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ABSTRACT
This paper presents the development and evaluation of a chatbot
designed to consult documents written in Portuguese on regula-
tory procedures in a hospital environment, which uses a Retrieval-
Augmented Generation (RAG) pipeline to increase the factual accu-
racy and relevance of its underlying Large Language Model (LLM).
Using the RAG technique will allow for more efficient and accu-
rate retrieval of information contained in hospital manuals and
institutional documents, helping workers quickly access internal
guidelines and procedures. The objective is to optimize each system
component (retrieval, re-ranking, and generation) to analyze the
impact of each step in developing a RAG system for a low-resource
language such as Portuguese. The methodology can be divided into
the following stages: (1) the Golden Set Preparation, formed by a
set of questions and answer data; (2) comparison of three embed-
ding models for initial retrieval and of three re-ranking methods,
including Cross-Encoder, Reciprocal Rank Fusion (RRF), and an
LLM-based re-ranker, using metrics such as MRR, NDCG@10; and
(3) comparison of two generative models (Gemini 1.5 Flash and
GPT-4o-mini), using the metric BERTScore. The results indicate
that the intfloat/multilingual-e5-small embedding model minimizes
retrieval failures. In the re-ranking stage, the LLM-based re-ranker
achieved the highest ranking accuracy, yet the computationally
lighter RRF method emerged as an excellent cost-effective alterna-
tive. We conclude that an optimized architecture for both efficiency
and performance combines the intfloat embedding, the RRF re-
ranker, and the Gemini generator.
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1 INTRODUCTION
The recent advancement of large language models (LLMs) has trans-
formed the way we interact with textual information, enabling fast
and accurate responses to complex questions. This evolution has
expanded the potential use of large document repositories in tasks
such as legal and academic research, technical support, and the
consultation of institutional regulations [6, 20]. In this context,
traditional information retrieval techniques, previously employed
primarily in search engines, have been integrated with generative
models, resulting in more robust and effective architectures for
document reading and comprehension [23].

However, despite the advancements in LLMs, there are still signif-
icant limitations that affect their reliability, such as hallucinations
[13, 22]. Furthermore, these models operate with static knowledge,
restricted to the data available during training, making them un-
suitable for constantly evolving contexts. Their inability to perform
accurately in highly specialized domains, such as the medical or
hospital sectors, combined with the high computational cost as-
sociated with model retraining for knowledge updates, presents
substantial barriers to these systems’ safe and scalable adoption.

One of themost promising approaches in this context is Retrieval-
Augmented Generation (RAG), which enhances response genera-
tion by incorporating information from relevant external sources
[4, 28]. This mechanism helps mitigate limitations related to mem-
ory constraints or outdated knowledge by enabling dynamic queries
to external knowledge repositories.

A RAG architecture is generally composed of two main modules
widely recognized in the literature [8, 14]:

• Retrieval Component: Part of the system responsible for
retrieving relevant information from a large corpus of docu-
ments or knowledge sources.

• Generation Component: Part responsible for producing a
natural language response based on previously retrieved
information.

In this context, Fan et al. [11] highlights that the retrieval compo-
nent can have two types of retrievers: sparse and dense. According
to the authors, sparse retrievers (such as TF-IDF) rely on keywords
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and are simpler, while dense retrievers (such as BERT) use mean-
ing (semantics) to allow for more flexible search. Information is
usually retrieved in fragments (chunks), as this approach offers the
best balance between efficiency and relevance [17]. Regarding the
generation component, if the model is white-box (open-source), it
can be fine-tuned and trained with specific data. If it is black-box
(proprietary), optimization is performed through prompt engineer-
ing, injecting the retrieved context directly into the query to guide
the response generation.

The generation step depends on the retrieval component, as in-
adequate context may lead to incorrect final answers. Therefore,
this study emphasizes the importance of evaluating the retrieval
stage within an RAG system. Moreover, the literature highlights a
predominance of RAG systems developed for the English language,
revealing that the architecture still faces significant challenges in
low-resource languages such as Portuguese [3, 7]. These challenges
include the scarcity of high-quality embeddings trained in Por-
tuguese, the limited availability of public benchmarks and datasets,
and linguistic particularities affecting retrieval and generation pro-
cesses.

In light of this, the present work proposes a systematic eval-
uation of an RAG system applied to institutional documents in
Portuguese, aiming to understand the impact of technical choices
on overall performance and to contribute practical evidence to
support the adoption of this approach in specialized domains and
underrepresented languages.

To this end, we develop an RAG system for querying informa-
tion related to procedures and tasks within a hospital setting. A
Portuguese question-answering dataset was created through hu-
man curation, based on normative documents such as manuals and
Standard Operating Procedures (SOPs), which describe routines
and responsibilities across hospital departments. This study focuses
on the quantitative analysis of the components involved in the re-
trieval stage, intending to inform the development of more effective
solutions in domains with high specialization and limited linguistic
resources.

This paper is organized as follows: Section 2 presents the related
works. Section 3 describes the proposed methodology, divided into
four main stages. Section 4 presents and discusses the obtained
results. Finally, Section 5 provides the conclusions and outlines
directions for future work.

2 RELATEDWORKS
The literature on RAG is predominantly focused on the English
language. In this section, we review studies that explore the applica-
tion of RAG and conversational systems in low-resource languages,
with particular attention to the use of different evaluation metrics.

An important step in the development of RAG systems is the
quantitative evaluation of information retrieval. For instance, the
study by [21] employs Mean Average Precision (MAP) and Mean
Reciprocal Rank (MRR) to assess the overall system performance.
The work of Wijaya and Purwarianti [26], which focuses on a tutor-
ing system for programming, uses only the MAP metric to evaluate
the impact of different chunk sizes on retrieval performance. Simi-
larly, the study by Nai et al. [19] adopts the NDCG@10 (Normalized

Discounted Cumulative Gain) metric to conduct an extensive com-
parison of retrieval effectiveness across multiple embedding models,
including BM25, Cohere, and various OpenAI models. A good met-
ric for evaluating ranked results should be able to calculate how
many relevant documents were retrieved and how close they are to
the top of the ranking. The MRR metric used in the studies, which
calculates the inverse of the position of the first relevant document,
is a good example. This is also true in some cases where it’s impor-
tant to differentiate a highly relevant document from marginally
relevant documents. In these cases, the NDCG can be used, which is
based on the idea that highly relevant documents are more valuable
than marginally relevant ones, and both are more valuable if they
appear at the top of the ranking.

Despite the diversity of metrics and analytical focuses, a com-
mon point among these studies is the absence of a re-ranking step.
The re-ranking mechanism is used to refine the results of the in-
formation retrieval step by leveraging dense models or specialized
classifiers, with the goal of improving the selection of the most
relevant documents to be submitted for final answer generation.
Studies such as Yang et al. [27], Magar et al. [16], and Shen et al.
[24] demonstrate that incorporating a re-ranker can substantially
improve the accuracy of generated responses by ensuring that only
the most relevant passages are included in the context provided to
the generative model.

In Dieu et al. [9], re-ranking is performed using a BERT cross-
encoder model, which evaluates and prioritizes the chunks before
the answer generation step. However, the study does not quan-
titatively evaluate this effect on answer generation metrics. For
example, the study by Alonso et al. [2] introduces MedExpQA, a
multilingual benchmark for evaluating language models in Medical
Question Answering (Medical QA) tasks. The system applies the
Reciprocal Rank Fusion (RRF) technique to combine and re-rank
the lists of candidates retrieved by multiple retrievers (BM25 and
MedCPT). Nevertheless, the authors do not assess the specific im-
pact of this technique on retrieval quality, which limits our ability
to understand the direct effect of this method on the quality of
generated answers.

Similarly, the study by Alshammary et al. [3], which proposes
a Question Answering (QA) system for the Arabic language, also
incorporates a filtering and fact-checking process that functions
as an implicit re-ranking mechanism, selecting the most relevant
documents ("Gold Hadiths") for answer generation. However, the
study does not provide a metric-based analysis of the effectiveness
of this refinement step.

On the other hand, some studies align more directly with our
research proposal by employing re-ranking techniques and quanti-
tatively evaluating their effects on both the retrieval and generation
stages. The studies by Aguzzi et al. [1] and Hernandez-Salinas et al.
[12] implement an architecture based on an Ensemble Retriever,
which combines different retrieval strategies to obtain relevant doc-
uments. Both works integrate the results of a sparse search (BM25)
with those of a dense vector search using Reciprocal Rank Fusion
(RRF) to re-rank the final list of documents. The effectiveness of this
approach is evaluated in both cases using the RAGAS framework,
focusing on metrics such as Context Precision and Context Recall.

These studies highlight the growing importance of re-ranking
as an optimization step within the RAG pipeline, as well as the
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relevance of evaluating the retrieval stage to validate system per-
formance. It is important to note, however, that a gap remains in
the application and evaluation of such systems within the specific
domain of hospital procedures, a niche that the present work aims
to explore.

3 METHODOLOGY
Our methodology can be broadly divided into the following stages:
Golden Set Preparation, Embedding Evaluation, Re-ranking Evalu-
ation, and Answer Generation Evaluation. The flowchart presented
in Figure 1 illustrates the basic pipeline of the implemented method-
ology for the RAG system.

3.1 Golden Set Preparation
In the Golden Set preparation phase, internal normative 76 docu-
ments were selected from four specific hospital departments: the
Occupational Health andWorker Safety Unit, the Human Resources
Division, the Hospital Infection Control Service, and the Teaching
and Research Management Department [10]. Based on these doc-
uments, 90 question–answer pairs were automatically generated
using the Gemini 1.5 Flash model, drawing from chunks of up to
1000 tokens from the original texts. The purpose of using document
segments for question generation was to produce more focused
and less generic questions, as well as to increase the number of
questions per document.

Followingmanual review, 74 question–answer pairs were deemed
valid and used as the foundation for all subsequent evaluation stages.
The Table 1 shows 3 examples of questions and answers generated.

After generating the golden set, the documents needed to be
divided into smaller segments to facilitate representation during
the retrieval stage. This step involved splitting the documents into
chunks of approximately 100 tokens, with the cut defined to occur
at the next full stop in order to preserve the semantics and syntax of
each chunk [15]. This strategy proved to be the best among others
tested, such as creating chunks per line or page, because 100 tokens
represent approximately a paragraph, which is typically the amount
of text required to obtain a response for this type of document
used in the experiment. To enrich the information available to the
language model, the full text of the page from which each chunk
originated was also stored in a dedicated column in the database.

The next step was to manually identify the chunks containing
the answers to the 74 golden questions. This way, each question was
linked to the chunk ID with the corresponding correct answer in
the retrieval vector database, ensuring the system could accurately
identify the related content.

3.2 Embedding Evaluation
In this stage, three embedding models were tested to convert both
text chunks and questions into high-dimensional vector represen-
tations. The evaluated models were: all-MiniLM-L6-v2, paraphrase-
multilingual-MiniLM-L12-v2, and intfloat/multilingual-e5-small.
This transformation is essential for storing and performing seman-
tic searches. To retrieve information, cosine similarity was em-
ployed to calculate the similarity between the question embedding
and the embeddings of the document chunks stored in the database
[25]. The quality of retrieval was measured using two key ranking

metrics: Mean Reciprocal Rank (MRR), which evaluates the position
of the first correct result, and Normalized Discounted Cumulative
Gain at 10 (NDCG10), which assesses the overall ranking quality of
the top-10 results.

In this step, for each embedding model evaluation, chunks of
approximately 100 tokens were generated and stored in the database
along with their vector representations. Afterward, each model was
subjected to an evaluation of the 74 golden questions, where the
cosine similarity between the question and chunks was measured,
resulting in the selection of the 100 best-ranked chunks. Finally, the
position of the chunk database ID with the response was evaluated
using MRR and NDCG@10 analysis. The evaluation pipeline is
shown in Figure 2.

Figure 2: Pipeline Embedding Evaluation.

3.3 Re-ranking Evaluation
Considering that using 100 chunks in the context results in high
token consumption, it is essential to adopt a re-ranking mechanism
capable of refining the prioritization of the most relevant chunks.
This approach makes it possible to limit the number of chunks
submitted to the LLM, while increasing the likelihood of including
the chunk containing the correct answer in the final context.

In the reclassification phase [18], the three embedding models
were tested for initial retrieval, but with the application of the
re-ranking model, the results were very similar. Therefore, this ar-
ticle presents only the results with the best-performing embedding
model from the previous step. To assess the impact of re-ranking on
retrieving the correct document for a given question, three methods
were compared for re-ranking the top 100 initially retrieved chunks.
In this phase, MRR and NDCG@10 were again used as evaluation
metrics.

• Cross-Encoder, which processes the question and chunk
jointly to perform a deeper relevance analysis;

• Reciprocal Rank Fusion (RRF), a hybrid approach that com-
bines rankings from semantic and lexical searches (BM25);

• LLM-based Re-ranker, which leverages Gemini to re-rank
candidate chunks through a structured prompt.

In the same way as the previous stage, the three re-ranking
models were submitted to the 74 gold questions to observe which
one presented the best positioning of the chunks with the answer
to each question. A pipeline for this evaluation step is shown in the
figure 3.
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Figure 1: Methodology Flowchart. Diagram of the RAG pipeline architecture, highlighting data flow, evaluation stages, and
performance metrics for each component.

3.4 Answer Generation Evaluation
The final phase focused on the actual generation of responses, based
on the retrieved and re-ranked documents. At this stage, for each
of the 74 questions, the 50 best-ranked chunks after applying the
RRF re-ranking model were selected and sent along with a guid-
ance prompt for the LLM to answer the question. To this end, we
evaluated the quality of the responses by comparing the perfor-
mance of two state-of-the-art language models: Gemini 1.5 Flash
and GPT-4o-mi. The final answers were assessed by calculating the
semantic similarity between the system-generated response and
the reference answer using BERTScore (F1-Score) [5].

Figure 3: Pipeline Embedding Evaluation.
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Table 1: Example questions and answers

Question Answer
Quais escalas são utilizadas para avaliar o risco
de quedas em pacientes adultos e crianças, re-
spectivamente, e como são identificados os pa-
cientes adultos com risco alto de quedas?
(What scales are used to assess the risk of falls
in adult and child patients, respectively, and how
are adult patients at high risk of falls identified?)

Para crianças é utilizada a Escala Humpty Dumpty e para os adultos a Morse Fall Scale
(MSF). Os pacientes adultos, que apresentem Risco Alto para quedas são identificados
com uma pulseira amarela.
(The Humpty Dumpty Scale is used for children and the Morse Fall Scale (MSF) for adults.
Adult patients at high risk for falls are identified with a yellow bracelet.)

De acordo com o documento, qual a solução re-
comendada para a nebulização em caso de coleta
de escarro induzido, especificando a composição
e advertindo sobre uma possível substância a
ser evitada?
(According to the document, what is the recom-
mended solution for nebulization in case of in-
duced sputum collection, specifying the composi-
tion and warning about a possible substance to
be avoided?)

Preparar a solução salina 3% (5 ml de Soro Fisiológico 0,9% + 0,5 ml de NaCl 20%) e
realizar nebulização durante 15 minutos. Não utilizar solução preparada com água
destilada e NaCl devido ao risco de broncoespasmo.
(Prepare the 3% saline solution (5 ml of 0.9% Saline + 0.5 ml of 20% NaCl) and nebulize for
15 minutes. Do not use a solution prepared with distilled water and NaCl due to the risk of
bronchospasm.)

Quais são os Equipamentos de Proteção Indi-
vidual (EPIs) obrigatórios para manipulação de
quimioterápicos, especificando o tipo de luva e
o número de pares necessários?
(What are the mandatory Personal Protective
Equipment (PPE) for handling chemotherapy
drugs, specifying the type of glove and the num-
ber of pairs required?)

Avental cirúrgico com proteção contra produtos químicos; Luvas para proteção química
(exceto durante uso de soluções como álcool, clorexidina e outras de atividades médicas
assistenciais); Luvas de procedimento (durante atendimento com uso de soluções como
álcool, clorexidina, administração de quimioterápicos e outras atividades médicas assis-
tenciais, exceto para higienização de mãos); Luvas cirúrgicas (dois pares).
(Surgical apron with protection against chemicals; Gloves for chemical protection (except
during the use of solutions such as alcohol, chlorhexidine and other medical assistance
activities); Procedure gloves (during care using solutions such as alcohol, chlorhexidine,
administration of chemotherapy and other medical assistance activities, except for hand
hygiene); Surgical gloves (two pairs))

4 RESULTS AND DISCUSSION
This section presents the results obtained from the experiments
described in the methodology, followed by a comparative analysis
and discussion of their implications.

4.1 Embedding Model Performance in Initial
Retrieval

The evaluation of the initial retrieval stage is critical, as a failure
to retrieve the correct document at this point prevents the system
from providing an accurate answer—regardless of the effectiveness
of subsequent stages. The comparative analysis of the three em-
bedding models revealed a substantial disparity in their robustness.
The intfloat/multilingual-e5-small model demonstrated clear supe-
riority, failing to retrieve the correct chunk for only 1 out of the 74
questions (1.4%). In contrast, the paraphrase-multilingual-MiniLM-
L12-v2 model showed a failure rate of 8.1% (6 questions), while
the baseline model, all-MiniLM-L6-v2, failed in 9.5% of the cases (7
questions).

This superiority was further supported by the quantitative anal-
ysis of the Mean Reciprocal Rank (MRR) metric, which evalu-
ates the position of the first correct result. As shown in Table 2,
intfloat/multilingual-e5-small achieved a mean MRR of 0.6662, con-
siderably higher than the scores of the other two models, both
around 0.52. Even more telling is the median value, which was 1.0

for intfloat/multilingual-e5-small, indicating that in more than half
of the queries, the correct answer was ranked at the very top.

Table 2: MRR metric statistics by model

Model Average Median Freq MRR = 1 (%)

all-MiniLM-L6-v2 0.5225 0.5 40.5405
paraphrase 0.5200 0.5 40.5405
infloat 0.6662 1.0 58.1081

Beyond the position of the first correct result, the overall rank-
ing quality was assessed using the NDCG@10 metric. The results
of this analysis, presented in Table 3, further reinforce the advan-
tage of the intfloat/multilingual-e5-small model, which achieved a
mean NDCG@10 score of 0.6782, outperforming both paraphrase-
multilingual-MiniLM-L12-v2 (0.5625) and all-MiniLM-L6-v2 (0.5445).

Given these results, the choice of intfloat/multilingual-e5-small
is justified not only by its ability to minimize critical retrieval fail-
ures but also by its greater effectiveness in positioning relevant
documents at the top of the list, as demonstrated by the MRR and
NDCG@10 metrics. Therefore, this model was selected as the basis
for all subsequent evaluations.
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Table 3: NDCG@10 metric statistics by model

Model Average Median
Freq
NDCG@10 = 1
(%)

all-MiniLM-L6-v2 0.5445 0.6309 36.4865
paraphrase 0.5625 0.6220 37.8378
infloat 0.6782 1.0000 52.7027

4.2 Comparative Analysis of Re-ranking
Methods

After defining the most effective embedding model, the research
focused on optimizing the re-ranking step. In this phase, the 100
most relevant chunks retrieved by the initial search were reordered
using three distinct methods: a Cross-Encoder model, the hybrid
Reciprocal Rank Fusion (RRF) method, and a re-ranking approach
with the Gemini LLM. The Mean Reciprocal Rank (MRR) metric
analysis revealed a clear performance hierarchy, as shown in Table
4. The Gemini Re-ranker proved to be the most potent method,
achieving the highest average MRR, with 0.8612, and the highest
frequency of perfect hits (MRR=1), securing first place. The RRF
method also demonstrated notably strong performance, with an
average MRR of 0.7857.

Table 4: MRR metric statistics by reordering model

Model Average Median Freq MRR = 1 (%)

CrossEncoder 0.6584 1.0 54.0541
RRF 0.7857 1.0 67.5676
Gemini 0.8612 1.0 78.3784

To provide a more granular analysis of per-query performance,
the heatmap in Figure 4 visualizes the MRR scores for each of the
74 questions across the three evaluated models. Dark blue indicates
a perfect score of 1.0, while lighter colors (green and yellow) repre-
sent progressively lower scores. This visualization reinforces the
conclusions drawn from the statistical analysis.

The heatmap shows that the CrossEncoder model performs well
on several questions, but in some columns, the MRR drops consid-
erably (lighter tones), indicating more unstable results. The RRF
model also performs consistently well on most questions, often dark
(MRR=1), with slight fluctuation. The Gemini Re-ranker model, on
the other hand, presents several dark columns, indicating good
performance (MRR=1) on many questions.

Additionally, the quality of the ranking was further evaluated
using the NDCG@10 metric. As shown in Table 5, the results con-
firm the superiority of the Gemini-based re-ranker, which achieved
a mean NDCG@10 score of 0.8826. The RRF method followed with
a strong performance, reaching a mean of 0.8157, once again out-
performing the Cross-Encoder, which obtained a lower average of
0.6906.

The discussion of these results allows us to conclude that Re-
ranker with the Gemini model is the technically superior choice for

Table 5: NDCG@10 metric statistics by reordering model

Model Average Median Freq NDCG@10 = 1 (%)

CrossEncoder 0.6906 0.9599 50.0000
RRF 0.8157 1.0000 64.8649
Gemini 0.8826 1.0000 75.6757

maximizing ranking accuracy, benefiting from LLM’s advanced rea-
soning capabilities to capture contextual nuances. However, RRF’s
impressive performance is one of the most relevant findings of
this study. Being a computationally lighter and more straightfor-
ward method, its ability to outperform a sophisticated approach
like Cross-Encoder positions it as an excellent cost-effective alter-
native for practical applications, where factors such as latency and
computational cost are critical.

4.3 Response Generation Quality Assessment
The final phase of the RAG system evaluation focused on the se-
mantic quality of the response actually delivered to the user. This
analysis was divided into two sequential investigations: first, the
impact of the reordering method on response quality and, second,
a direct comparative analysis between different state-of-the-art
language models.

a) Impact of Reordering Method on Response Quality
A central question in RAG system architecture is whether the

superiority of a reordering method directly translates into an im-
provement in the quality of the final response. To investigate this
point, responses were generated with Gemini 1.5 Flash using the
chunks from the two best reranking methods from the previous
phase: the Gemini Reranker and the RRF method as context.

The results, measured by BERTScore (F1-Score), were remark-
ably close and revealing. The context provided by the RRF method
resulted in an average F1-score of 0.8585, slightly higher than the
average of 0.8527 obtained with the Gemini Re-ranker context. The
results can be seen in Table 6.

Table 6: BERTScore F1 statistics for re-ranking models

Metric RRF Re-ranker Gemini

Average (BERTScore F1) 0.8585 0.8527
Median 0.8672 0.8619
Standard Deviation 0.0676 0.0803

The most important conclusion of this phase is that Re-ranker
Gemini’s superior accuracy in the ranking task did not imply a
significant improvement in the quality of the final response. Both
methods provided a good enough context for LLM to generate
high-quality responses. These results suggest that the RRF method,
being computationally more efficient and faster, presents itself as an
excellent cost-benefit alternative for the final system architecture,
without sacrificing the quality of the response perceived by the
user.
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Figure 4: Mean Reciprocal Rank (MRR) heatmap by question and model.

b) Comparative Analysis of Generator Models
To enrich the analysis, the final step compared the performance

of Gemini 1.5 Flash with another state-of-the-art model, gpt-4o-
mini. To isolate the generation capability of each model, both re-
ceived the same context, provided by the RRF reorderer.

Analysis of the results in Table 7 shows that, although both
models performed very well, Gemini 1.5 Flash demonstrated a slight
advantage. In addition to the superior averages, Gemini 1.5 Flash
had a smaller standard deviation (0.0676 versus 0.0706), suggesting
not only higher average quality answers but also more consistent
and predictable performance across the entire question set.

Table 7: BERTScore F1 statistics for generation models

Metric Gemini 1.5 Flash GPT-4o-mini

Average (BERTScore F1) 0.8585 0.8376
Median 0.8672 0.8538
Standard Deviation 0.0676 0.0706

To further illustrate the comparison, the bar chart in Figure 5
visualizes the performance difference (Delta F1 Score) for each of
the 74 questions. The green bars indicate the questions on which
Gemini 1.5 Flash outperformed GPT-4o-mini (positive difference),
while the red bars represent the cases where GPT-4o-mini achieved
a higher score (negative difference). A visual inspection of the
chart reveals that the number and magnitude of the green bars are
substantially larger, corroborating the statistical data that Gemini

1.5 Flash achieved a superior average performance. It is therefore
concluded that for the task of generating responses in this project,
the Gemini 1.5 Flash proved to be marginally superior, establishing
itself as the best performing option among the models evaluated.

5 CONCLUSIONS AND FUTUREWORK
The systematic evaluation of the RAG pipeline demonstrated the
effectiveness of this methodological approach in optimizing the
balance between response accuracy and system computational effi-
ciency. Tests conducted across the three distinct stages—information
retrieval, document reordering, and response generation demon-
strated that granular analysis of each component was crucial for
identifying the most cost-effective model combination.

Thus, we conclude that the intfloat/multilingual-e5-small em-
bedding model is the ideal choice for the initial retrieval stage,
minimizing critical recall errors. In the reordering stage, although
the Gemini Re-ranker offers the highest accuracy, the RRF hybrid
method emerges as a superior cost-benefit alternative, as its ef-
ficiency does not compromise the quality of the final generated
response. Finally, in the generation stage, Gemini 1.5 Flash proved
marginally superior to gpt-4o-mini, establishing itself as the best-
performing andmost consistent option among themodels evaluated
for this project. The final architecture choice, therefore, prioritizes
efficiency, combining "intfloat/multilingual-e5-small" with the RRF
re-ranker and the Gemini 1.5 Flash generator for a robust, accurate,
and computationally feasible system.

For future work, several research possibilities emerge to expand
and improve the system. One planned step is a qualitative evaluation
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Figure 5: F1 Score Difference between Gemini 1.5 Flash and GPT-4o-mini by question id.

of the chatbot directly with hospital professionals. This interaction
will allow for feedback on the usability of the interface, the contex-
tual relevance of responses, and overall user satisfaction, validating
the system’s effectiveness in a real-world scenario. Additionally,
the plan is to test the generation stage with lighter language models
that can be executed locally. This approach aims to mitigate cost
and latency issues and, crucially, ensure data privacy and security.
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