undermining the patient-centred healthcare model and impacting the emo-

tional support system, which is vital to patient care. Therefore, healthcare providers must balance AI

assistance with human oversight to preserve quality in patient interactions and clinical practices [1].
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The ethical challenges posed by AI in healthcare require comprehensive legal and ethical safeguards.

Current laws often lag behind AI advancements, and new frameworks are needed to address specific AI-

related issues, such as data re-identification risks, accountability in automated decision-making, and bias

prevention.

3.2 Retrieval-Augmented Generation in Healthcare

RAG has emerged as a transformative approach in healthcare applications, enhancing LLMs by integrat-

ing up-to-date medical knowledge into their responses. This section explores techniques used with RAG

to improve LLMs performance in healthcare.

Some common challenges faced by LLMs are related to generating factually inaccurate content,

often referred to as hallucinations, which occur when models create responses that seem plausible but

lack factual grounding. This issue becomes particularly troubling in areas requiring accurate and current

data, such as healthcare, where errors can have serious consequences. Additionally, traditional LLMs

can struggle with transparency in reasoning, making it difficult to trace the source of information and

evaluate its reliability. The RAG framework has emerged as a promising solution to these issues by

introducing an architecture that combines LLMs with retrieval-based mechanisms, drawing on relevant

knowledge from external sources. Through retrieval, RAG can access and integrate external, contextu-

ally relevant knowledge that updates continuously, enhancing accuracy and credibility in responses and

allowing it to go beyond the fixed knowledge base of a pre-trained LLM, drawing on current or spe-

cialized datasets relevant to the user’s query. Consequently, RAG-equipped LLMs are more suitable for

real-world applications where up-to-date and domain-specific knowledge is essential, and they reduce

reliance on the static knowledge locked within LLM parameters [116].

[117] discussed the concept of RAG for enhancing LLMs in handling knowledge-intensive tasks.

The authors present two approaches for RAG: RAG-Sequence and RAG-Token. RAG-Sequence uses the

same retrieved passage throughout the generation process, while RAG-Token allows different retrieved

passages for each token generated. The study demonstrates RAG’s effectiveness across various tasks,

including open-domain question answering, abstractive question answering, fact verification, and even

Jeopardy-style question generation. The model achieves state-of-the-art performance in open-domain

QA, showing that RAG can produce more diverse, specific, and factual language than parametric-only

models. Additionally, the paper explores the benefits of RAG’s non-parametric memory, such as the

ability to update the knowledge base dynamically without retraining, which addresses the limitations of

LLMs that rely solely on static, parametric memory.

[118] evaluated how RAG could enhance LLMs for knowledge-intensive tasks in nephrology by

addressing common issues like accuracy and relevance in clinical settings. By integrating RAG, the

study aimed to create a ChatGPT model that could dynamically retrieve and incorporate real-time, au-

thoritative information aligned with KDIGO 2023 guidelines for chronic kidney disease (CKD). The
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results demonstrated that the RAG-enhanced ChatGPT significantly improved the precision and rele-

vance of responses. For instance, it provided treatment recommendations that adhered closely to the

latest CKD protocols, such as accurately suggesting SGLT-2 inhibitors for diabetic CKD patients and

tolvaptan for ADPKD, which the standard model missed. Furthermore, in multidisciplinary cases like

diabetic nephropathy, the RAG model successfully integrated insights across fields, supporting compre-

hensive treatment strategies. Regular updates from sources like PubMed ensured the model remained

current without retraining, highlighting RAG’s ability to maintain relevance in rapidly evolving medical

domains.

[119] presents a benchmark designed to evaluate RAG systems specifically for medical applications

and handles the limitations of LLMs in medicine, such as hallucinations and outdated knowledge, by

employing RAG to retrieve relevant information from external sources. One of the author’s main con-

tributions is the introduction of MIRAGE, a benchmark containing 7,663 questions across five medical

QA datasets, and evaluating RAG performance using the MEDRAG toolkit, which integrates multiple

medical corpora, retrieval methods, and LLMs. The results showed that RAG can significantly enhance

the accuracy of LLMs in medical contexts, improving performance by up to 18% on standard prompting

techniques, like chain-of-thought prompting. With RAG enhancements, GPT-3.5 and Mixtral models

achieved accuracy levels comparable to GPT-4, highlighting RAG’s potential to elevate model perfor-

mance cost-effectively. The study highlighted a log-linear scaling relationship where more retrieved

snippets correlated with improved accuracy up to a point, beyond which adding snippets introduced

noise and also confirmed a "lost-in-the-middle" effect: accuracy dropped when the most relevant snip-

pet was positioned in the middle of the retrieval list rather than at the beginning or end, which hints at

the potential for better snippet arrangement strategies for future RAG implementations.

[120] investigated the effectiveness of using Llama 2 RAG techniques to process EHRs in aged

care, focusing on two main tasks: generating structured summaries of clinical notes about malnutri-

tion for residents and extracting malnutrition risk factors from nursing notes in real-world EHR data

from Australian aged care facilities. They employed zero-shot learning with Llama 2 on 2,278 labelled

notes, comparing performance with and without RAG. RAG was used to retrieve specific, relevant in-

formation from a large dataset, enhancing the model’s ability to produce accurate summaries and risk

factor identifications without extensive retraining. Llama 2 achieved an accuracy of 93.25% without

RAG but showed occasional hallucinations, such as inserting incorrect ages or weights. When RAG was

integrated, accuracy increased to 99.25%, significantly reducing errors and aligning more closely with

the standard summaries created by experts. For the second task, identifying malnutrition risk factors,

the model achieved 95% accuracy on notes with explicit risk factors and 85% on notes lacking specific

details, where it occasionally inferred incorrect factors (extrinsic hallucination). RAG did not further im-

prove accuracy in this task, as the retrieval-based approach is less relevant for notes already containing

risk information.

[121] presented Health-LLM, an innovative healthcare model that combines LLMs with RAG to

enhance personalized disease prediction and health management, integrating patient health reports with
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external medical knowledge to predict diseases and generate personalized health advice. Health-LLM

operates by extracting health-related features from patient data, assigning scores to these features using

the Llama Index (a method designed to enhance LLM responses with precise medical knowledge), and

applying an XGBoost classifier for disease prediction. The study demonstrates that Health-LLM out-

performs existing approaches in terms of accuracy and F1 scores, achieving 83.3% accuracy and an F1

score of 0.762, surpassing models like GPT-4 and fine-tuned LLaMA-2 in various clinical prediction

tasks. Through its integration of RAG, Health-LLM enables dynamic updates, making it adaptable to

individual patient needs and continuously improving prediction accuracy by adding or refining features.

[122] presented GastroBot, a chatbot designed to provide accurate, contextually relevant informa-

tion about gastrointestinal diseases using RAG. GastroBot is tailored for the Chinese medical field and

utilizes RAG to enhance the precision and relevance of answers by pulling information from a special-

ized database of 25 clinical guidelines and 40 recent articles on gastrointestinal conditions. It uses a

fine-tuned embedding model (based on Alibaba’s GTE model) specifically trained on gastrointestinal

knowledge, resulting in an 18% improvement in hit rate over the base model and a 20% improvement

over OpenAI’s embedding model. The RAG system for GastroBot achieved high scores in RAGAS

metrics, with a context recall rate of 95%, faithfulness of 93.73%, and answer relevance of 92.28%.

GastroBot outperformed baseline models (Llama 2, ChatGLM-6B, and Qwen-7B) in providing accu-

rate, safe, and user-friendly responses. In human evaluations, it also received high scores for safety,

usability, and smoothness, indicating its effectiveness in clinical applications.

[123] introduced RankRAG, a novel framework that integrates context ranking with RAG within

a single LLM. RankRAG aimed to enhance LLM performance on knowledge-intensive tasks by simul-

taneously instructing the model to rank relevant contexts and generate answers. Traditionally, RAG

systems use a separate ranking model to identify the top-k relevant contexts from a larger set of re-

trieved documents, which are then fed to the LLM for answer generation. RankRAG, however, com-

bines these two functions—context ranking and answer generation—within the same instruction-tuned

model, leveraging a small amount of ranking data to improve the system’s ability to filter out irrelevant

content. The model’s two-stage instruction tuning significantly improved accuracy over standalone RAG

models across nine general-domain and five biomedical benchmarks, outperforming models like GPT-4

and ChatQA-1.5 (a top RAG baseline) on tasks requiring high recall and precise context selection. The

RankRAG framework showed promising adaptability, especially for specialized tasks like biomedical

information retrieval, without needing domain-specific fine-tuning, marking a notable advance in RAG

system efficiency and generalization.

[124] explored methods to optimize RAG for personalized LLMs according to individual user pref-

erences. The paper introduces two primary optimization algorithms aimed at refining the retrieval pro-

cess: one based on reinforcement learning, where the retrieval model is rewarded for selecting docu-

ments that lead to effective personalized responses, and another based on knowledge distillation, align-

ing retrieval relevance with the LLM’s downstream performance. Additionally, the authors propose a

retrieval selection model that dynamically chooses between different retrievers (e.g., recency-based, se-
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mantic matching) based on the specific input, enhancing personalization flexibility. Evaluated using the

LaMP benchmark for personalization tasks, the methods significantly improved performance across six

out of seven tasks, advancing state-of-the-art personalization techniques in LLMs.

RAG’s ability to dynamically incorporate specialized medical information significantly improves

LLM performance in healthcare, supporting accurate clinical decision-making, patient education, and

personalized health recommendations. As research continues to refine retrieval and ranking mechanisms,

RAG’s role in healthcare applications is likely to expand, offering increasingly reliable, context-aware

support for medical professionals and patients alike.

3.3 Evaluation Metrics in LLMs

This section explores the metrics used to evaluate large language models, the benchmarking strategies

and the datasets.

3.3.1 Performance Metrics

With the increasing popularity of chatbots, it is important to develop methods to evaluate their perfor-

mance.

Lexical evaluation compares the surface-level text using metrics like accuracy, EM, precision, recall,

and F1 scores. Accuracy measures how often the system’s answer is correct, while EM checks if the

system’s output matches the reference answer exactly. Precision and recall evaluate the proportion of

correct words in the system’s response and how well it covers the reference answer, respectively, with

the F1 score balancing these two measures. In healthcare, these metrics are applied for structured tasks

like diagnostic predictions [2].

Additional lexical metrics like ROUGE, BLEU, and METEOR are commonly used in tasks like

text generation and machine translation. These metrics assess word overlap and account for synonym

matching or phrasing differences. BLEU is traditionally used in translation tasks, focusing on precision

by measuring the overlap of n-grams between model outputs and reference texts. Similarly, ROUGE

is often applied to summarization tasks, evaluating how many words or n-grams in the generated text

match those in reference summaries. Human Equivalence Score (HEQ) is another metric that compares

the system’s answers to human performance, and VQA Accuracy evaluates how well the system aligns

with answers given by human annotators.

Semantic evaluation, on the other hand, moves beyond surface-level matching to focus on the mean-

ing of the text. Word Mover’s Distance (WMD) and Sentence Mover’s Similarity (SMS) are metrics

that calculate how far the words or sentences need to "travel" in meaning space to match the reference.

BERTScore leverages BERT embeddings to measure the cosine similarity between predicted and refer-

ence answers, while BLEURT and MoverScore use advanced embeddings to model semantic similarity.

BARTScore measures the probability of generated text based on its relevance and fluency. Semantic
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Answer Similarity (SAS) is a metric specifically designed to evaluate the meaning of generated answers

by comparing their contextual similarities.

Lastly, LLM-based evaluation methods leverage the capabilities of large language models them-

selves to judge the quality of generated text. Metrics like GPTScore use pre-trained LLMs such as

GPT-3.5 to assess the quality of responses based on internal knowledge. Others, like G-Eval, employ

chain-of-thought reasoning, allowing LLMs to systematically evaluate responses. These LLM-based

methods are particularly useful in scenarios where human-like judgment is required to assess factual

correctness and the fluency, coherence, and relevance of the answers.

In the biomedical domain, specialized metrics like CheXbert and RadGraph were introduced to

account for the unique requirements of clinical applications. The first evaluates radiology reports by

measuring similarity with standard medical terms, allowing for more precise assessment in medical

imaging contexts. The latter serves a similar purpose, evaluating structured information extracted from

radiological texts and ensuring that generated medical reports align accurately with clinical findings

[125].

[126] explored using ChatGPT as an evaluation metric for assessing natural NLG model outputs.

The author aims to evaluate whether ChatGPT can be a reliable substitute for human evaluation in tasks

like summarization, story generation, and data-to-text generation. The ability to score model outputs

similarly to human judgments was assessed by designing task-specific and aspect-specific prompts, such

as those focusing on coherence, relevance, consistency, and fluency. It was observed that ChatGPT

highly correlates with human evaluations, particularly in creative tasks like story generation, where

multiple valid outputs may exist. However, the study also highlights ChatGPT’s sensitivity to prompt

design, noting that well-structured prompts are essential for accurate evaluation.

[100] used several evaluation metrics to assess the performance of Med-Gemini models across a

variety of medical tasks. Accuracy was used for Medical Question Answering tasks, particularly with

the MedQA benchmark, to measure the proportion of correctly answered multiple-choice questions.

F1 Score was applied in tasks like entity recognition and information extraction. BLEU and ROUGE

were used in text generation tasks, such as summarization and referral letter generation, to compare the

generated text with reference texts based on n-gram overlap. MRR was used for information retrieval

tasks, such as Needle-in-a-Haystack retrieval from extensive medical records, measuring the rank at

which the correct answer appears. Image Classification Accuracy and MAP evaluate the model’s visual

understanding capabilities in image classification and visual question-answering tasks. Finally, Human

Evaluation Score was used in tasks like medical text summarization and referral letter generation to

assess the quality of generated content against clinical standards, ensuring the outputs are both accurate

and practically useful in medical settings.

In [90], accuracy was used to evaluate the model’s ability to answer questions rigorously, focusing

on whether the answers align with expert-provided answers. For more complex questions requiring

reasoning, MEDITRON’s performance was also evaluated with CoT prompting, which encouraged step-

by-step reasoning, assessing how well the model followed logical steps in reasoning, a critical factor for
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medical decision-making tasks. SC-CoT measured the model’s consistency when multiple reasoning

paths were followed and accurately evaluated MEDITRON’s ability to consistently produce reliable

answers under varied reasoning prompts by generating several reasoning sequences and selecting the

most consistent answer.

3.3.2 Cost Metrics

The deployment and use of LLMs involve substantial costs, primarily in inference and operational ex-

penses.

The first, which accounts for the computational power required to generate model responses, is

particularly high for large-scale models, considering that deploying models like GPT-4 for customer

support applications can cost around $21,000 monthly for small businesses [127].

The latter, operational, also differs significantly between deployment types. Local models, such as

LLaMA2-70B, require substantial hardware and maintenance, often exceeding $5,200 monthly when

hosted on cloud GPU instances, which underscores the initial and ongoing investment required [128].

On the other hand, service-based models available through APIs have a different cost structure. These

models generally charge per token, with fees tied to both prompt (input) and generation (output) lengths

and, sometimes, a fixed cost per query. Within these types of models, the pricing varies significantly:

OpenAI’s GPT-4 costs around $30 per million input tokens, but Textsynth’s GPT-J, a more affordable

option, costs only $0.20 for the same input size [129].

In some cases, additional costs arise from monitoring and misuse prevention, especially in API-

accessible models. Misuse detection can increase operational expenses if users must employ evasion

techniques like IP rotation due to restrictions or penalties enforced by providers [130]. Some appli-

cations also benefit from a human-machine team setup, where human review complements automated

responses. While often yielding high-quality outputs, this method still incurs personnel costs and adds

complexity compared to fully automated approaches.

The increasing adoption of LLMs in diverse applications requires a comprehensive understanding of

the associated costs and metrics to facilitate cost-effective usage.

3.3.2.1 Comparison of Local and Service-Based LLMs

Local models are potentially cost-effective for applications with high query volumes, where the one-

time higher infrastructure cost caused by the need for specialized hardware and ongoing maintenance

can be offset by avoiding per-query fees. Furthermore, local models provide greater control over data

processing, which enhances data privacy and regulatory compliance [130] [128].

In contrast, service-based models provide a more flexible pay-as-you-go pricing structure, mitigating

the initial investment barrier. It is advantageous for applications with fluctuating demand, as users

only pay for actual usage, though it can become expensive with high query volumes. Additionally,
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data processed through service-based models is typically handled on external servers, raising potential

privacy concerns. However, these models also have built-in security and misuse monitoring features,

which can add value, especially for sensitive applications [131].

[132] provided an extensive cost analysis comparing the deployment of local LLMs via the Lla-

maDuo pipeline to using token-based API access from cloud-based LLM services like GPT-4. The

author’s analysis covers initial fine-tuning and operational deployment costs under different workloads.

The fine-tuning of local LLMs involves a one-time initial setup, highlighting that fine-tuning the Gemma

7B model on synthetic data requires about $50 per hour on 8x A100 GPUs, which amounts to an esti-

mated total of $800 when accounting for multiple cycles and hyperparameter optimization. The author

also provides costs for running local models under both light and heavy workloads for operational de-

ployment, which are consistent and predictable, providing a stable budget for organizations. A light

workload scenario, requiring only a single instance of the local model, runs on an L4 GPU at $2,539

monthly, with $30 added for electricity. In contrast, a heavy workload needing multiple instances (8x

L4 GPUs across different servers) costs about $20,312 per month, plus $240 for electricity. Comparing

these costs with those for service LLMs, like GPT-4o, reveals significant differences. Service LLM

costs depend on usage: a light workload using 10 million input tokens and 1 million output tokens daily

would cost around $1,950 per month. In comparison, a heavy workload with 50 million input and 5

million output tokens daily would cost $9,750 monthly, which shows that cloud services are more ex-

pensive over time, especially in high-traffic scenarios. The author highlights the long-term economic

benefits of local LLMs, where initial fine-tuning and setup are one-time costs, in contrast to the ongo-

ing expenses of cloud-based API services. Deploying a local model under heavy workloads becomes

cost-effective within two months. After a year, costs for cloud LLMs reach $117,000 compared to just

$23,992 for local deployment—making the local model nearly five times cheaper. Local LLMs also pro-

vide predictable, fixed costs, avoiding variable token-based fees and enabling better budget forecasting.

They offer complete control over performance tuning without extra API costs, support data privacy by

reducing third-party exposure, and mitigate the need for additional privacy measures.

[133] discusses the financial challenges of deploying massive, service-based LLMs, which involve

high initial training costs, substantial ongoing usage fees, and complex infrastructure requirements. It

emphasizes the high costs associated with models like GPT-4, which require considerable computa-

tional resources and are financially out of reach for many institutions due to hardware demands and

proprietary model access costs. The authors explore using local LLMs—smaller, open-source models

like LLaMA— that can be fine-tuned on specific datasets and optimized for structured output while

running on more accessible hardware, aiming to balance cost-efficiency with performance by leverag-

ing techniques like quantization to reduce memory requirements and potentially allow for CPU-based

inference, minimizing the infrastructure costs associated with GPU deployments. This work demon-

strates that local LLMs, while not fully matching the scope of larger models, can deliver cost-effective,

high-quality results for specific, structured data tasks, such as extracting condition codes from medical

reports, without incurring the substantial and continuous costs of service-based LLMs.
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3.3.2.2 Cost Optimization Strategies

To address the diverse costs, several optimization strategies have been explored.

Prompt adaptation is a straightforward technique to reduce costs by minimizing the length of prompts

sent to the model, effectively lowering token usage without compromising the quality of outputs [129].

In addition to prompt efficiency, LLM approximation aims to use simpler models or cached responses for

predictable queries, thus avoiding the need to invoke more expensive models continuously. For instance,

cached answers from high-confidence queries can be reused for subsequent similar queries, reducing the

need for repeated computation and consequently saving costs [131].

An impactful approach is the LLM cascade method, introduced in frameworks like FrugalGPT,

where queries are sequentially passed through a series of models with ascending cost and accuracy. Less

complex queries are handled by low-cost models, while more challenging ones move up the cascade to

models with higher accuracy (and cost), such as GPT-4. This technique has demonstrated up to 98%

cost savings by dynamically adapting the model selection to query complexity [129].

[132] outlines a cost optimization strategy that transitions from service-based LLMs to locally man-

aged, fine-tuned LLMs using the LlamaDuo pipeline. This approach minimizes expenses by replacing

ongoing token-based API fees with one-time fine-tuning costs and fixed hardware investments. By gen-

erating synthetic data for iterative training, LlamaDuo allows smaller models to achieve performance

comparable to larger, cloud-based models, targeting specific tasks without incurring high data acquisi-

tion or API costs. This strategy offers scalable deployment on local hardware, providing predictable

expenses and enhanced control, making it a practical, cost-effective solution for organizations aiming to

reduce long-term AI operational costs.

[134] introduced QC-Opt, a framework designed to reduce the costs of using LLMs for tasks like

summarization and question answering. QC-Opt selects the most cost-effective LLM based on quality,

budget, and latency needs without compromising output quality. It includes a quality prediction model

to estimate output quality without running the LLM, an algorithm for optimal model selection, and a

token optimization tool to reduce input length, thereby cutting costs. QC-Opt achieves significant cost

savings (40-90%) while maintaining or slightly improving output quality across various datasets.

3.3.2.3 API Pricing for Popular LLMs

The cost of using LLM APIs varies based on the provider and the model’s capabilities. As an example,

OpenAI’s GPT-4 with a 128K context window costs approximately $5 per million input tokens and $15

per million output tokens, while their GPT-4 Turbo model, also with a 128K context window, costs

around $1 and $3 per million tokens for input and output, respectively. Anthropic’s Claude 3.5 Sonnet,

with a 200K context window, has a higher output cost at about $15 per million tokens but a similar input
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cost to OpenAI’s Turbo variant at $3 per million tokens. Google’s Gemini 1.0 Pro offers a relatively

lower cost per million tokens at $0.50 for input and $1.50 for output but has a smaller context window

of 32K. Meta’s Llama 3.1 405B, another alternative, charges about $1.79 per million tokens for both

input and output, maintaining a 128K context window. Table 3.3 provides an overview of API pricing

for popular LLMs. While these prices are examples and subject to change, they highlight the diversity

in pricing models across providers, encouraging users to refer to official sources for the most current

information.

Model Name Provider Input Cost per Million Tokens Output Cost per Million Tokens Context Window
GPT-4 OpenAI $5.00 $15.00 128K
GPT-4 Turbo OpenAI $1.00 $3.00 128K
Claude 3.5 Anthropic $3.00 $15.00 200K
Gemini 1.0 Pro Google AI $0.50 $1.50 32K
Llama 3.1 405B Meta $1.79 $1.79 128K

Table 3.3: API Pricing for Popular LLMs

3.3.3 Energy Consumption Metrics

Recent research offers a range of practical metrics to help quantify and manage energy use effectively.

These metrics provide insights into the efficiency of LLMs during training and inference, enabling tar-

geted optimizations.

Energy per Token measures the energy consumed for each token generated or processed by the

model. This fine-grained metric is particularly useful in comparing the energy efficiency of models

with varying sizes and configurations under similar workloads. Another comprehensive measure is

Total Energy (kWh), capturing the total kilowatt-hours consumed throughout training or inference. This

metric is ideal for comparing multiple runs or model configurations, especially when assessing overall

project energy costs.

A data centre-specific metric, Power Usage Effectiveness (PUE), calculates the ratio of total facility

energy (including cooling) to IT equipment energy, offering insights into facility efficiency. Lower PUE

values signal better efficiency, guiding decisions on when and where to deploy models for minimized

energy costs associated with infrastructure. GPU Power Capping is another valuable metric; by setting

limits on GPU power draw (e.g., 150W instead of 250W), energy consumption and processing time can

be measured to identify optimal power caps that balance energy savings with performance.

Energy per Request quantifies the energy used for processing a single inference request, providing a

measure for efficiency in production environments. Similarly, Energy-Efficiency of Batch Size assesses

how energy consumption varies with different batch sizes. Larger batches may reduce energy per request

but could increase latency, so this metric helps identify a balance for production tasks.

At a computational level, Normalized Energy Consumption (Joules per FLOP) evaluates energy us-

age per floating-point operation, facilitating comparisons across model architectures or optimizations,

such as quantization. GPU Frequency Scaling Impact is also useful, as it tracks energy consumption at
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different GPU frequencies; adjusting GPU frequencies can save energy, although it may affect perfor-

mance, making this metric crucial for tuning energy-performance trade-offs.

Other important metrics include Daily/Seasonal Energy Efficiency Variations, which tracks energy

efficiency changes throughout the day or season. Running tasks during cooler periods can reduce cooling

costs in facilities with fluctuating cooling needs. Finally, Carbon Intensity of Energy Source captures

the carbon emissions associated with energy usage (measured in grams of CO2 per kWh), allowing

scheduling of tasks during times of higher renewable energy availability, reducing the carbon footprint.

[135] investigated the energy consumption of running LLMs during the inference stage, focusing on

Meta’s LLaMA model as a case study. It assessed how different LLM sizes (from 7 billion to 65 billion

parameters) perform regarding energy and computational costs across various hardware setups, includ-

ing different GPU configurations. Through experimental benchmarks on GPUs like NVIDIA’s V100

and A100, the study provided a detailed analysis of energy metrics such as energy usage across different

sizes of Meta’s LLaMA model (7B, 13B, 65B) using NVIDIA V100 and A100 GPUs. Larger models,

like LLaMA 65B, consumed significantly more energy, with an average of 3-4 Joules per decoded token.

While A100 GPUs increased throughput compared to V100s, they also drew more power, especially in

distributed multi-GPU setups. Scaling batch sizes and sharding (up to 32 GPUs) boosted throughput

but at a high wattage cost. Power capping on A100s (reducing power from 250W to 175W) achieved a

23% energy saving, although further reductions yielded diminishing returns. The study highlights that

GPU memory utilization was often low (20-25%), suggesting the potential for multiple workloads on

the same hardware to improve energy efficiency. These findings emphasize that strategic configuration

and energy-saving techniques can mitigate the environmental impact of large-scale LLM deployments.

Every interaction with a LLM incurs an energy cost during inference, along with the energy required

for the model’s initial training and preparation for production. [136] explored the energy costs of

operating LLMs and compared these to the energy expenditure involved in similar human activities. The

initial training of LLMs requires vast computational resources, leading to a substantial energy footprint.

Training large models, such as GPT-3 or GPT-4, can require thousands of GPU hours, resulting in

substantial kWh consumption—often on the scale of megawatt-hours. This training is a one-time but

intensive energy investment. When compared to the energy required by a human using a computer for

the same task, the results show that LLMs can, in some cases, be less efficient, especially given the

training overhead. However, LLMs might save time and resources in high-repetition or data-intensive

tasks, where human efforts would be inefficient. This study suggests that, while LLMs might increase

efficiency by speeding up information processing, these gains come at an environmental and energy cost

that must be carefully considered.

[137] explored methods to improve the energy efficiency of LLMs in data centres, where energy use

has become a major challenge due to the intensive requirements of LLMs. It finded that input and output

length heavily influence energy use, with longer inputs increasing compute load during prefill phases

and longer outputs affecting decode phases. Lowering GPU frequency proves to be an effective energy-

saving strategy under light or medium workloads, reducing power by about 20% without sacrificing
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performance. Additionally, increasing parallelism across GPUs improves performance but raises energy

demands due to communication overhead, with smaller configurations often being more efficient for

low-throughput needs. Batch size also plays a critical role: while larger batches boost throughput, they

increase energy costs and may miss latency targets, highlighting that batch size optimization is crucial.

The study advocates for adaptive, workload-aware configurations, including frequency tuning and dy-

namic batching, to balance energy use and performance, supporting more sustainable LLM deployment

in data centres.

[138] provided a comprehensive analysis of techniques that can decrease energy demands without

compromising model performance. Approaches discussed include power-capping GPUs to limit their

energy use, optimizing data centre scheduling to leverage periods of higher energy efficiency, and con-

sidering seasonal and daily temperature variations that impact cooling neexds. The study highlights that

simple adjustments, like reducing maximum power to 150W on GPUs, can reduce energy consumption

by up to 15% with minimal impact on training times. Additionally, the paper advocates for energy-aware

practices, such as shortening training duration when only marginal performance gains are achieved and

using efficient, climate-conscious data centres.

3.3.4 Benchmarking Datasets

In the literature, multiple-choice question answering, with accuracy as the main metric, is the primary

method for assessing the performance of medical language models. Following this standard, we present

three prominent medical QA benchmarks for evaluation.

3.3.4.1 MedQA-USMLE

MedQA is a comprehensive dataset proposed by [139] that focus on evaluating AI models’ abilities

to answer challenging multiple-choice medical questions. These questions are sourced from profes-

sional medical board exams, such as the United States Medical Licensing Examination (USMLE), and

are crafted to reflect real-world clinical decision-making. The dataset includes questions in English,

simplified Chinese, and traditional Chinese, making it suitable for multilingual applications in medical

AI. Each question presents four possible answer choices, encouraging models to engage in complex

reasoning and knowledge retrieval to determine the correct answer.

The MedQA dataset comprises over 60,000 questions, each paired with extensive supporting content

from medical textbooks and resources. This document collection serves as background knowledge,

enabling open-domain question-answering models to retrieve relevant information as they search for

accurate responses. The dataset’s questions span various specialities, from pharmacology and surgery to

anatomy and physiology, presenting a broad and realistic challenge for models in clinical and biomedical

contexts.

MedQA is structured to evaluate not only factual recall but also diagnostic and inferential reason-

ing, as questions often involve complex clinical scenarios requiring multi-hop reasoning. This makes
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MedQA particularly challenging compared to simpler question-answering datasets. As a key resource

in biomedical AI, MedQA provides a robust benchmark for developing QA systems to support medical

professionals by delivering precise, evidence-based answers in clinical practice and research settings.

3.3.4.2 MedMCQA

The MedMCQA dataset is a large-scale, multiple-choice question-answering (MCQA) dataset for the

medical domain. It was designed by [140] to evaluate AI models on complex medical questions derived

from real-world medical entrance exams (AIIMS and NEET-PG) in India. The dataset consists of over

194,000 questions spanning 21 medical subjects, covering 2,400 healthcare topics. Each question has

four answer options, one or more correct answers, and an explanation that provides reasoning for the

correct choice.

MedMCQA emphasizes diversity and complexity by incorporating questions that require advanced

language comprehension and reasoning skills across a broad range of medical subjects, such as pharma-

cology, pathology, and surgery. The questions test more than ten types of reasoning abilities, including

causal reasoning, comparison, and diagnostic skills. MedMCQA’s large size and diversity make it a

valuable benchmark for developing and evaluating QA systems that can assist with medical knowledge.

For evaluation, MedMCQA is split into train, development, and test sets using an exam-based split

to mimic real-world medical exam scenarios and avoid overlap of similar questions. The baseline per-

formance of current state-of-the-art models (such as PubMedBERT and BioBERT) on this dataset high-

lights its difficulty, with even the best models performing significantly below human-level accuracy.

3.3.4.3 PubMedQA

PubMedQA is a biomedical question-answering dataset specifically designed by [141] to test models’

abilities to answer research-oriented questions in the medical domain. Each instance in the dataset com-

prises a question derived from the title of a PubMed article, which typically reflects a study’s primary

research question. Alongside the question, PubMedQA provides a supporting abstract (excluding its

conclusion) and a simplified yes/no/maybe answer based on the study’s findings. This dataset is particu-

larly valuable in assessing the reasoning required to interpret scientific abstracts, which are often dense

with medical terminology and evidence.

The dataset is divided into three parts: PQA-L, PQA-U, and PQA-A. PQA-L consists of 1,000

expert-labeled examples intended for model testing and validation. PQA-U, with 61,200 unlabeled

entries, is used to support semi-supervised training approaches. PQA-A is the largest subset, containing

211,300 examples generated heuristically to train models with an approximate domain understanding.

This structured approach to data curation supports a range of model training and testing configurations,

encouraging advancements in biomedical NLP and question-answering tasks.

PubMedQA’s unique question design emphasizes causal relationships and treatment effects, which

are common in medical research and often require multi-step reasoning and contextual understanding.
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Evaluation metrics for the dataset focus on accuracy and F1 scores, measured in settings that either

require or do not require contextual reasoning over the abstract.

3.4 Identified Research Gaps

3.4.1 Limited Exploration of RAG with Smaller Local LLMs in Healthcare

While RAG has shown significant promise in enhancing the performance of LLMs in healthcare, the

current research predominantly focuses on large, service-based models like GPT-4 and Med-PaLM 2.

Studies such as [118] and [119] have demonstrated how RAG can improve accuracy and reduce hal-

lucinations in these extensive models by integrating up-to-date medical knowledge. However, there is

a noticeable gap in exploring the integration of RAG with smaller, local LLMs. Smaller models like

Llama 2 and Mistral offer advantages in terms of cost, energy efficiency, and data privacy, especially

when deployed locally. Despite these benefits, research on leveraging RAG to enhance the capabilities

of small local LLMs in healthcare remains limited. This gap highlights the need for studies investigating

how RAG can be effectively combined with smaller models to achieve performance comparable to larger

counterparts, thus providing a viable and resource-efficient alternative in clinical settings.

3.4.2 Cost and Energy Efficiency Analysis

The literature acknowledges the substantial costs and energy consumption associated with deploying

large LLMs, particularly service-based models. Works like those by [132] and [133] discuss the

financial and infrastructural challenges posed by models like GPT-4, emphasizing the need for cost-

effective solutions. While some research compares local and service-based models, there is insufficient

analysis focusing on how smaller local LLMs enhanced with RAG can reduce monetary and energy costs

compared to larger models. Existing studies often overlook the potential savings in operational expenses

and energy consumption that small local models might offer when integrated with RAG. This represents

a critical gap, as understanding these cost-performance trade-offs is essential for organizations aiming to

implement AI solutions in healthcare without incurring prohibitive expenses. Addressing this gap could

demonstrate how smaller local LLMs with RAG not only preserve data privacy but also offer sustainable

and economical advantages.



Chapter 4

Implementation

This chapter details the design and development of a pipeline to streamline the usage of RAG with a

selected number of local models, along with the process of evaluation of key metrics and monetary and

energetic costs of both local and service LLMs.

4.1 Solution Overview

Figure 4.1 illustrates the solution pipeline used, designed to enhance the quality and relevance of re-

sponses produced by a LLM using RAG, and evaluate the performance of service and local LLMs. In the

first phase, an embedding model processes both the documents and an incoming query to generate vec-

tor representations (embeddings). These embeddings are then stored and indexed in a Vector Database,

enabling efficient similarity searches. When a query arrives, the system retrieves the top-k most relevant

document fragments from the Vector Database, which are then further refined by a reranker into the

top-x segments. This subset of highly pertinent context is finally concatenated with the original prompt

provided to the LLM.

Within the LLM component, few-shot learning techniques may be employed to supply examples or

instructions that guide the model’s reasoning process (CoT). The model’s output is subsequently passed

to an evaluator module, responsible for assessing the quality. By integrating retrieval and reranking

steps with an advanced LLM, this architecture aims to deliver domain-specific and context-rich answers,

ideally suited to complex information retrieval tasks that require precision and explainability. Important

to highlight that during the work in this study the focus was on varying RAG parameters (top-k and top-x

contexts), and everything after the contexts retrieved: prompt selection, LLM integration, and evaluation

process (including Chain of Thought) to assess the performance of both local and service LLM in our

selected dataset.

42
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Figure 4.1: System Architecture

4.2 Prompting Strategies

The design of prompting strategies was essential to maximize the potential of LLMs. To evaluate the

performance of the models, tests with multiple-choice and open-answer formats were performed. Two

primary strategies, CoT prompting and Few-Shot Learning, were employed to address the diverse re-

quirements of these tasks.

For QA tasks involving multiple-choice questions, a straightforward approach was employed to

streamline the evaluation. The prompt explicitly instructed the model to provide a precise answer ref-

erencing only the letter of the chosen option. This method facilitated direct comparison between the

model’s output and the correct answer, ensuring efficiency and eliminating ambiguity during evaluation.

CoT prompting was not applied to these tasks, as the focus was on achieving clarity and precision in

selecting the correct choice without intermediate reasoning steps.

For open-ended tasks, Chain-of-Thought prompting was used to elicit reasoning capabilities in the

models. This approach enabled the generation of intermediate reasoning steps, helping the model break

down complex problems into smaller, logical sub-components. Studies such as [17] demonstrated the
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effectiveness of CoT in improving performance on multi-step tasks and this strategy was particularly

valuable in tasks requiring a nuanced understanding of medical scenarios. CoT prompting guided the

model in generating intermediate reasoning steps before arriving at a final answer. Few-Shot Learning

complemented the CoT strategy by providing the model with a small number of task-specific examples.

These examples demonstrated the reasoning process expected for open-ended tasks, allowing the model

to generalize patterns and structures relevant to medical problem-solving. This combination of few-

shot learning and CoT was used to encourage models to articulate their reasoning pathways, making

evaluating their depth of understanding and logical consistency easier.

Self-consistency, a technique that aggregates multiple independent reasoning paths to identify the

most frequent conclusion, was initially considered because of its potential to improve response accuracy.

However, this approach was not used because of its high computational cost, mainly when testing large

models or conducting extensive evaluations. The additional expense of generating multiple independent

answers for each question was disregarded, given the limitations of the study’s resources.

4.3 Evaluation Metrics

The evaluation of the models in this study was based on three primary metrics: accuracy, energy con-

sumption, and monetary cost.

4.3.1 Performance Evaluation Strategies

Accuracy is the primary measure of the models’ effectiveness in handling the complex reasoning and

factual recall required by the MedQA dataset. For multiple-choice questions, accuracy was measured

by comparing the predicted option with the correct one provided in the dataset. In open-answer tasks,

semantic similarity scores and LLM-based evaluations were used to determine whether the generated

answers aligned with the expected responses.

The evaluation strategies for this study were designed to ensure accurate and consistent assessment

of the models’ performance across multiple-choice and open-answer formats.

For the multiple-choice questions, the evaluation was based on a simple approach. The code ex-

tracted the letter corresponding to the answer predicted by the model and compared it directly with the

correct option provided in the dataset. This method was chosen for its simplicity and efficiency, as it

eliminated any ambiguity in the evaluation of the answers. By limiting the evaluation to a direct com-

parison of letters, the process remained consistent and scalable, even when testing multiple models on

large datasets. This approach was also well suited to the structured nature of multiple-choice questions,

ensuring an objective assessment of the model’s ability to select the most correct answer.

The evaluation of the open-ended answers required a more detailed approach to capture the semantic

meaning and reasoning behind the model answers. A semantic similarity metric using a BERT model

and the Sentence Transformers library was used, with a threshold score of 65% to determine whether the
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predicted answer was considered semantically close to the correct answer. This method allowed the eval-

uation to take into account variations in phrasing and expression, while ensuring that the core meaning

of the answer was aligned with the expected answer. The choice of a semantic similarity threshold was

informed by experimental tests to balance sensitivity and specificity, ensuring that meaningful responses

were correctly identified while minimizing false positives.

To address the shortcomings of semantic similarity metrics, large language models were introduced

as evaluators. The evaluator model was prompted to compare the predicted response to the correct an-

swer, both with and without providing the original question. This dual setup allowed the study to mea-

sure the impact of contextual information on the evaluation process. The LLM evaluator was instructed

to classify responses as correct or incorrect, providing a direct comparison to the ground truth.

Self-consistency was applied to the LLM-based evaluation to improve reliability. Three different

LLMs, which were not used in the original tests, were tasked with independently evaluating each re-

sponse. The final classification of correct or incorrect was determined by majority vote across these

models. This approach ensured a robust evaluation process by mitigating biases or inconsistencies from

any single evaluator model. The use of self-consistency also improved confidence in the results, as

multiple perspectives were considered in the final assessment.

Initially, as mentioned, the evaluation prompts included the question, the predicted answer, and the

correct answer, asking the evaluator to classify the response as correct or incorrect. However, it was ob-

served that the evaluator sometimes attempted to generate its own response to the question, introducing

bias into the evaluation process.

The question was removed from the evaluator’s input to mitigate this issue, leaving only the predicted

and correct answers for comparison. This adjustment reduced the evaluator’s tendency to infer its own

answers and improved the objectivity of the evaluation. This stage established a robust framework for

evaluating open-answer responses.

Also, as indicated, our first evaluation framework relied on semantic similarity metrics, using pre-

trained models such as BERT to compare the predicted answers with the correct ones. However, during

the evaluation of the initial selected small dataset, we concluded that this approach had limitations. Many

models used synonyms or alternative terms that were semantically equivalent but failed to meet the strict

threshold, leading to an underestimation of the models’ performance. This realization highlighted the

need for a more nuanced evaluation approach, prompting the incorporation of LLM-based evaluation.

Despite improvements, some biases persisted in the evaluation process. This is why, to enhance

reliability, self-consistency was introduced, behaving like the aforementioned three LLM output. The

final classification of correct or incorrect was determined based on the majority vote among the evalua-

tors. This approach minimized the influence of individual model biases, resulting in a more robust and

unbiased evaluation.

As a final step in the evaluation process, an expert doctor reviewed the responses generated by dif-

ferent models and techniques. The expert evaluation provided an additional layer of validation, ensuring

that the answers were not only technically accurate but also clinically relevant. This step connected
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automated evaluation and real-world applicability, offering valuable insights into the practical use of the

models in medical settings.

4.3.2 Energy Consumption Quantification

The energy consumption of each model was evaluated to assess its environmental and operational effi-

ciency. Energy consumption was quantified by monitoring the power usage during inference, explicitly

measuring the wattage of the hardware for local models and estimating the energy footprint of API re-

quests for service-based models. For local setups, the information of the servers was used while publicly

available energy consumption data provided by cloud providers or service APIs helped estimate the en-

ergy usage of service-based models. The energy consumption was then aggregated over the evaluation

period to calculate the total energy required for each model.

4.3.2.1 Local Models

To quantify the energy consumption of the local models, the NVIDIA System Management Interface

(nvidia-smi) tool was employed to monitor and record the energy usage of the GPU during model in-

ference. This tool provides detailed power metrics in watts, allowing for precise tracking of the energy

consumed during specific time intervals.

For each local model, the energy consumption process involved the following steps:

1. Execution of Inference: Each model was executed with the specified tasks, and the inference

process was timed to determine the average duration tavg of execution for a single question.

2. Power Consumption Calculation Per Question: During inference, the nvidia-smi tool recorded

the average power usage pavg of the GPU in watts and these measurements were averaged across

all questions to provide the typical power draw during active model inference.

3. Energy Consumption Per Question: The energy consumed per question was calculated using

the formula:

Equestion =
Pavg · tavg

3600×100

where Equestion is the energy consumed per question in kilowatt-hours (kWh), pavg is the average

power usage in watts, and tavg is the average inference time in seconds.

4.3.2.2 Service-based Models

The energy consumption per query for large language models like GPT-3 and GPT-4 has been a subject

of various studies and reports. Although there is no concrete data regarding the energy costs for the

most popular service LLMs, it is estimated that a single response using GPT-3, a model with 175 billion

parameters, consumes approximately 0.003 kWh of energy. Considering this baseline for the GPT-3
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model and its number of parameters, we were able to estimate energy consumption of derivate LLMs

based on their number of parameters.

4.3.3 Monetary Costs Quantification

Monetary cost was another important metric used to assess the financial feasibility of using each model.

For service-based models, the cost was determined by tracking the usage fees associated with API calls.

For local models, the monetary cost was estimated based on the cost of GPU instances on AWS, includ-

ing the hourly rates for the necessary hardware resources.

These values were calculated for each model, offering a standardized basis for comparison across

various configurations and setups. By incorporating accuracy, energy consumption, and monetary cost

into the evaluation framework, this study provides a comprehensive view of the trade-offs between local

and service-based LLMs in the context of medical question answering. This analysis highlights the

financial and operational implications of adopting either solution, enabling informed decision-making

for healthcare applications.

Table 4.1 below presents the reference values for costs for a instance of AWS in Stockholm GPU

configurations similar to those used in the local LLM testing conducted in this study These GPUs provide

comparable specifications to those required for AI workloads and natural language processing tasks,

ensuring adequate performance for benchmarking. The costs are expressed in US dollars ($) and are

categorized into three usage models: On Demand, 1-Year Reservation, and 3-Year Reservation. The

table includes cost estimates for different durations (hourly, monthly, yearly, and three years) based on

GPU characteristics such as memory and processing power.
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GPUs Memory (Gb) C/h 1 month 1 year 3 years

On Demand

g6.xlarge 16 0,85 $ 623,13 $ 7 477,54 $ 22 432,61 $
g6.2xlarge 32 1,04 $ 756,94 $ 9 083,24 $ 27 249,73 $
g6.4xlarge 64 1,40 $ 1 024,48 $ 12 293,78 $ 36 881,35 $
g6.8xlarge 128 2,14 $ 1 559,72 $ 18 716,62 $ 56 149,85 $

1 Year Reservation

g6.xlarge 16 - 378,58 $ 4 542,96 $ 13 628,88 $
g6.2xlarge 32 - 459,92 $ 5 519,04 $ 16 557,12 $
g6.4xlarge 64 - 622,50 $ 7 470,00 $ 22 410,00 $
g6.8xlarge 128 - 1 015,35 $ 12 184,20 $ 36 552,60 $

3 Year Reservation

g6.xlarge 16 - 248,94 $ 2 987,28 $ 8 961,84 $
g6.2xlarge 32 - 302,39 $ 3 628,68 $ 10 886,04 $
g6.4xlarge 64 - 409,28 $ 4 911,36 $ 14 734,08 $
g6.8xlarge 128 - 623,08 $ 7 476,96 $ 22 430,88 $

Table 4.1: Table de cost for GPU L4 Tensor GPUs in AWS

Table 4.2 below summarizes the costs associated with using different APIs for processing input and

generating output tokens. The values are expressed US dollars ($) and represent the cost per 1,000

tokens for both input and output.

Model Input (1k tokens) Output (1k tokens)

GPT4o 0,00500 $ 0,01500 $
GPT4-1106-preview 0,01000 $ 0,03000 $
Mistral Small 0,00200 $ 0,00600 $
Gemini 1.5 Flash 0,00035 $ 0,00105 $

Table 4.2: Cost per 1k tokens for input and output across different service-based models.

4.4 RAG

4.4.1 RAG Implementation

RAG is critical to this research, ensuring the model’s outputs are accurate, contextually relevant, and

aligned with the domain-specific knowledge required for medical applications.

The prompt for this implementation was carefully designed to guide the LLM’s behaviour, ensuring

strict adherence to the provided context and enhancing the interpretability of outputs, resulting in better

performance. The prompt structure is as follows:
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1 INSTRUCTIONS: As a medical assistant, only use information from the context.

2 If the context doesn’t answer the question, propose two questions by only changing

3 medical terms based on the context. Answer in the same language as the question.

4 If you don’t know the language, answer in English.

5

6 begin of english context: {context}.

7 end of context. {completion}

This prompt serves multiple purposes:

1. Role Specification: The phrase "As a medical assistant" establishes the model’s role, aligning its

behaviour with the expectations of a medical professional.

2. Context Restriction: The explicit directive to "only use information from the context" ensures that

the model’s responses remain grounded in the retrieved data, minimizing the risk of hallucinations.

3. Fallback Mechanism: If the context is insufficient, the model is instructed to propose two alter-

native questions by altering medical terminology, establishing the system’s capability to reframe

queries in ways that can lead to better-informed answers in subsequent interactions, for instance:

• Original Question: What are the side effects of Drug X?

• Context: Insufficient information on Drug X.

• Generated Questions:

(a) What are the side effects of medications in the same class as Drug X?

(b) What are the common side effects associated with similar treatments?

4. Multilingual Support: Requires that the answer is in the same language as the question, broad-

ening accessibility and applicability in diverse linguistic settings. Furthermore, the fallback to

English ensures the output is understandable, even in edge cases where unsupported languages

are encountered.

The context {context} embedded in the prompt is then dynamically populated using a retrieval

system, which indexes and searches relevant medical datasets or documents, ensuring that only the most

pertinent information is provided to the model after going through the following steps:

1. Dataset Preparation: Medical datasets used in the retrieval system are pre-processed and indexed

for efficient querying. These datasets include authoritative resources such as clinical guidelines,

medical textbooks, and peer-reviewed articles.

2. Query Processing: Incoming user queries are mapped to search terms using natural language

processing techniques, extracting relevant context from the indexed datasets.
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3. Context Injection: Retrieved snippets are inserted into the {context} placeholder of the prompt,

forming the basis for the model’s response generation.

This retrieval step ensures the generative model is equipped with domain-specific information, bridg-

ing the gap between static knowledge and real-time applicability.

4.4.2 RAG Parameter Variations

Our RAG approach uses two parameters, the number of documents retrieved from the underlying knowl-

edge (top-k search) and number of retrieved documents that are re-ranked for relevance and passed to the

generation phase (top-x rerank), to control the retrieval and ranking processes that underpin its ability to

generate accurate and contextually relevant responses. In this study, we explored a range of values for

these parameters, varying top-k search from 10 to 100 and top-x rerank from 3 to 40, to better understand

their impact on model performance and to optimize their configuration for the MedQA dataset.

A higher value of documents retrieved from the knowledge base during the retrieval phase increases

the breadth of information retrieved, providing the model with a broader context for generating answers.

However, retrieving too many documents can introduce irrelevant or noisy data, potentially overwhelm-

ing the model and reducing its ability to focus on the most relevant content. By testing a range of values,

we aimed to identify the optimal trade-off between retrieval breadth and relevance, ensuring that the

models received sufficient context without compromising quality.
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Figure 4.2: RAG Pipeline

Defining how many of the retrieved documents are re-ranked for relevance and passed to the gen-

eration phases is crucial for filtering out less pertinent information and ensuring that the most relevant

documents are prioritized in the generation process. Smaller values focus on a highly selective subset

of documents, which can improve precision but risks excluding useful contextual information. Larger

values provide a more comprehensive context for generation but can dilute relevance, particularly if the

retrieval phase has already introduced noise. The choice to vary top-x rerank allowed us to assess how

ranking depth affects the accuracy and reasoning capabilities of the models.

The decision to explore these parameters over a wide range of values reflects the need to account for

the variability in question complexity and document relevance inherent to the MedQA dataset. Medical

questions often require multi-hop reasoning and integration of diverse information sources, making it

important to optimize both retrieval and ranking processes. By systematically varying k top search and

k top rerank, we could evaluate their influence on the models’ ability to retrieve and utilize the most

relevant information effectively.

This comprehensive exploration also enabled insights into the computational trade-offs associated

with these parameters. Larger values for top-k search and top-x rerank generally increase processing time

and resource usage, which is particularly important when benchmarking local and service-based models.

Understanding these trade-offs is crucial for determining configurations that balance performance and

efficiency, especially in real-world applications where computational constraints often come into play.
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Tests and Results

This chapter presents an overview of all experiments conducted on the two selected datasets, from data

and model selection, to scenario outlining and the testing results, including performance and cost anal-

ysis.

5.1 Testing setup

5.1.1 Dataset Selection

The MedQA dataset (presented in Subsection 3.3.4.1) is one of the most recent datasets created for the

evaluation of medical question-answer systems. Proposed by [139], it features a multiple choice format.

This format is suitable for quantitative evaluation as it enables a direct comparison of performance

between different language models, facilitating the benchmark analysis in this study.

The MedQA dataset is sourced from the United States Medical Licensing Examination, making

it representative of real-world medical problem-solving. The balance of the dataset across medical

specialties ensures a comprehensive evaluation of medical knowledge, and its uniform distribution of

answer choices minimizes bias. However, its complexity presents challenges, as multi-hop reasoning

and diverse specialties can be particularly difficult for models with limited context windows or reasoning

capabilities.

An initial smaller dataset comprising 11 entries (from now on named "Smaller Dataset") was used

for the experiments to allow a careful and individualized evaluation of how the models responded to the

questions. The initial step involved identifying questions related to Parkinson’s disease from the MedQA

dataset. A set of keywords, including "tremor," "motor fluctuations," "parkinson disease/diagnosis," and

"parkinsonian disorders," was used to filter the dataset for relevant questions. This keyword-driven

search resulted in the mentioned subset of 11 questions, which provided a manageable and focused

dataset for starting the code development process. Each question was carefully examined to ensure its

relevance to the topic and its suitability for testing the capabilities of the selected models. This approach

52
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enabled iterative improvements to the process, including adjustments to the prompting strategies and

evaluation methods.

Once these strategies were refined and defined, testing proceeded with a larger dataset (from now on

named "Larger Dataset"): a 1400-line dataset for multiple-choice questions and a 500-line dataset for

open-ended questions. These larger datasets were employed to assess the models’ performance on more

extensive and diverse tasks, ensuring a robust evaluation framework.

5.1.2 Model Selection

Selecting the appropriate local and service-based models was a critical step in implementing the bench-

marking process. The selected service-based models were GPT-4o, GPT-1106-Preview, Gemini-1.5-

Flash, and Mistral-Small. These models were selected for their position as state-of-the-art solutions

and their robust performance across a range of general-purpose and domain-specific tasks. GPT-4o

offered a cost-efficient alternative with relevant reasoning abilities, while GPT-1106-Preview provided

insights into experimental capabilities of upcoming GPT variants. Gemini-1.5-Flash combined retrieval-

augmented generation techniques with advanced language modeling, making it particularly relevant for

medical QA. Mistral-Small was chosen for its lightweight nature and cost-efficiency, offering a counter-

point to the larger and more resource-intensive models.

The selected local models selected were Mistral-Nemo, Mistral, LLaMA 3.2-3B, LLaMA 3.1, MedL-

LAMA 2, Meditron-7B Gemma2-9B and Phi4. Their diverse capabilities, parameter scales, and specific

task optimisations guided these models’ selection. These models represent a broad spectrum of state-

of-the-art local language models, encompassing general-purpose models such as LLaMA 3.2-3B and

LLaMA 3.1, as well as domain-specialized models such as MedLLAMA 2 and Meditron-7B, which is

fine-tuned for medical applications. The inclusion of Mistral and Mistral-Nemo offers lightweight, high-

performance options ideal for cost-efficient and low-latency tasks, while Gemma2-9B and Phi4 provide

larger-scale alternatives capable of handling complex reasoning and multi-turn interactions. This di-

verse selection ensures a comprehensive benchmarking study by evaluating models of varying sizes and

specializations, allowing for a detailed comparison with service-based models in terms of performance,

cost-efficiency, and domain-specific accuracy.

By selecting models from these distinct categories, we ensure a representative sample of the LLM

landscape, encompassing high-performance, proprietary systems and more customizable, resource-efficient

alternatives. This diversity enables an analysis of how various hosting paradigms and architectural strate-

gies impact performance, scalability, and usability in real-world applications. Additionally, it allows for

a robust exploration of trade-offs between cost, accessibility, and functionality, providing valuable in-

sights for stakeholders with varying priorities and constraints.
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5.2 Scenarios Description

To evaluate the performance of local and service-based LLMs under varying conditions, eight different

testing scenarios were designed. These scenarios are summarized in Table 5.1 and explore combinations

of dataset sizes, question types, evaluation methods, and model deployment types. The integration of

RAG across all scenarios ensured consistent retrieval of relevant contextual information, allowing for a

robust assessment of each model’s ability to utilize external knowledge effectively.

Table 5.1: Testing Scenarios and Parameters

Scenario Smaller
Dataset

Larger
Dataset

Multiple
Choice

Open-
Answer

Expert
Review

Local
Models

Service-
Based
Model

S1 X X X
S2 X X X
S3 X X X X
S4 X X X X
S5 X X X
S6 X X X
S7 X X X
S8 X X X

The scenarios were designed to address specific aspects of model performance:

- Smaller Dataset Scenarios focus on initial testing and improvement of evaluation strategies with

a limited number of questions (the aforementioned 11).

- Bigger Dataset Scenarios test the scalability and robustness of the models across a broader set of

questions.

- Question Types include both multiple choice formats for precise evaluation and open-answer

formats to test the reasoning capabilities of the models.

- Model Types compare local and service-based deployments to assess their relative strengths and

limitations in different contexts.

For the multiple-choice tasks, the prompt used was:

1 Answer the following question by selecting one of the options provided.

2

3 Question:

4 {question}

5

6 Options:

7 {options_str}

8
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9 Instructions:

10 - Review the options carefully.

11 - Provide your answer in the following format: ’Answer: [Option Letter]’.

12 - Do not include any additional text or explanation."

13

14 Answer:

For the open-answer tasks, the prompt used was:

1 Example 1:

2 Question: A 30-year-old woman reports fatigue, weight gain, and cold intolerance.

Physical examination reveals dry skin and bradycardia. TSH levels are elevated, and

free T4 is low.

3

4 Question: What is the most likely diagnosis?

5

6 Step-by-Step Answer:

7 Symptoms like fatigue, weight gain, and cold intolerance suggest a metabolic slowdown,

typical of hypothyroidism.

8 Dry skin and bradycardia further support this hypothesis.

9 Lab results show elevated TSH (the body trying to stimulate the thyroid) and low free T4

, confirming primary hypothyroidism.

10

11 Example 2: ...

12 Example 3: ...

13

14 Now, answer the following question step-by-step:

15 {question}

The tests for the service-based models were conducted using the available APIs for each model.

Specifically, the Gemini 1.5 Flash model was accessed via the Google Cloud AI API, GPT-4o and GPT-

4 Preview were evaluated using the OpenAI API, and Mistral Small was tested through the MistralAI.

On the other hand, the tests for the local models were executed on a L4 Tensor Core GPUs using the

Lightning AI platform.

S1: Smaller Dataset with QA and Local Models
This scenario utilized the smaller dataset to evaluate the performance of local models in answering

multiple choice questions. The limited dataset allowed for careful observation of model behavior in

simpler, controlled tasks, providing a foundation for refining evaluation strategies. RAG was employed

to enhance the retrieval of domain-specific knowledge, enabling a targeted assessment of the models’

performance in simpler, structured tasks.
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S2: Smaller Dataset with QA and Service-Based Models
Similar to Scenario 1, this scenario employed a smaller dataset but focused on service-based models.

The objective was to compare their performance to local models in handling domain-specific multiple-

choice questions under similar conditions. The use of RAG allowed for a direct comparison of retrieval

and reasoning capabilities between local and service-based models under controlled conditions.

S3: Smaller Dataset with Open-Answer and Local Models
In this scenario, local models were tested on a smaller dataset consisting of open-ended questions.

RAG was utilized to provide relevant context for generating free-text responses, enabling an evaluation

of the models’ generative capabilities in unstructured tasks.

S4: Smaller Dataset with Open-Answer and Service-Based Models
This scenario mirrored Scenario 3 but tested service-based models on the same smaller dataset with

open-ended questions. By employing RAG, the models were equipped to generate more informed and

coherent responses, facilitating a comparison with local models in generative tasks.

S5: Larger Dataset with QA and Local Models
Expanding the dataset to include a larger number of questions, this scenario focused on local models

and MCQA formats. Expanding to the larger dataset, this scenario tested local models on multiple-

choice tasks. RAG was critical in retrieving a broader range of contextual information, helping to assess

the scalability and robustness of the models.

S6: Larger Dataset with QA and Service-Based Models
Using the same larger dataset as Scenario 5, this scenario evaluated service-based models in multiple-

choice tasks. The integration of RAG ensured consistency in retrieval and reasoning, enabling a fair

comparison with local models.

S7: Larger Dataset with Open-Answer and Local Models
Local models were tested with the larger dataset of open-ended questions in this scenario. RAG

played a pivotal role in providing extensive contextual information, allowing the models to handle more

diverse and complex generative tasks effectively.

S8: Larger Dataset with Open-Answer and Service-Based Models
The final scenario explored the use of service-based models for open-answer questions with the

larger dataset. By utilizing RAG, the models were able to integrate external knowledge into their re-

sponses, highlighting their adaptability in unstructured tasks requiring significant reasoning and genera-

tive capabilities.
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5.3 Results and Analysis

This section provides an in-depth analysis of the experimental results obtained from testing various

LLM configurations across different scenarios. The goal of this analysis is to assess the performance of

service-based and local LLMs in tasks with varying complexities and configurations (RAG parameter

variations mentioned in Subsection 4.4.2).

5.3.1 S1: Smaller Dataset with QA and Local Models

Figure 5.1 provides a comparison of model accuracy across various configurations of top-k search and

rerank values. Phi-4 emerges as the top-performing model, achieving the highest accuracy (up to 100%)

in configurations with top-k search=6 and top-k rerank=5, showcasing its exceptional capability to re-

trieve and synthesize relevant information. LLaMA 3.1 and LLaMA 3.2-3B also perform remarkably

well, achieving accuracies above 81% in optimal configurations, demonstrating their strong architec-

tural optimization for retrieval-augmented tasks. Similarly, Mistral NeMo, with the same 128k context

window as the LLaMA models, delivers comparable performance, achieving up to 72.73%, although it

slightly lags behind in key configurations.

Gemma 2-9B shows weaker performance, particularly for configurations with higher rerank values,

where its accuracy drops. This suggests that the model struggles to effectively utilize larger amounts

of retrieved information, likely due to limitations in its context window lenght. Mistral, with a smaller

context window, performs consistently lower, rarely exceeding 54.55%. MedLLaMA 2, across all con-

figurations, performs poorly.
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Figure 5.1: Results of S1: Smaller Dataset with QA and Local Models

5.3.2 S2: Smaller Dataset with QA and Service-Based Models

Figure 5.2 The heatmap presents a comparison of model accuracy across different configurations of top-

k search and rerank values for various models. GPT-4-1106-preview consistently achieves the highest

accuracy, reaching 90.91% in configurations with higher values of top-k rerank, showing its superior

optimization for retrieval-augmented tasks. In contrast, GPT-4o demonstrates lower accuracy, with re-

sults that closely align with those of Gemini-1.5 Flash. Both GPT-4o and Gemini-1.5 Flash achieve a

maximum accuracy of 81.82% in specific configurations, such as top-k search=10 and top-k rerank=7.

On the other hand, Mistral Small, with its 4k context window, consistently delivers the lowest accuracy,

even in configurations with higher rerank values, reflecting its limitations in leveraging larger retrieval

outputs effectively.
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Figure 5.2: Results of S2: Smaller Dataset with QA and Service-Based Models

5.3.3 S3: Smaller Dataset with Open-Answer and Local Models

Figure 5.3 provides a comparative analysis of model accuracy for open-answer tasks across different

top-k search and rerank configurations using local models. Phi-4 demonstrates the highest accuracy

among the models, achieving a peak of 54.55% in lower configurations such as top-k search=6 and

rerank=4 and also in higher ones, such as top-k search=20 and rerank=20, showcasing its capability

to handle open-answer tasks effectively. In contrast, Mistral NeMo achieves moderate performance,

with its accuracy consistently hovering around 40% in the majority of configurations, indicating some

limitations in processing open-ended responses. LLaMA 3.1 and LLaMA 3.2-3B deliver comparable

results, with a maximum accuracy of 54.54% in configurations with top-k search=100. Gemma 2-

9B, however, struggles with higher top-k rerank values, showing inconsistent performance and rarely

surpassing 27.27%, suggesting difficulties in effectively leveraging larger retrieval outputs. Mistral (7B)

and MedLLaMA 2 show the lowest performance across configurations, with accuracy frequently below

18.18%, reflecting their challenges in addressing the demands of open-answer tasks. LLaMA 3.1 and

LLaMA 3.2-3B deliver comparable results, with a maximum accuracy of 54.54% in configurations with

top-k search=100. Gemma 2-9B struggles with higher rerank values, showing inconsistent performance

and rarely surpassing 27.27%. Mistral delivers consistently low accuracy, typically below 18.18%,

reflecting its limited capacity for open-answer tasks. MedLLaMA 2, however, performs worst, with

results consistently at 0% across all configurations, emphasizing its inability to address open-ended
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Figure 5.3: Results of S3: Smaller Dataset with Open-Answer and Local Models

question-answering tasks effectively.

5.3.4 S4: Smaller Dataset with Open-Answer and Service-Based Models

Figure 5.4 presents the accuracy results of service-based models tested on a smaller dataset with open-

ended questions, evaluated across varying configurations of Top Search and Top Rerank parameters.

Phi-4 consistently demonstrates the best performance, achieving the highest accuracy of 57.21% in

configurations such as search=40 and rerank=5, showing its robust optimization for retrieval-augmented

tasks. Gemma 2-9B emerges as the second-best model, reaching a peak accuracy of 45.21% in config-

urations such as top-k search=10 and rerank=10, demonstrating its ability to effectively handle retrieval

outputs and maintain competitive performance. LLaMA 3.2-3B achieves moderate accuracy with high

rerank values, peaking at 44.29% in configurations such as search=40, rerank=10 but it performs signif-

icantly worse in configurations with lower rerank values, with accuracy dropping to 21.29% in setups

like search=40, rerank=3. Mistral NeMo, shows moderate performance with a maximum accuracy of

38.29% in configurations like search=10, rerank=10, falling behind Gemma 2-9B. Finally, Mistral ex-

hibits the weakest performance, rarely exceeding 30.93%, reflecting its limitations in processing and

synthesizing larger retrieval outputs effectively.
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Figure 5.4: Results of S4: Smaller Dataset with Open-Answer and Service-Based Models

5.3.5 S5: Larger Dataset with QA and Local Models

The heatmap compares the accuracy of various models across different configurations of top-k search

and rerank values for QA tasks on the larger dataset. Phi-4 consistently demonstrates the best perfor-

mance, achieving the highest accuracy of 57.21% in configurations such as search=40 and rerank=5,

showing its robust optimization for retrieval-augmented tasks. Gemma 2-9B emerges as the second-best

model, reaching a peak accuracy of 45.21% in configurations such as top-k search=10 and rerank=10,

demonstrating its ability to effectively handle retrieval outputs and maintain competitive performance.

LLaMA 3.2-3B delivers consistent results, achieving a maximum accuracy of 44.29% in configurations

such as top-k search=40 and top-k rerank=10. Mistral NeMo, shows moderate performance with a max-

imum accuracy of 38.29% in configurations like search=10, rerank=10, falling behind Gemma 2-9B.

Finally, Mistral exhibits the weakest performance, rarely exceeding 30.93%, reflecting its limitations in

processing and synthesizing larger retrieval outputs effectively.
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Figure 5.5: Results of S5: Larger Dataset with QA and Local Models

5.3.6 S6: Larger Dataset with QA and Service-Based Models

The heatmap in Figure 5.6 illustrates the performance of local models when tested on the larger dataset

with multiple choice questions.

GPT-4-1106-preview demonstrates the highest performance, achieving a peak accuracy of 66.14% in

the configuration top-k search=40 and rerank=10. GPT-4o, while achieving a solid maximum accuracy

of 57.69% in the configuration top-k search=40 and rerank=3, exhibits less consistent results overall,

with noticeably lower performance in other configurations, reflecting challenges in maintaining reliabil-

ity across setups. In contrast, Gemini-1.5 Flash delivers more consistent results across configurations.

While its peak accuracy of 46.36% (in top-k search=40 and rerank=10) is lower than the best results

achieved by GPT-4 models, its performance remains relatively stable across all configurations, generally

outperforming GPT-4o in scenarios with lower accuracy. Mistral Small, with a maximum accuracy of

42.57%, continues to underperform, reflecting its architectural and scalability limitations.
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Figure 5.6: Results of S6: Larger Dataset with QA and Service-Based Models

5.3.7 S7: Larger Dataset with Open-Answer and Local Models

In Figure 5.7, the results of the bigger dataset with open-answer questions using local models are pre-

sented. Among the tested models, Phi4 achieves the highest accuracy at 33.0%, outperforming the other

models by a significant margin. The next best-performing models, Gemma2-9B Mistral-NeMo, achieve

an accuracy of 14.6% and 14.0%, respectively, which is less than half of Phi4’s performance. Following

this, Mistral demonstrates an accuracy of 9.6%, indicating moderate performance in this context. The

lowest accuracy is observed for LLaMA 3.2-3B, with only 4.4%, highlighting a substantial gap in per-

formance compared to the other models. These results indicate a considerable variation in performance

among the local models for the open-answer task, with Phi4 being the most accurate, while LLaMA 3.2

(3B) lags significantly behind.
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Figure 5.7: Results of S7: Larger Dataset with Open-Answer and Local Models

5.3.8 S8: Larger Dataset with Open-Answer and Service-Based Models

In Figure 5.8, the results of the larger dataset with open-answer questions using service-based models

are presented. Among the tested models, GPT-4-1106 Preview achieves the highest accuracy, with a

value of 32.%, significantly outperforming the other service-based models. The second-best performing

model, Mistral Small 11.0%, achieves a markedly lower accuracy of 11.0%, illustrating a substantial

gap in performance compared to GPT-4-1106 preview. Following this, GPT-4o demonstrates an accu-

racy of 7.8%. Lastly, Gemini-1.5-Flash records the lowest accuracy of all, with only 0.2%, indicating

minimal effectiveness in handling this open-answer task. These results reveal a significant variation

in the capabilities of service-based models in addressing open-ended questions within a larger dataset.

GPT-4-1106-Preview stands out as the most competent, while the performance of the other models, par-

ticularly Gemini-1.5-Flash, is substantially lower, emphasizing a wide performance disparity across the

service-based models tested.
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Figure 5.8: Results of S8: Larger Dataset with Open-Answer and Service-Based Models

5.3.9 Expert Review

To ensure the reliability and efficiency of the evaluation method employed for open-ended questions

in the smaller dataset (focused on Parkinson-related topics), a subset of these questions was randomly

selected and carefully assessed by a neurologist. The evaluation method under review utilized a large

language model to automatically determine the correctness of the answers provided by other LLMs.

The neurologist independently reviewed each of these questions and their corresponding evaluations,

classifying them as correctly or incorrectly assessed by the automated method.

The analysis revealed that 72% of the questions were correctly evaluated by the LLM-based eval-

uation method. This indicates a reasonably high level of alignment between the automated evaluation

and the expert neurologist’s judgment. However, the results also highlight that approximately 28%
of the evaluations were incorrect, suggesting areas where the evaluation method may need refinement,

particularly in nuanced medical scenarios. These findings underscore the importance of incorporating

expert validation in such studies, as it provides a critical benchmark for understanding the strengths and

limitations of automated evaluation techniques in complex, domain-specific tasks.

5.3.10 Energy Consumption and Costs

5.3.10.1 Local Models

Table 5.2, shows the results of running local models in a A100-SMX4-40GB GPU, based on the leader-

board of [142].
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Table 5.2: Energy Consumption of Local Models with A100-SXM4-40GB GPU

Model Parameters (Billions) Energy per Response (Joules) Energy per Request (kWh)
Phi4 14 86.08 0.0000239
Lamma3.2 - 3b 3 2.26 0.0000006
Mistral 7B 7 43.76 0.0000125
Llama 3.1 8B 8 51.12 0.0000122
Mistral Nemo 12 66.71 0.0000185
Gemma 2 9B 9 68.24 0.0000190

Following the formula defined in Subsection 4.3.2.1, the following energy costs per request were

calculated for the models and GPU used in this study.

Table 5.3: Energy Consumption of Local Models with L4 Tensor GPU

Model Parameters (Billions) Energy per Response (Joules) Energy per Request (kWh)
Llama 3.2 - 3B 3 59.34 0.0000165
Mistral 7B 7 62.94 0.0000175
Gemma 2 9B 9 63.65 0.0000177
Mistral Nemo 12 59.82 0.0000166
Phi 4 14 64.76 0.0000180

5.3.10.2 Service-Based Models

As discussed in Chapter 4, these LLMs do not provide precise or reliable data regarding the energy costs

associated with their services. However, it is known that there is some correlation between the billions

of parameters in the model and the energy consumed in Joules per response.

To estimate the energy costs of service-based LLMs for comparison purposes, the results obtained

from local LLMs on each GPU were analyzed. Using this data, the linear regression model in Figure

5.9 was defined to establish a relationship between the number of billions of parameters and the energy

cost for the A100-SXM4-40GB GPU.
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Figure 5.9: Linear Regression Model for energy cost calculations in A100-SXM4-40GB GPU

The computed regression function yielded the calculations in Table 5.4.

GPT-3 calculations are included here as it is the only model for which an energy estimation could

be found. According to [143], GPT-3 is estimated to consume 0.0003 kWh per request, which is closely

aligned with the results from this regression, calculating the energy cost at 0.00027 kWh per request.

This reinforces the validity of this estimation technique for extrapolating energy consumption values for

other models, enabling a fair comparison between local and service-based models.

Table 5.4: Energy Consumption of Service Models with A100-SXM4-40GB GPU

Model Parameters (Billions) Energy per Response (Joules) Energy per Request (kWh)
GPT-3 128 954.76 0.0002652
GPT-4o 1,370 10,418.8 0.0028941
Mistral-Small 22 147.04 0.0000408
GPT-4-1106-preview 1,750 13,314.4 0.0036984
Gemini-1.5-Flash - - -

Using the same approach, the regression function presented in Figure 5.10 was obtained for the L4

Tensor GPU (used to test the local models in this study).
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Figure 5.10: Linear Regression Model for energy cost calculations in L4 Tensor GPU

The computed regression function produced the calculations in Table 5.5.

Table 5.5: Energy Consumption of Service Models with L4 Tensor GPU

Model Parameters (Billions) Energy per Response (Joules) Energy per Request (kWh)
GPT-3 128 96.364 0.0000268
GPT-4o 1,370 454.06 0.0001261
Mistral-Small 22 65.836 0.0000183
GPT-4-1106-preview 1,750 563.50 0.0001565
Gemini-1.5-Flash - - -

Gemini-1.5-Flash had no available information regarding the amount of parameters, so it was not

possible to estimate the costs for this use case.

5.3.11 Monetary Costs

The monetary costs of local and service-based LLMs differ significantly due to their different deploy-

ment and pricing models. Understanding these differences is critical to determining the most cost-

effective solution for specific use cases, especially when considering scalability. The values presented

for APi costs were calculated based on an input sentence and its corresponding output, considering these

as average values. The input consists of 20 words, while the output contains 100 words. These word

counts were converted to tokens using an average estimation of tokens per word, resulting in approxi-

mately 26.67 tokens for the input and 133.33 tokens for the output.
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Figure 5.11: Linear Chart of Cost Evolution in relation to the number of users after one month

Figure 5.11 illustrates the cost variation over one month as the number of users increases, assuming

an average of 10 questions per user daily. This visualization highlights how costs scale differently

between local and service-based models. Service-based models, such as GPT-4-1106-preview, exhibit

higher cost growth rates compared to local solutions like Mistral-Small and GPU L4 Tensor Core.

Over a longer period, the financial disparity between the models becomes more pronounced. Figure

5.12 shows the cost variation over one year, under the same assumptions of 10 daily questions per user

and Figure 5.13 shows the cost variation over three years for 5 daily questions per user.
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Figure 5.12: Linear Chart of Cost Evolution in relation to the number of users after one year

Figure 5.13: Linear Chart of Cost Evolution in relation to the number of users after three years



Chapter 6

Discussion

This chapter analyzes the findings from evaluating local and service-based LLMs in conjunction with

RAG. It highlights the trade-offs between performance, cost, privacy, and scalability, particularly in

healthcare applications. Key challenges, such as prompt sensitivity and computational demands, are

examined alongside the benefits of RAG in improving domain-specific accuracy.

6.1 Initial dataset

The results presented in the last chapter from scenarios S1 to S4 illustrate the performance of various

local and service-based models across different configurations of RAG tasks, with the initial smaller

dataset. This discussion analyzes the results, focusing on the characteristics of each model, the impact of

their configurations, and the implications of context window size and parameter count on their accuracy.

6.1.1 Local Models

The LLaMA-based models, LLaMA 3.2 (3B) and LLaMA 3.1 (8B) are designed with a context length

of 128k tokens, which allows them to handle RAG tasks effectively. In the QA task, both models show

relatively consistent performance across different configurations of search and rerank values, with accu-

racy ranging from 45.45% to 81.82%. Neither model demonstrates substantial sensitivity to increasing

search values, provided that reranking is appropriately configured. Across all configurations, the accu-

racy of LLaMA 3.2 closely matches that of LLaMA 3.1, suggesting that the additional parameters in the

larger model do not translate into significant improvements in QA performance with RAG. In the open-

ended task, both models display significantly lower accuracy compared to QA, which is expected given

the increased complexity of synthesizing responses for open-ended questions. The best performance for

LLaMA 3.2 occurs in settings with top-k search of 100 and top-x rerank of 10 and for LLaMA 3.1 in

settings with top-k search of 100 and top-x rerank of 5, with an accuracy of 54.55%.

However, in smaller configurations, both models struggle. Given these results, it is evident that

the performance of LLaMA 3.2 (3B) and LLaMA 3.1 (8B) is comparable in both QA and open-ended

71
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tasks. Both models share the same architecture and context length, but the larger parameter size of

LLaMA 3.1 does not yield significant performance improvements. As a result, LLaMA 3.2 (3B) was

deemed more resource efficient and was selected for further evaluation on the larger dataset. Meanwhile,

LLaMA 3.1 (8B) was excluded from subsequent tests to prioritize exploration of the more parameter-

efficient model. This decision ensures a balanced focus on performance and computational efficiency in

subsequent analyses.

The analysis of the smaller dataset revealed significant limitations in the performance of MedL-
LaMA 2, particularly in tasks that involve multiple options and open questions. For multiple-choice

questions, the model consistently failed to follow the explicit instruction in the prompt to select a single

option objectively: to choose a specific letter corresponding to the correct answer. Instead, it provided

lengthy and descriptive responses without explicitly selecting an option. Since the automated evaluation

of multiple choice questions is based on identifying the correct letter in the response of the model, this

inability to comply with the prompt led to very low accuracy scores for MedLLaMA 2 in this task. For

open-ended questions, MedLLaMA 2 demonstrated a frequent lack of focus on the specific question

being asked. For instance, in questions that required identifying potential factors leading to a diagnosis,

the model often responded with recommendations on how the patient should manage or resolve the pre-

sented condition. This deviation from the intended focus of the question further undermined the model’s

utility in these scenarios. Additionally, MedLLaMA 2 has a limited context window of 4096 tokens,

restricting its ability to effectively utilize larger contexts that might be required to answer more com-

plex questions or synthesize information across multiple retrieved documents. Given these limitations

in both multiple-choice and open-ended tasks, coupled with its restricted context window, we decided

not to proceed with MedLLaMA 2 for tests on the larger dataset. This decision was made to ensure the

reliability and comparability of results across models and configurations better suited for these tasks.

Mistral 7B, with a context window of 4096 tokens and an extended processing capacity of 8192 to-

kens, achieves moderate results, particularly in configurations with low rerank values, where its compact

architecture allows efficient processing of smaller retrieval outputs. However, as the retrieval complex-

ity increases, its performance plateaus because of its relatively limited context window and inability to

integrate large amounts of retrieved information effectively. However, with the same context size and

number of parameters as MedLLaMA 2 it consistently achieved superior results.

Mistral NeMo 12B supports a 128k context window, similar to LLaMA 3.1 and LLaMA 3.2, but

this model performs slightly worse than LLaMA 3.1 and LLaMA 3.2 in QA tasks. It achieves its highest

accuracy of 72.73%, comparable to the LLaMA models, in configurations with values of top k search of

70 and top k rerank of 10. These results suggest that the size of the context window plays a more signif-

icant role in achieving strong performance in RAG tasks than the number of model parameters. Despite

substantial differences in parameter sizes: LLaMA 3.1 with 8 billion, LLaMA 3.2 with 3 billion, and

Mistral NeMo with 12 billion, the models deliver comparable accuracy across both QA and open-ended

tasks. All three models share a 128k-token context window, which allows them to process and integrate

large retrieval outputs effectively. This demonstrates that the ability to handle long contexts is a key fac-
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tor for performance in retrieval-augmented setups, while increasing the number of parameters does not

necessarily yield significant gains in these tasks. The results highlight that architectural optimizations,

such as context window size, may provide more impactful improvements than simply scaling up model

size.

With 9 billion parameters and a context window of 8k tokens, Gemma2 (9B), for QA tasks, performs

better when fewer documents are reranked such as values of 3 or 5 documents. These results suggest that

the model is more effective when provided with a smaller, more focused subset of retrievals. For open-

ended tasks, the model performance remains relatively consistent across all configurations, regardless of

the search or rerank values.

6.1.2 Service Based Models

The results obtained for service-based models highlight the trade-offs between context window size, pa-

rameter count, and overall accuracy. The selected models, GPT-4.0, GPT-4 1106 Preview, Mistral Small,

and Gemini 1.5 Flash, demonstrate distinct behaviors influenced by their architectural characteristics and

design.

Gemini-1.5 Flash, with a window context of 1 million tokens, consistently delivers moderate per-

formance across all configurations, with accuracy values remaining within the 54.55% range across

configurations with higher rerank values for QA taks. The lack of significant variation across config-

urations suggests limited adaptability to changes in search and rerank parameters. The performance

of Gemini-1.5 Flash significantly drops for open-answer tasks, with accuracy values as low as 0% in

configurations with low search or rerank parameters. Even in the best-case scenario, top-k search = 20

and top-x rerank = 40, the accuracy reaches only 27.27%, highlighting a limited capability to generate

open-ended responses. The model’s reliance on retrieval alone without effective generative reasoning

may explain these results.

GPT-4-1106 Preview achieves top-tier accuracy (90.91%) in several configurations, particularly for

higher rerank values. The model’s 128k token context window and extensive parameter count (about 175

trillion) ensure superior contextual comprehension, which translates into robust QA performance. The

model maintains strong performance in open-answer tasks, achieving 63.64% precision under configu-

rations with high rerank values, top-k search = 20 and top-x rerank = 20, but this represents a noticeable

decrease compared to QA tasks, likely due to the increased complexity of generating coherent and con-

textually rich open-ended answers. Its large parameter count and extended context window contribute

to its overall reliability in all configurations.

GPT-4o exhibits moderate performance, peaking at 81.82% accuracy for configurations with higher

rerank values and moderate search parameters. Its performance aligns closely with GPT-4-1106 Preview

but does not match the latter’s peak accuracy. This is likely due to GPT-4o’s reduced parameter count or

differing optimization strategies for the RAG architecture. The model’s 8k token context window could

serve as a limiting factor when handling more complex retrieval tasks requiring extended contextual

understanding. Similar to QA tasks, GPT-4o demonstrates moderate accuracy in open-answer tasks,
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with peak accuracy at 36.36% for configurations with higher rerank values, top-k search = 40 and top-x

Search = 40. The model struggles more in open-ended contexts compared to GPT-4-1106 Preview due

to its smaller parameter size (about 135 trillions).

Mistral Small demonstrates significantly inferior performance compared to other models in QA

tasks, despite its more compact architecture with a smaller context length of 32k. Its limited context

length may restrict its ability to fully leverage larger retrieval outputs in structured tasks, leading to

lower accuracy. Furthermore, its smaller parameter size, in contrast to the much larger-scale models

from OpenAI, further contributes to its challenges in precision-focused tasks like QA. However, in open-

ended tasks, Mistral Small delivers results comparable to GPT-4o and far superior to Gemini 1.5 Flash,

indicating potential shortcomings in the latter. The stronger performance of Mistral Small in open-ended

tasks can be justified by its capacity to generate coherent and contextually relevant responses, despite

handling smaller retrievals. Unlike Gemini 1.5 Flash, which often fails to focus on the core question

or adhere to the prompt’s intent, Mistral Small appears more capable of synthesizing and integrating

retrieved information within its smaller context, demonstrating an architectural advantage in handling

reasoning-intensive tasks, even with its more constrained resources.

6.1.2.1 Conclusions

The results obtained from the smaller dataset were used for the selection of the configurations for the sub-

sequent tests conducted on the larger dataset, by analyzing the performance of various top-k search and

top-k rerank configurations. This selection optimizes for both performance and computational efficiency,

ensuring robust evaluation of local and service-based models across diverse tasks and maximizing the

capabilities of RAG while addressing the strengths and limitations of each model type.

• Search Values:

– A search depth of 10 ensures quick and efficient retrieval of relevant candidates. This setting

proved to be sufficient for QA tasks where precision is crucial, and excessive retrieval depth

does not yield significant accuracy gains.

– A search depth of 20 strikes a balance between retrieval breadth and computational cost. It

showed strong performance across both QA and open-answer tasks, enabling deeper explo-

ration of potential answers without incurring excessive processing times.

– A search depth of 40 optimizes for complex, open-answer scenarios where a broader re-

trieval scope significantly improves generative reasoning by providing more comprehensive

candidate inputs.

• Rerank Values:

– A rerank value of 3 a lightweight yet effective ranking mechanism, suitable for tasks where

speed is prioritized without sacrificing too much accuracy.
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– Reranking 5 candidates balances ranking precision with computational efficiency, showing

improvements in QA tasks by refining the top candidates for final selection.

– A rerank value of 10 is recommended for open-answer tasks, where refining a larger set of

candidates is critical for achieving higher generative accuracy.

Based on the results of the expert review, which indicated that 72% of the evaluations from the

smaller dataset were accurate, self-consistency was implemented in the LLM evaluators to enhance

the reliability of the evaluation process for open-ended questions in the larger dataset. The models

Gemini 1.5 Flash, Mistral Small, and GPT-4 Turbo were utilized as LLM evaluators, generating multiple

evaluations for each answer. By applying self-consistency to the evaluators, this adjustment addressed

potential inaccuracies and ensured a more reliable assessment of the models’ performance in handling

complex medical questions.

6.2 Final dataset

The results presented in the last section from scenarios S5 to S8 illustrate the performance of various

local and service-based models across different configurations of RAG tasks, with the final larger dataset.

In this section of the discussion we analyze the results, focusing on the characteristics of each model,

the impact of their configurations, and the implications of context window size and parameter count on

their accuracy.

6.2.1 Service-Based Models

The GPT-4-1106-Preview model achieves the highest accuracy across all configurations, consistently

outperforming the other models. With accuracies peaking at 66.14% for top-k search of 40 and top-x

rerank of 10, GPT-4-1106-Preview demonstrates its ability to leverage extensive retrieval outputs and

rerank configurations effectively. This strong performance is indicative of its fine-tuning for retrieval-

augmented tasks and robust architecture, which enables it to process and integrate large amounts of

contextual information. The model’s high accuracy across configurations also reflects its capacity for

precise and coherent answer generation, making it the most reliable model for QA tasks in this evalua-

tion.

In the open-ended diagnostic tasks, Mistral-Small achieved 11% accuracy, outperforming GPT-4o,

which obtained 7.8%, and Gemini-1.5-flash, which achieved only 0.2%. Despite its smaller architec-

ture, Mistral-Small’s ability to marginally surpass these larger models highlights its relative strength in

handling specific aspects of open-ended tasks, possibly due to its optimization for concise reasoning and

response generation. However, it remains significantly behind GPT-4-1106-preview, which achieved

33% accuracy, reflecting the limitations of Mistral-Small in tasks requiring complex contextual synthe-

sis and advanced reasoning. In the multiple-choice tasks, Mistral-Small’s performance was comparable
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to GPT-4o and only slightly lower than Gemini-1.5-flash. This result underscores Mistral-Small’s rel-

ative competence in structured retrieval and reasoning for straightforward multiple-choice scenarios,

achieving results that align with larger models. However, it still lacks the contextual depth and precision

integration demonstrated by more advanced models like GPT-4-1106-preview, particularly in configura-

tions with increased search and reranking parameters.

The Gemini 1.5 Flash model’s contrasting performance in open-ended versus multiple-choice tasks

can be attributed to the inherent differences in the cognitive demands of these formats and the model’s

architectural strengths and limitations. In multiple-choice tests, the model benefits from the structured

nature of the task, where predefined options provide contextual anchors that help narrow its focus and

improve decision-making accuracy, aligning with the [144] study’s findings that Gemini 1.5 Flash excels

at retrieving and processing relevant information when the output space is well-defined and constrained.

Conversely, open-ended questions require the model to independently generate coherent and contextu-

ally appropriate responses without explicit guidance from predefined options. This increases reliance on

the model’s ability to synthesize retrieved information effectively and manage ambiguities in the input.

The study highlights that Gemini 1.5 Flash often struggles with these aspects, particularly due to its

tendency to produce incomplete answers or unnecessarily activate safety filters. This suggests that while

the model is well-suited for structured tasks like multiple-choice evaluations, it faces significant chal-

lenges in handling the unstructured nature of open-ended questions, irrespective of RAG configuration

size tests in this study.

The unexpected results of GPT-4o in these tests, with a performance in QA tasks comparable to

Mistral-Small and slightly below Gemini 1.5 Flash, and underperforming Mistral-Small in open-ended

tasks, can be attributed to several factors. Studies suggest that GPT-4o, despite being a large and capable

model, faces challenges in RAG scenarios due to its architectural trade-offs. The study in [145] refers

that large models with extensive internal knowledge, like GPT-4o, often rely less on external retrieval,

which may hinder their ability to fully utilize RAG techniques when context integration is required.

Furthermore, the study [144] highlights that larger models may struggle with synthesizing retrieved

information effectively in certain domains, which could explain its subpar performance in tasks requir-

ing nuanced reasoning and contextual synthesis compared to smaller, more domain-optimized models

like Mistral-Small and Gemini 1.5 Flash. Additionally, the inherent design of GPT-4o may prioritize

broader generalization over specialized performance, leading to limitations in open-ended tasks such as

those in medical diagnostics. These findings collectively underscore GPT-4o’s unexpected results, as its

architectural and optimization choices can be less suited to the specific demands of your benchmark.

6.2.2 Local Models

The results for the local LLMs reveal significant variations in performance between the models tested,

highlighting differences in their capabilities to handle complex question-answering (QA) tasks. The

Phi4 model achieved the highest accuracy, with 33% in open-answer tasks and strong performance in

structured QA tasks, outperforming all other models. This demonstrates its ability to effectively retrieve
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and integrate relevant context as well as synthesize accurate responses, particularly in larger datasets

where complex reasoning is required. This superior performance is likely attributed to its larger param-

eter size (14 billion) and advanced training strategies, which enhance its capacity to process intricate

questions and contextual dependencies.

Gemma2-9b achieved a moderate accuracy of 14.6%, reflecting its competency in RAG techniques

for QA tasks. However, its performance is significantly lower than that of Phi4, suggesting limitations

in its ability to manage the complexity and breadth of the larger dataset. This could be due to a less

sophisticated architecture or limited fine-tuning for domain-specific knowledge integration.

Mistral-Nemo, demonstrated moderate performance on QA tasks, achieving a maximum accuracy

of approximately 38.3% in QA tasks. While its extended context capacity allows it to handle large

retrievals effectively, its performance remains below of models such as Phi-4. Despite its potential for

processing long contexts and 12 billion parameters, Mistral NeMo’s results suggest that it does not

fully leverage this capability to outperform other local models like LLaMA 3.2-3B in terms of accuracy,

highlighting room for improvement in its optimization for RAG tasks.

Llama3.2-3b, with only 4.4% accuracy in open-ended questions, performs poorly compared to most

local models, reflecting limitations in its ability to handle larger datasets effectively. Its small architec-

ture and reduced capacity contribute to its difficulty in retrieving and synthesizing relevant information,

especially when faced with more complex questions.

Mistral, with 4096 context window, with 9.6% accuracy in open-answer tasks, demonstrates rel-

atively modest performance, which is consistent with expectations for a smaller-scale model. In QA

tasks, achieves a maximum accuracy of 30.8%, and LLaMA 3.2-3B consistently outperforms it across

higher configurations, despite having only 3 billion parameters compared to Mistral’s 7 billion. This dis-

crepancy underscores the critical impact of context window size on performance in retrieval-augmented

tasks, as the ability to process and integrate larger amounts of retrieved information appears to outweigh

the advantage of additional parameters. The results highlight that Mistral’s limited context window is a

significant constraint.

Overall, the results suggest that larger and more advanced models, such as Phi4, are better suited to

tasks involving extensive datasets, as they can manage the computational and contextual challenges these

datasets present. In contrast, smaller models, while performing adequately in structured QA scenarios,

lack the depth and sophistication needed for open-answer tasks in complex and expansive datasets.

These findings emphasize the importance of model size, training, and optimization in achieving higher

performance in large-scale QA applications.

These results demonstrate that RAG can indeed help bridge the performance gap between smaller

models and those with much larger scales. Notably, Gemma2-9b model achieved results comparable

to the significantly larger Gemini-1.5 Flash in QA tasks, highlighting the potential of RAG techniques

to enhance the capabilities of smaller models. Moreover, the exceptional performance of Phi4, a local

model with 14 billion parameters, is particularly noteworthy. Phi4 outperformed all other models in

open-answer tests, including GPT-4-1106-preview, the top-performing service-based model in previous
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tests. This achievement highlights the potential of well-optimized local models to compete with and

even surpass service-based models when paired with robust retrieval mechanisms and domain-specific

fine-tuning.

6.3 Energy Consumption

This section provides a comparative analysis of the energy measurements collected for each model

(both service-based and local) when generating responses. The data include the number of parameters

(in billions), the estimated energy per response (in joules), and an approximate conversion to kWh per

request. Tables 5.2, 5.3 , 5.4 and 5.3 present the measurements.

At a general level, models with larger parameter counts, such as GPT-4-1106-preview (1.75 tril-

lion parameters) and GPT4o (1.37 trillion parameters), consume more energy per inference than smaller

models such as the local LLMs tested in this study. For instance, the distinction is clearly observ-

able in GPT-4-1106-preview’s energy per response of roughly 1313 versus Mistral-Small’s 147J. Al-

though there is a general correlation between parameter size and energy, the relationship is not strictly

linear—some mid-range local models (e.g., 12B vs. 14B) have similar or even slightly lower/higher

measured energy, proving that other factors (such as hardware optimizations, model architecture, or

inference batch sizes) can also affect power draw.

The results show that large commercial APIs, particularly GPT-4 variants, have substancially higher

energy footprints per request, likely due to the massive scale of underlying infrastructure and the com-

plexities of distributed inference. In contrast, local models such as phi4, LLaMa3.2 (3B), or mistral

exhibit much smaller energy usage, with around 60J per response on the most efficient GPU model.

This difference is due to their smaller parameter footprints, but these values could be even further apart

due to the possibility that local inference configurations (especially if optimized or run on specialized

hardware) could be more efficient than large-scale distributed cloud systems.

GPT-4-1106-preview and GPT4o, with parameter counts in the trillions, can yield energy consump-

tion reaching hundreds or even thousands of joules per response and although these models offer top-tier

accuracy, the energy cost per request is notably higher. Phi4 measured at 64.76J, remaining significantly

more economical in energy terms than trillion-parameter service models—roughly one to two orders of

magnitude less. The smaller local architectures have results substantially lower than their trillion-scale

counterparts.

In summary, the energy measurements underscore a major trade-off between large models, which

can consume over an order of magnitude more energy per response, and smaller local models, which are

generally far more energy-efficient but sacrifice some performance. However, the Phi4 achieved very

similar performance to the GPT-4-1106-preview models, and has significantly lower energy expenditure,

demonstrating that it is possible to maintain accuracy while reducing energy consumption. Although the

number of parameters loosely correlates with higher power usage, specific implementation details and

inference methods can significantly modulate actual consumption.
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6.4 Monetary Costs

This section analyzes the monetary costs associated with deploying LLMs, comparing GPU infrastruc-

tures suitable for local inferences against service-based or API-driven solutions. The presented data

encompass both AWS pricing (for different GPU instances under on-demand or reserved contracts) and

the projected monthly and yearly costs of invoking selected service-based models via API. The primary

objective is to identify the scenarios in which one approach may be financially more advantageous than

the other and to highlight the factors thamonetary cost differences between service-basedificant differ-

ences in monetary costs between service-based LLMs and local LLMs when scaled to varying user

numbers and timeframes. The inclusion of the NVIDIA L4 Tensor Core GPU (64GB) in the evaluation

provides a important context, as it represents the minimum hardware requirement necessary to run the

largest local model, Phi4, due to its substantial memory needs.

Service-based models like GPT-4o and GPT-4-1106-preview exhibit a linear cost increase propor-

tional to the number of users. However, GPT-4-1106-preview’s pricing escalates significantly faster

than GPT-4o, making it the most expensive option across all timeframes, especially at scale. This high

cost reflects its advanced architecture and high compute demands, optimized for premium performance.

Over three years with 5,000 users, the cumulative costs of GPT-4-1106-preview approach $1,000,000,

demonstrating the financial costs of relying on such models for large-scale deployment.

Local models, when hosted on AWS using the NVIDIA L4 GPU, offer a scalable cost structure that

remains competitive for larger user bases. The GPU costs in AWS hosting remain substantially lower

than the costs of GPT-4-1106-preview for long-term, high-scale deployments. For example, Phi4, the

largest local model in the comparison, requires the memory capacity of the NVIDIA L4 GPU 64GB but

still incurs lower costs than GPT-4-1106-preview when scaled to thousands of users over multiple years.

However, reliance on cloud-hosted infrastructure for local models introduces recurring operational costs,

narrowing the cost advantage over time compared to local hardware ownership.

High-Volume, Long-Term Scenarios
For scenarios involving large user bases or continuous high throughput, such as 5,000 users making

10 queries daily, the costs associated with service-based models like GPT-4-1106-preview can become

prohibitive, reaching over $1,000,000 per year. In such cases, hosting a local model like Phi4 on an

AWS NVIDIA L4 instance becomes a more viable option. Although the initial or monthly costs for

GPU infrastructure may seem high, they remain predictable over time and can be amortized with con-

sistent use. These setups also allow for better control over operational costs as the user base scales.

Low-Volume, Short-Term Scenarios
When the query volume is low or sporadic, API-based solutions such as GPT-4o or GPT-4-1106-

preview are more cost-effective due to their pay-per-call pricing model. These services eliminate the
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overhead of idle GPU costs. For example, if the user base consists of fewer than 1,000 users or has ir-

regular activity, the total yearly cost of service-based models remains manageable compared to the fixed

costs of hosting local models.

Mid-Volume, Moderate Growth Scenarios
For moderate user bases (2,000 to 3,000 users) with steady but not overwhelming growth, local

models like Phi4 or Mistral-Small remain a strong choice. Although these models require infrastruc-

ture investments, such as AWS-hosted NVIDIA GPUs or on-premises hardware, they offer predictable

scaling costs and greater control over operations. Local hosting avoids the exponential cost increases

of API-based models as the user base grows while ensuring data remains under control. Additionally,

with moderate demand, local models can handle workloads without incurring idle costs, making them a

cost-efficient solution in these scenarios.

Healthcare and Compliance-Critical Scenarios
In domains such as healthcare, where patient confidentiality and regulatory compliance are paramount,

hosting local models like Phi4 becomes the most suitable option. This setup ensures that data remain

under direct control, mitigating risks associated with transferring sensitive data to external API-based

services. Additionally, local hosting allows better handling of peak usage scenarios, such as hospital

systems encountering spikes during emergencies, without incurring unexpected API costs or risking

compliance violations.

6.5 Medical LLMs vs General LLMs

One of the goals of this dissertation is to compare the performance of medical LLMs and general-

purpose LLMs, particularly in the context of RAG. Studies such as [146] have systematically explored

the adaptation of general LLMs to the medical domain, highlighting the methodologies and challenges

involved in this specialization. Additionally, [147] has also evaluated the efficacy of RAG in enhanc-

ing the performance of LLMs on medical question-answering tasks, providing insights into how both

medical-trained and general-purpose models leverage external knowledge sources.

In this study, the application of RAG with medical-trained local LLMs proved unfeasible. Specif-

ically, the Meditron 7B model consistently failed to generate responses, resulting in null outputs. This

behavior may be attributed to limitations in its training data or architecture, which make its ability to

process and retrieve relevant information not very effective. Similarly, the MedLLaMA 2 model did not

adhere to the provided prompts, leading to responses that were misaligned with the intended instructions

and rendering the evaluation process ineffective. These issues underscore the challenges inherent in de-

ploying medical-trained LLMs within a RAG framework, particularly concerning their responsiveness

and alignment with user prompts.
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In conclusion, while medical-trained LLMs hold promise for specialized applications, their inte-

gration into RAG systems presents significant challenges. Future work should focus on improving the

training methodologies and architectural designs of these models to ensure their effective deployment in

RAG-based applications within the medical domain.

6.6 Trade-Offs between Local and Service Models

This section provides a discussion of how model performance, financial cost, and energy consumption

interact when comparing locally hosted LLMs versus service-based solutions, highlighting the primary

trade-offs, particularly relevant in highly regulated sectors such as healthcare.

6.6.1 Performance vs. Financial Costs

Although models like Gemini-1.5 Flash offer notably low operational costs compared to other LLMs,

their performance in open-answer tasks, achieving only 0.2% accuracy, makes them unsuitable for medi-

cal applications. In scenarios requiring accurate, contextually rich, and domain-specific responses, such

as medical question-answering, the extreme limitations of Gemini-1.5 Flash undermine its utility, re-

gardless of its affordability. For healthcare solutions, where precision and reliability are critical, the

trade-off between cost and performance is untenable in this case.

In contrast, higher-performing models like GPT-4-1106-preview deliver exceptional accuracy in

open-answer tasks (32%) but at a significant financial cost, particularly in high-volume scenarios. Its

pay-per-request structure, while convenient for low-usage scenarios, results in costs that can exceed

$1,000,000 annually for large-scale deployments. This makes it a premium option best suited for appli-

cations where budget constraints are secondary to performance needs. Phi4 achieved the highest accu-

racy (33%) in open-answer tasks, demonstrating the potential to rival top-tier service-based APIs while

offering predictable costs when hosted on infrastructure like AWS’s NVIDIA L4 Tensor Core GPUs.

Although the operational costs for running Phi4 are higher than Gemini-1.5 Flash, its superior accuracy

justifies the expense, particularly in medical use cases where response quality directly impacts outcomes.

Mid-range local models such as Gemma2-9B strike a balance between cost and performance, offering

reasonable accuracy and the ability to run on less resource-intensive GPU instances. This makes them a

viable option for applications with moderate performance requirements and continuous usage patterns.

However, their accuracy still trails larger commercial APIs, which may limit their suitability for more

demanding medical tasks. Lastly, smaller API-hosted models such as Mistral-Small provide cost savings

for applications with lower performance thresholds, but although affordable, these models may not meet

the accuracy requirements of domains such as healthcare, where errors in understanding or generating

responses have significant consequences.

The choice between models must carefully weigh performance against costs, especially for medical

applications where accuracy and reliability are non-negotiable. Phi4 emerges as a strong contender due

to its superior performance and predictable cost structure. For organizations prioritizing affordability,
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smaller models like Mistral-Small may suffice for less critical tasks, but for high-stakes scenarios, the

investment in higher-performing models such as GPT-4 variants or optimized local LLMs is justified.

6.6.2 Performance vs. Energy Cost

Balancing performance and energy consumption is a critical consideration when selecting lLLMs for

medical applications. Service-based models such as GPT-4-1106-preview deliver exceptional accuracy

(32% in open-answer tasks) but come with a high energy cost of 13,314.4 Joules per response. Similarly,

GPT-4o, while slightly less accurate and more efficient at 10,418.8 Joules per response, still exhibits sig-

nificant energy demands. These values highlight the trade-off between the state-of-the-art performance

offered by large-scale service models and the substantial environmental and operational costs associated

with their energy usage.

In comparison, local models such as Phi4 achieve similar or even superior performance (33% accu-

racy) while being much more energy efficient. With an energy consumption of only 86.08 Joules per

response, Phi4 consumes approximately 155 times less energy than GPT-4-1106-preview per request.

This positions Phi4 as a highly attractive option for high-performance, energy-conscious applications.

Other local models like Gemma2-9B and Mistral Nemo strike a balance, consuming 68.24 Joules and

66.71 Joules per response, respectively, while providing adequate performance for moderate workloads.

However, smaller local models like Llama3.2-3b, with energy consumption as low as 2.26 Joules per

response, excel in energy efficiency but are unsuitable for high-stakes medical tasks due to their signifi-

cantly lower accuracy and reliability.

High Performance vs. High Energy
GPT-4-1106-preview dominates in accuracy but imposes a heavy energy burden, making it optimal

for critical tasks where cost and energy efficiency are secondary considerations.

Balanced Performance and Energy
Models like Phi4 deliver competitive accuracy while maintaining significantly lower energy con-

sumption, making them a compelling choice for organizations that prioritize sustainability alongside

performance.

Energy Efficiency vs. Accuracy
Smaller local models, such as Llama3.2-3b and Mistral 7B, offer unparalleled energy efficiency but

sacrifice the performance needed for complex medical tasks, limiting their applicability to less critical

scenarios.

The trade-off between performance and energy consumption is evident across the spectrum of LLMs.

Service-based models provide optimal accuracy but come at the cost of high energy usage, making them

suitable only for scenarios where performance outweighs all other factors. Phi4 offer a near-optimal bal-

ance, excelling in both accuracy and energy efficiency, making it ideal for sustainable, high-performance
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deployments. For lower-stakes or resource-constrained environments, smaller local models such as

Llama3.2-3b may suffice, provided the reduced accuracy aligns with the application requirements.

6.6.3 Conclusions

Local LLMs are preferable for cases of large-scale and high-intensity usage, with continuous high-

volume workloads justify the upfront investment, as cost per request and energy usage might stabilize at

manageable levels. Moreover, healthcare settings dealing with sensitive patient data must opt for local

solutions to minimize legal complexities, even if it entails higher operational overhead. Service LLMs

are suitable for sporadic or low-volume usage, and the pay-per-request model can be more cost-effective,

sparing the expense of idle GPU cycles. Ultimately, the optimal choice between local and service-based

LLMs depends on the intersection of performance needs, budget availability, energy considerations, and

compliance obligations. In the healthcare context, privacy concerns tilt the balance toward on-premises

solutions, but the feasibility also depends on whether usage levels and the required accuracy threshold

justify resource investments.



Chapter 7

Conclusions and Future Work

This chapter concludes this dissertation by reviewing and addressing the research questions originally

outlined. Then it summarizes the main contributions of this research, highlighting its importance and

potential impact on the field. Finally, the chapter explores the prospects for future directions, presenting

opportunities for research and advancement based on the foundations established in this work.

7.1 Research Questions

This study was guided by three primary research questions aligned with the proposed hypothesis. The

subsequent paragraphs provide a detailed reflection on each of these questions.

• RQ1: How can RAG be effectively integrated with smaller local LLMs to enhance their per-
formance in healthcare applications, achieving results comparable to larger service-based
models?

Our experiments indicate that RAG substantially improves the relevance and accuracy of re-

sponses generated by smaller local LLMs when addressing healthcare-related queries. By cou-

pling these models with a specialized knowledge base, containing curated medical literature,

guidelines, and contextual patient data, the LLM’s outputs become more domain-specific and

less prone to hallucinations. Crucially, this integration minimizes the need for exhaustive param-

eter scaling. In our evaluation, Phi4, when combined with efficient retrieval layers, approached

the accuracy ranges of GPT-4-1106-preview services in open-answer tasks. Optimizing the search

and rerank parameters further aligned local LLM performance with larger service-based counter-

parts. As a result, the synergy between the generative capabilities of a smaller LLM and a robust

RAG subsystem proved to be a viable way to match, or at least closely approximate, the outputs

of more extensive commercial APIs in medical question-answer scenarios.

• RQ2: How do medical-specialized LLMs perform compared to general-purpose LLMs in
addressing healthcare-specific tasks?

84
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In tasks requiring domain-specific knowledge and understanding of medical terminology, medical-

specialized large language models have been observed to perform effectively [90]. However, in

RAG settings, this study identified limitations in medical local LLMs, such as the Meditron 7B

model, that consistently failed to generate responses, likely due to gaps in its architectural de-

sign or retrieval mechanisms, resulting in null outputs. Similarly, MedLLaMA 2 demonstrated

an inability to follow prompts, producing responses misaligned with evaluation criteria, thus ren-

dering it ineffective for healthcare-specific RAG tasks. In contrast, general-purpose models like

GPT-4-1106-preview or Phi4, when paired with robust RAG frameworks, achieved high accuracy,

showcasing their ability to integrate retrieved knowledge effectively for complex medical tasks.

While medical-specialized LLMs can excel in static, domain-specific tasks, their performance

in dynamic, retrieval-dependent applications like RAG is limited, especially when compared to

well-optimized general-purpose models.

• RQ3: Do local LLMs offer significant reductions in monetary costs and energy consumption
compared to large, service-based LLMs when used in healthcare settings?

The cost and energy analyses confirm that local LLMs, especially Phi4, can be run at substantially

lower monetary and energy overhead than the trillion-parameter, service-based solutions. Under

high-volume scenarios (e.g., thousands of daily patient queries), the total cost of API-based mod-

els such as GPT-4 scales sharply. Local deployment became more economical over time given

consistent usage. From an energy standpoint, measured joules per inference were markedly lower

for local models. In real-world healthcare environments, where budget constraints and strict data

privacy regulations are critical, these values can be pivotal. Hence, for many use cases requir-

ing high throughput, local solutions not only reduce long-term operational costs but also enable

stricter control over data security, aligning well with standard privacy mandates.

The results of this study provide evidence in support of the hypothesis that the integration of RAG

with local, smaller-scale language models can achieve performance levels comparable to larger, service-

based LLMs in healthcare applications. Throughout tasks such as multiple-choice QA and open-ended

questions, local models, exemplified by Phi4, under optimized RAG configurations, demonstrated com-

petitive accuracy compared to larger models such as GPT-4o. Moreover, the ability of these smaller

models to effectively process extensive retrieval outputs, despite having significantly fewer parameters,

underscores their suitability for addressing complex, domain-specific tasks. In addition to performance,

the study underscores the considerable advantages offered by local models in terms of monetary and

energy efficiency, as well as data privacy. Using local infrastructure, these models eliminate the depen-

dency on external APIs, reducing operational costs associated with service-based solutions. Further-

more, their smaller-scale architecture inherently consumes less energy, aligning with sustainable com-

putational practices. Critically, the use of local models ensures that sensitive healthcare data remains

within secure and localized environments.
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7.2 Main Contributions

• Demonstration of Feasibility for Local LLMs

The dissertation provides evidence that smaller, local language models, when combined with

retrieval-augmented generation pipelines, can closely approximate, and in some cases match, the

performance of larger, service-based models on healthcare-related tasks. This finding underscores

the viability of on-premises AI solutions where data privacy and compliance considerations are

paramount.

• Comprehensive Cost and Energy Assessment

The dissertation analyzes the monetary and energy implications of deploying local versus service-

based LLMs. The findings highlight significant trade-offs and demonstrate the potential for sub-

stantial cost savings and reduced energy consumption when organizations adopt local hosting

strategies, especially for high-volume use cases.

• Guidance on Parameter Tuning and Trade-Offs

Through experimentation with search and rerank parameters of our RAG pipeline, the research

identifies diminishing returns beyond certain thresholds, providing recommendations for balanc-

ing accuracy with resource expenditure, crucial for scalable, real-world applications.

• Foundational Insights for Healthcare Applications

Recognizing the stringent regulatory and ethical frameworks surrounding patient data, this disser-

tation offers a roadmap for leveraging local LLMs to ensure robust privacy protections without

excessively compromising on performance. This contributes to safer and more compliant AI im-

plementations in medical and clinical contexts.

7.3 Future Work

This section presents possible directions for research and development that emerged during the course

of this work. Although the results obtained have demonstrated the potential of smaller language models,

some limitations and open questions indicate the need for further investigation.

This study focused on a specific set of models, so it is advisable to conduct experiments with a

broader scope of architectures, including recently launched models and leaner or more robust variants.

In this way, it will be possible to identify more precisely which local architectures can present the best

relationship between performance, operating cost and suitability for the healthcare sector.

Given the relevance of specialized domains in medical practice, further fine-tuning of local models is

suggested, employing even more detailed medical datasets (anonymized clinical records and specialized

academic libraries). Moreover, pre-training smaller architectures with high-quality data and medical
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curation may be a promising way of improving the adherence of these models to clinical protocols,

standardized terminologies and regulatory guidelines.

Although RAG approach has demonstrated benefits in the quality and relevance of responses, there

remains a need to evaluate other RAG parameters, such as document indexing variations. Further studies

can clarify whether alternative configurations can increase accuracy, reduce response time or improve

generalization capacity in more complex clinical scenarios.

The energy measurements mentioned were based on estimations, due to the lack of information

on deployment infrastructures and LLMS service parameters, so further explorations on more accurate

values could be pursued. Such improvements could provide more reliable and robust estimates of the

environmental impact of different inference configurations.
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