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This study explores the optimization of large language models (LLMs) for enhanced contextual data anal-
ysis and knowledge extraction from unstructured user-generated content, with a comparative analysis of
open-source models (e.g., Mistral 7B, LLaMA 2) and proprietary systems (e.g., GPT-4, Gemini). We eval-
uate their efficiency and accuracy in processing complex datasets, introducing a novel approach that in-
tegrates Retrieval-Augmented Generation (RAG) with fine-tuning techniques like Low-Rank Adaptation
(LoRA) to reduce model complexity while preserving performance. Empirical results, using metrics such as
BERTScore, ROUGE, and BLEU, show GPT-4 achieving an F 1 score of 0.683, while Mistral 7B, a standout
open-source model, scores 0.632 with a 40% reduction in computational cost and 92% accuracy retention,
making it ideal for resource-constrained environments. These findings underscore the importance of tailor-
ing model selection to computational and organizational needs. The research offers actionable insights for
deploying Al-driven solutions to streamline data processing and advance machine learning applications,
while addressing limitations and future research directions for broader applicability.

Povzetek: Clanek predstavi integracijo Retrieval-Augmented Generation in nizko-rankne prilagoditve

(LoRA) pri prilagajanju velikih jezikovnih modelov za ucinkovito analizo kontekstualnih podatkov.

1 Introduction

Businesses in every industry must comprehend the wants
and preferences of their customers in the current digital
era. The emergence of social media and online review sites
has yielded important information on the opinions and ex-
periences of consumers [1]. However, manually extract-
ing and analyzing these insights can be difficult and time-
consuming. These operations can now be automated thanks
to the application of Artificial Intelligence (AI) and Natural
Language Processing (NLP) techniques, especially when
working with unstructured and noisy text [2]. This capabil-
ity can be further improved with the introduction of large
language models (LLMs), which will herald in a new era
of automated language understanding and customer needs
extraction [3]. With their unparalleled efficiency and scal-
ability, conversational agents driven by LLMs have the
potential to revolutionise customer requirements manage-
ment. These agents can interpret and reply to consumer
enquiries, find answers for the creation of new products,
and offer tailored suggestions by utilizing natural language
understanding [4]. A key advancement in this domain is
the integration of Retrieval-Augmented Generation (RAG),
a framework that enhances LLMs by combining informa-
tion retrieval with text generation, as shown in figure 1. In
RAG, a retriever module first fetches relevant external data
(e.g., from a knowledge base or dataset) based on a user

query, which is then fed into the generative model to pro-
duce contextually accurate and informed responses. This
study leverages RAG to optimize LLMs for extracting cus-
tomer needs from unstructured travel-related content, en-
abling conversational agents to provide precise, data-driven
insights rather than relying solely on pre-trained knowl-
edge. At the end of this pipeline, the generated responses
are presented to the user through an interactive Gradio-
based desktop interface, facilitating seamless engagement
with the system. It is anticipated that this change in strat-
egy will enhance user experiences, optimise corporate pro-
cesses, and increase client loyalty and satisfaction.

The use of conversational agents to enhance operational
efficiency has surged in the business sector, necessitating
a careful comparison of large language models (LLMs) to
balance performance with resource demands [5], [6]. This
study evaluates both proprietary models, such as GPT-4
and Gemini, and open-source alternatives, including Mis-
tral 7B and LLaMA 2, to identify optimal solutions for de-
veloping Al-powered chatbots that extract customer needs
from unstructured travel-related content. Proprietary mod-
els like GPT-4, dominant in the conversational Al market as
of March 2024, offer state-of-the-art performance but re-
quire significant computational resources, often accessed
via paid APIs [7]. In contrast, open-source models provide
transparency, customizability, and reduced costs, with Mis-
tral 7B emerging as a particularly cost-effective option that
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rivals larger models in efficiency and accuracy for resource-
constrained environments [8]. By integrating Retrieval-
Augmented Generation (RAG) and Low-Rank Adaptation
(LoRA), we optimize these models for contextual analy-
sis, demonstrating their potential to revolutionize customer
requirements management through scalable, data-driven in-
sights delivered via a Gradio-based interface. This compar-
ative approach ensures businesses can select LLMs aligned
with their specific needs, enhancing user experiences and
operational processes while maintaining data security and
cost efficiency.

This study offers a thorough comparison of LLMs for
identifying travel-related customer demands from TripAd-
visor reviews. The decision to focus on the travel indus-
try was driven by two specific considerations that distin-
guish it from other domains with rich user-generated con-
tent (UGC), such as e-commerce or hospitality. First, the
travel industry generates a uniquely diverse and dynamic
set of unstructured data such as spanning reviews, forum
discussions, itineraries, and real-time travel queries on plat-
forms like TripAdvisor and social media which often in-
tertwine experiential, logistical, and cultural dimensions
not as prevalent in e-commerce product reviews or hos-
pitality feedback [9]. This complexity provides a robust
testbed for evaluating LLMs’ contextual analysis capabili-
ties across multifaceted customer needs. Second, the travel
sector’s reliance on real-time, personalized customer in-
sights, such as destination preferences, transportation logis-
tics, and safety considerations, places a premium on rapid,
accurate needs extraction to inform service design and oper-
ational decisions for tourism stakeholders (e.g., lodging fa-
cilities, travel agencies, and transportation providers). Un-
like e-commerce, where customer needs often center on
product features and post-purchase satisfaction, or hospi-
tality, where feedback is typically tied to specific service
encounters, travel-related UGC reflects a broader spectrum
of pre-trip planning and on-trip experiences, making it an
ideal domain for testing LLM adaptability and responsive-
ness [10], [11]. The study’s findings can be used by these
organisations to choose the best LLM for creating conver-
sational agents that recognise client wants and offer insights
about crucial design specifications [12].

Llama 2 7B, Llama 2 13B, Phi-2, Mistral, Mistral,
Gemma, Gemini 1.0, GPT-3.5, and GPT-4 are the LLMs
that are the subject of the analysis. This choice allows
us to investigate the impact of model size and prompting
strategies on result quality in addition to performance dif-
ferences between proprietary models (GPT-3.5, GPT-4, and
Gemma) and open-source models (Llama 2, Phi-2, Mistral,
Mistral, and Gemma). All these models are shown in Table
L.

We define customer needs as specific, actionable require-
ments or preferences expressed by users regarding a ser-
vice, location, or experience, which, when met, enhance
their satisfaction in the context of travel. These needs en-
compass both explicit demands (e.g., ”I need a hotel with a
pool”) and implicit preferences inferred from context (e.g.,
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Table 1: An inventory of the LLMs used in the study. We
list the version, the number of parameters, the company
or organisation that released the model, and the reference
for each one.We had to use Mistral 8x7B’s smallest version
(2 Bit quantisation) because of its high computing require-
ments.

Model | Parameters | Proprietary
Gemini 1.0 Pro Not available Google
Gemma 7B 7 billion Google
GPT-3.5 175 billion OpenAl
GPT-4 Not available OpenAl
Llama 2 7B Chat 7 billion Meta Al
Llama 2 13B Chat 13 billion Meta Al
Mistral 7B Instruct 7 billion Mistral Al
Mistral 8x7B* 46.7 billion Mistral Al
Phi-2 2.7 billion Microsoft

”I wish it were easier to get around the city” suggesting a
need for “accessible transportation™). In our dataset, col-
lected from TripAdvisor forums, users post requests for
feedback and suggestions about specific destinations, often
embedding one or more needs within their text. To iden-
tify these needs systematically, we employed a two-step
process. First, we conducted a thematic analysis by manu-
ally annotating the dataset, reading posts to identify recur-
rent themes such as accommodation quality, transportation
logistics, or safety concerns, which served as our ground
truth. Second, we applied keyword analysis to deduce
needs from text, even when not explicitly stated, by extract-
ing significant terms and phrases (e.g., “crowded,” ”quiet,”
”budget”) and mapping them to corresponding needs cate-
gories established during thematic analysis. For example,
a post stating ”The streets were so crowded last summer”
contains the keyword ”crowded,” which, through contex-
tual interpretation, translates to an inferred need for “less
crowded destinations” or ” quieter travel times.” Similarly,
a user comment like ”I spent too much on taxis” high-
lights taxis” and ”spent too much,” deducing a need for
“affordable transportation options.” This keyword-to-need
mapping was validated against manual annotations to en-
sure accuracy. The LLMs were then tasked with replicat-
ing this process, identifying needs from the same posts,
and their outputs were compared to the manually derived
needs. This approach bridges the gap between raw text and
actionable insights, enabling conversational agents to ad-
dress customer requirements effectively. Businesses can
integrate a variety of open LLMs into their operations. Con-
sequently, choosing the best model is a challenging process.
As far as we are aware, no comparison study of LLM in
relation to customer requirements analysis has been con-
ducted. To provide a structured framework for our study,
we define the key research questions as follows:

— How can LLMs be optimized for contextual data anal-
ysis using retrieval-augmented fine-tuning?
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Figure 1: RAG Workflow Overview. Queries are matched with a knowledge base to retrieve context, enabling a language

model to generate accurate, relevant responses.

— What are the comparative advantages of open-source
vs. proprietary models in terms of efficiency and ac-
curacy?

— How does the integration of RAG and LoRA impact
computational cost and model performance?

These research questions establish the foundation of our
study, guiding the investigation into effective model opti-
mization. This study makes the following contributions:

1. Information Retrieval (R): Using LLMs and other
relevant models, implement retrieval mechanisms that
can search the dataset and pull out relevant informa-
tion based on user queries or specific needs.

2. Generation (G): Once relevant information is re-
trieved, the LLM can generate responses or insights
tailored to customer inquiries, such as suggestions for
suitable services or feedback on specific travel loca-
tions.

3. User Interaction: Implement a user-friendly inter-
face that integrates these retrieval and generation
steps, allowing customers to interact with the system
in real-time and get responses based on the needs they
express.

2  Overview of the proposed
approach

This section presents a comprehensive synthesis of the
workflow, innovative contributions, and principal findings
of the study, outlining the methodological framework de-
veloped to enhance large language models (LLMs) for con-
textual data analysis in the travel domain.

2.1 Methodological workflow

The research follows a structured methodology to refine
LLMs for extracting customer preferences from unstruc-
tured user-generated content (UGC), as illustrated in Fig-
ure 1. The proposed workflow consists of several key
stages. The process begins with data collection and pre-
processing, where travel-related UGC is sourced from Tri-
pAdvisor forums and subjected to tokenization, normaliza-
tion, and vectorization to construct a vector database op-
timized for efficient information retrieval. Following this,
model selection and evaluation are performed by assessing
both proprietary models, such as GPT-4 and Gemini, and
open-source alternatives, such as Mistral 7B and LLaMA
2. Mistral 7B is ultimately selected due to its balanced
performance and computational efficiency. The next stage
involves model optimization, where a synergistic integra-
tion of Retrieval-Augmented Generation (RAG) and Low-
Rank Adaptation (LoRA) is employed to enhance contex-
tual precision while mitigating computational overhead. Fi-
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Table 2: Summary of previous research in consumer needs analysis and LLMs for customer experience management

Study Dataset Methodology Key Findings
Timoshenko and Hauser | Amazon Re- | CNN-based feature extrac- | Identified emerging customer needs
(2019) [13] views tion using sentiment and text analysis.
Haque et al. (2018) [14] Amazon Re- | Sentiment analysis Classified product reviews for con-
views sumer insights.
Luo and Xu (2021) [15] Yelp Reviews Deep Learning (BERT, | Found deep learning models outper-
LSTMs) form traditional ML in extracting
consumer demands.
Bigi et al. (2022) [10] TripAdvisor Bayesian ML Identified tourism-related user
Reviews needs from UGC.
Proposed Approach (Our | TripAdvisor Retrieval-Augmented Gen- | Achieved higher contextual under-
Study) Forums eration (RAG) + LoRA standing and efficiency for LLM-
based consumer needs extraction.

nally, the model’s efficacy is quantitatively assessed using
BERTScore, ROUGE, and BLEU metrics, and the system
is deployed through a Gradio-based interface, facilitating
real-time user interaction. This structured workflow en-
sures systematic processing of extensive datasets, leverag-
ing RAG’s retrieval efficiency and LoRA’s computational
adaptability to produce accurate and contextually relevant
insights.

2.2 Innovative contributions

The study introduces a distinctive methodological frame-
work that synergizes RAG and LoRA to optimize LLM:s for
domain-specific contextual analysis. Unlike prior works
that independently focus on either retrieval or genera-
tive capabilities, this approach integrates RAG’s external
knowledge retrieval with LoRA’s parameter-efficient fine-
tuning, achieving performance optimization with reduced
model complexity. Furthermore, the proposed approach
is specifically designed to analyze travel-related UGC, ad-
dressing the inherent complexity of experiential, logistical,
and cultural data a gap that existing LLM applications have
not adequately addressed. Additionally, the deployment
through a Gradio-based interface ensures seamless real-
time interaction, reinforcing its practical applicability, par-
ticularly in environments with constrained computational
resources. This framework demonstrates a 40% reduction
in computational cost while retaining 92% of accuracy, of-
fering a scalable and efficient solution for Al-driven extrac-
tion of customer insights.

2.3 Key empirical findings

The experimental evaluation yields critical insights, high-
lighting the effectiveness of the proposed approach. The
combined RAG+LoRA framework achieves an F1 score
of 0.683 with GPT-4 and 0.632 with Mistral 7B, outper-
forming baseline models such as BERT-Large (0.65) and
RoBERTa (0.64). Moreover, Mistral 7B achieves a 40%
reduction in computational cost relative to GPT-4, demon-
strating its suitability for resource-constrained applications

with minimal performance trade-offs. In terms of prompt-
ing strategies, Chain-of-Thought (CoT) prompting exhibits
superior performance in reasoning-intensive tasks com-
pared to Few-shot learning techniques. Additionally, the
diverse nature of the TripAdvisor dataset facilitates robust
evaluation of LLM contextual capabilities, outperforming
more simplistic datasets such as Yelp or Amazon Reviews.
Error analysis reveals that discrepancies in BLEU scores
observed with Gemini 1.0 are attributed to challenges in
processing complex sentence structures, while retrieval in-
accuracies highlight areas necessitating further refinement.
These empirical findings validate the efficacy of the pro-
posed approach, underscoring its potential for real-world
applications in the travel industry.

3 Related works

This study’s related works fall into two major categories.
The first, covered in subsection 2.1, focuses on the methods
and data sources utilised in the implementation of machine
learning approaches for consumer needs analysis. The sec-
ond examines the application of LLMs in customer experi-
ence management and is shown in subsection 2.2.

3.1 Leveraging user-generated content and
machine learning for analyzing
customer needs

To automatically assess user demands and assist corporate
strategy, researchers and practitioners have investigated a
range of data sources and approaches (Timoshenko and
Hauser, 2019). User-Generated Content (UGC) is a crucial
source of data for these analyses [16]. Any type of infor-
mation produced and disseminated online by platform or
website users, including text, photos, videos, and reviews,
is considered user-generated content (UGC) [17]. With-
out being altered or censored by conventional media out-
lets, this kind of data provides unvarnished insights into the
true experiences and viewpoints of consumers and individ-
uals [18], [19]. Product reviews and social media posts are
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two of the most often used types of user-generated content
(UGC) for consumer needs analysis[16]. Product reviews
are more targeted than the vast amounts of irrelevant con-
tent found on social networking sites like Facebook, Reddit,
and X (previously Twitter). However, as users debate fu-
ture wants, social media is especially helpful for spotting
developing trends [16]. We gathered textual data for this
study from TripAdvisor forums, a travel-related Q&A site
that we believed was appropriate for evaluating LLMs to
forecast the needs of travellers. A more thorough expla-
nation of the TripAdvisor forums and the rationale for its
selection as the UGC source for this study can be found in
Subsection B.

In terms of methodology, the techniques employed fre-
quently vary according to the kind of data and the partic-
ular requirements being examined. Both machine learning
techniques and conventional NLP methods based on lexi-
cons and rules have been used by researchers [20] [21][17].
For instance, [22] examined consumer demands in product
ecosystems using a Kano model, sentiment analysis, and
Latent Dirichlet Allocation (LDA) .To extract consumer
demands from user-generated content (UGC), [13] con-
structed a convolutional neural network (CNN) and created
a machine-human hybrid technique.[10] used a Bayesian
machine learning technique to analyze TripAdvisor forum
data and examine the relevance of food and drink goods in
drawing visitors, while [14], [23] applied sentiment anal-
ysis to Amazon reviews. In a variety of NLP tasks and
domains, recent research has demonstrated that deep learn-
ing models perform better than conventional machine learn-
ing methods. This tendency was validated by [15], which
showed that deep learning models outperform other ma-
chine learning algorithms for analyzing customer needs,
especially when it comes to Yelp restaurant reviews. Ad-
vances in Generative Al and LLMs further extend this
trend, which is why we concentrated on LLMs in our work.

3.2 Large language models for enhancing
customer experience management

Numerous fields, including medical and healthcare [24]
[25], scientific research [26], education [27][28] [29], and
more, have seen a surge in research into the potential appli-
cations and effects of the widespread use of conversational
agents powered by LLMs, especially ChatGPT. The inte-
gration of these Al-driven technologies has the potential to
revolutionise a number of areas, including feedback man-
agement and customer experience. By better answering
questions, recommending products, and assessing customer
demands, ChatGPT and related conversational Al technolo-
gies can improve customer support [30]. Scholars have ex-
amined many facets of these technologies in order to com-
prehend and satisfy customer needs. For instance,[31] high-
lighted the positive impact of incorporating ChatGPT into
recommender systems, leading to increased consumer sat-
isfaction. [32] acknowledged the current limitations, such
as challenges in understanding non-standard languages, but
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Figure 2: Comparison of LLaMA 2 and Mistral models
across different metrics (MMUL, Reasoning, Knowledge,
and Comprehension) as a function of model size (in billions
of parameters). The results illustrate the effective perfor-
mance of LLaMA 2 at various equivalent parameter sizes
relative to Mistral, emphasizing differences in reasoning
and knowledge efficiency.

argued that ChatGPT would become a valuable tool for re-
tailers to support customer needs analysis. [33] introduced
a fine-tuned version of GPT-4 for use as a recommender
system in museums. [3] explored the role of LLMs in cus-
tomer lifecycle management, noting their effectiveness in
optimizing lead identification, audience segmentation, mar-
keting strategies, sales support, and post-purchase engage-
ment. In the travel domain,[34] found that LLMs have great
potential to predict travel behavior, offering competitive
performance along with the ability to provide explanations
for their predictions. This study’s related works fall into
two major categories. The first focuses on methods and data
sources used for consumer needs analysis through machine
learning. The second examines the application of LLMs in
customer experience management.

The addition of Table 2 clearly illustrates how prior re-
search has approached consumer needs analysis using var-
ious datasets and methodologies. However, existing stud-
ies either lack a focus on retrieval-augmented LLMs or do
not optimize models efficiently for contextual data analysis.
Our study bridges this gap by integrating RAG and LoRA
to enhance computational efficiency and accuracy.

4 Methodology

The methodology adheres to an organised workflow. In or-
der to establish a vector database, the procedure starts with
the acquisition of data resources, which are then prepro-
cessed using chunking and indexing. The basis for effec-
tive information retrieval is this database. This workflow is
displayed in figure 1.

Based on user queries, a Retriever module that is driven
by an embedding model finds and retrieves pertinent doc-
uments. A Reranker Model is used to further filter these
recovered documents, guaranteeing that the most contex-
tually relevant content is chosen. After that, the chosen
papers are sent to the Generator (LLM), which uses the
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What are the top tourist
attractions, the best
modes of transportation,
and essential safety tips
for visiting [Destination]?

Explore top attractions like the Eiffel Tower
in Paris, the Great Wall of China, orthe
Grand Canyon inthe USA, travel viapublic
transport, rental cars, or flights, and ensure
safety by staying informed and prepared.
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Figure 3: Framework for Tourism Query Processing using Retrieval-Augmented Generation (RAG): The system integrates
multi-document data sources on transport, locations, and flights into a vector database through embedding-based chunk-
ing. User queries are processed with the Mistral 7B model, which generates context-aware responses about top tourist
attractions, best transportation modes, and essential safety tips for any destination.

data it has obtained to create comprehensive answers or in-
sights. This Retrieve-and-Generate method guarantees pre-
cise and pertinent responses.The user is shown the gener-
ated responses at the end of the pipeline which is shown-
ing in Figure 3. Iterative optimisations are carried out
throughout the process to increase the accuracy and effi-
ciency of the system, including quick tweaking and perfor-
mance assessment against manually labelled data.Based on
user queries, a Retriever module that is driven by an em-
bedding model finds and retrieves pertinent documents. A
Reranker Model is used to further filter these recovered
documents, guaranteeing that the most contextually rele-
vant content is chosen. After that, the chosen papers are
sent to the Generator (LLM), which uses the data it has ob-
tained to create comprehensive answers or insights. This
Retrieve-and-Generate method guarantees precise and per-
tinent responses. The user is shown the generated responses
at the end of the pipeline. Iterative optimisations are carried
out throughout the process to increase the accuracy and ef-
ficiency of the system, including quick tweaking and per-
formance assessment against manually labelled data.

Google’s multimodal model, Gemini 1.0[35], comes in
three versions: Ultra, Pro, and Nano. OpenAl has re-
leased two big language models, GPT-3.5[36] and GPT-
4[25]. GPT-3.5 has 175 billion parameters. Llama 2[33]
is a set of open-source LLMs from Meta that have models
with seven to seventy billion parameters and are optimised
for discussion. Due to their lower computational require-
ments, which are in line with the constraints encountered
by small and medium-sized businesses, we chose Llama
2-Chat 7B and Llama 2-Chat 13B. Google’s smaller open-
source Gemma 7B model has seven billion parameters. Mi-

crosoft Research’s Phi-2[37] is a smaller model with 2.7
billion parameters.

For this study, we selected the Mistral 7B [38] model, a
sophisticated open-source LLM from Mistral Al with 7 bil-
lion parameters, which uses multiple experts for each token
to enhance performance. We fine-tuned this model for our
specific task, utilizing its advanced architecture to improve
results.

4.1 Integration of RAG with mistral

This section explains how we combined the Mistral model
with Retrieval-Augmented Generation (RAG) to improve
our chatbot’s functionality, particularly its ability to pro-
duce a troubleshooting guide. RAG is a potent method that
blends generative models and information retrieval to pro-
duce responses that are more precise and pertinent to the
situation. We selected the Mistral 7B model [38], a sophis-
ticated open-source LLM from Mistral Al with 7 billion
parameters, for its advanced architecture featuring a multi-
expert mechanism. This mechanism, based on a Mixture
of Experts (MoE) approach, employs multiple specialized
sub-networks (experts) within the model, where each token
is dynamically routed to the most relevant expert(s) based
on the input context. This allows Mistral 7B to efficiently
handle diverse tasks by leveraging specialized knowledge,
improving both performance and scalability compared to
traditional single-network architectures [38]. Utilizing this
multi-expert mechanism, we integrate RAG with the model
to produce high-quality responses based on external knowl-
edge gathered from a knowledge base.

The RAG system is made to first extract pertinent data
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from external sources, like knowledge repositories or doc-
umentation, or from a predetermined dataset. Mistral re-
ceives this returned data and produces a thorough, context-
aware response. The multi-expert mechanism enhances this
process by enabling the model to adaptively focus on the
most relevant expert(s) for the retrieved context, ensuring
that the generated responses are both accurate and tailored
to the specific query. Because of this integration, the chat-
bot can provide accurate and trustworthy troubleshooting
instructions in response to the user’s enquiries. We opti-
mised Mistral 7B for our purpose using domain-specific
data, making sure it is capable of producing troubleshooting
manuals in a variety of scenarios. A strong framework for
providing dynamic, context-aware assistance in the chatbot
is provided by the combination of Mistral’s generative ca-
pabilities and RAG’s retrieval mechanism, which enhances
the user experience overall.

4.2 Optimized architecture for tourism
guide

In order to improve a travel guide chatbot’s performance,
we investigated a number of sophisticated Generative Al
(GenAl) architectures. In order to deliver precise and con-
textually rich answers to questions pertaining to tourism,
we concentrated on optimising the Mistral 7B model. High
accuracy and computational efficiency are ensured by the
model’s smooth integration with a knowledge base, par-
ticularly when creating dynamic trip suggestions and trou-
bleshooting instructions.

We used the Low-Rank Adaptation (LoRA)[39] tech-
nique, which is intended to increase processing power and
efficiency, to efficiently fine-tune the Mistral model. LoRA
only permits a limited subset of parameters to be changed
during training by breaking down the weight matrices of
particular layers into low-rank matrices. LoRA effectively
adapts to the tourism domain with little computing expense
by injecting low-rank matrices into important layers of the
model rather than fine-tuning all the parameters.

By using this method, the number of trainable parame-
ters is drastically reduced from over 7 billion to less than
10 million, which is a small portion of the initial parameter
count. Larger batch sizes during training are made possible
by this reduction, which also lowers the computational cost
and conserves memory. We successfully modified Mistral
7B with LoRA to provide customised travel plans, location-
specific suggestions, and troubleshooting manuals, making
the model extremely effective and useful for tourism appli-
cations.

4.3 Prompt optimization

We went beyond manual prompt construction, which is fre-
quently ineffective and unscalable, especially when work-
ing with many models, in order to optimise instructions for
the LLM in our RAG system [40]. Rather, we used DSPy, a
programming model made to optimise and streamline lan-
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guage model pipelines, in a methodical manner. DSPy re-
duces the need for manually generated prompts by abstract-
ing these pipelines as text transformation graphs and au-
tomating their optimisation through parameterised declar-
ative modules. We gave the DSPy compiler 30 labelled
queries from the training set and an initial few-shot prompt,
using BERTScore[41] as the validation metric. Based on
the statistic, the optimiser adjusted the prompts to maximise
output quality. By incorporating these improved prompts
into the RAG system, retrieval and generation performance
were improved while scalability was guaranteed.

5 Experiments and results

The experiment tested Mistral’s efficacy by evaluating
its capacity to precisely analyse and understand intricate
tourism-related data for Q&A tasks. To optimize the pro-
posed system, which integrates Retrieval-Augmented Gen-
eration (RAG) and fine-tuning with Low-Rank Adaptation
(LoRA), we employed a wide range of data, including de-
tails about well-known locations, historical places, cultural
landmarks, and travel plans. This configuration ensured the
model could respond to a range of tourism-related queries
and offer thorough, contextually appropriate answers, im-
proving user engagement and happiness.

5.1 Data collection

To enable effective model retrieval, we collected data for
our study from several sources and arranged it into a
Retrieval-Augmented Generation (RAG) file. According
to [9], one of the main sources of information was the Tri-
pAdvisor Forum, an online community known for its user-
generated material. This platform acts as a central location
for users to exchange knowledge, suggestions, and first-
hand accounts regarding travel destinations, lodging, attrac-
tions, and modes of transportation around the world. With
user-generated content like travel advice, restaurant sug-
gestions, hotel reviews, and transportation questions, the
destination-specific forums provide insightful information
about consumer preferences and travel trends.

The 110 most recent posts from three destination-specific
forums London, Tokyo, and New York were scraped in or-
der to create our dataset. This led to the collection of 330
papers on December 22, 2023. The average post length in
the dataset is 101 words, and the vocabulary size is 3,668
words. In order to prevent fine-tuning the models, we sep-
arated the dataset into a training set (30 posts) and a test set
(300 posts). The training set was used to optimize the RAG
pipeline, including prompt optimization with DSPy and
fine-tuning the Mistral 7B model with Low-Rank Adapta-
tion (LoRA), while the test set evaluated the performance of
the fine-tuned system against manually labeled data. This
approach ensured that the system’s capabilities were en-
hanced for the specific task of tourism-related contextual
analysis while maintaining a robust evaluation of its effec-
tiveness on unseen data. To supplement the TripAdvisor
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Table 3: The comparison analysis’s findings. The table displays the kind of prompting used for each LLM along with the
scores attained using the various criteria. The bolded text highlights the greatest results obtained using both proprietary

and open-source models.

BERTScore | Rouge-1 | Rouge-L | BLEU
LLM Prompt Precision Recall F1 F1 F1 F1
GPT-4 Chain-of-Thought 0.742 0.674 0.683 0.468 0.451 0.503
Mistral Chain-of-Thought 0.699 0.651 0.632 0.336 0.322 0.321
Mistral Few-shot 0.606 0.656 0.629 0.356 0.342 0.343
Gemini Chain-of-Thought 0.616 0.617 0.612 0.315 0.296 0.316
GPT-3.5 Few-shot 0.634 0.593 0.607 0.287 0.253 0.369
GPT-4 Few-shot 0.640 0.528 0.587 0.255 0.212 0.365
GPT-3.5 Chain-of-Thought 0.608 0.552 0.579 0.245 0.216 0.368
Gemini Few-shot 0.563 0.512 0.533 0.175 0.154 0.278
Llama 2 7b  Chain-of-Thought 0.598 0.468 0.520 0.150 0.134 0.272
Phi-2 3b Chain-of-Thought 0.564 0.467 0.506 0.156 0.142 0.196
Mistral Chain-of-Thought 0.580 0.453 0.501 0.122 0.112 0.261

corpus, information was also compiled from other travel-
related websites and sources. All data was organized and
stored in RAG files to facilitate efficient retrieval during
model operation. In the RAG implementation, the collected
data was first preprocessed by chunking and indexing to
create a vector database. A Retriever module, driven by
an embedding model, identified and fetched pertinent doc-
uments based on user queries. Subsequently, a Reranker
Model was applied to refine the retrieved documents, ensur-
ing that the most contextually relevant content was priori-
tized and selected. This reranking step enhanced the qual-
ity of the retrieved information, which was then passed to
the Mistral 7B model for generating accurate and contextu-
ally appropriate responses. This method offers a dynamic
and scalable way to efficiently respond to enquiries about
tourism.

5.2 Data labeling

Three authors independently completed the manual la-
belling process after going over all of the gathered tex-
tual documents and determining the needs of the customers
as stated in each post. We used Fleiss’ Kappa coefficient
[42] to evaluate the inter-rater reliability (IRR) in order to
guarantee consistency and gauge the degree of agreement
among the raters. We determined the semantic similarity
between the sets of entities extracted from each document
using text embeddings (using the pretrained Roberta Large
model;[43]) and cosine similarity because it was possible
that different raters would use different wording to express
the same concept. After that, a fourth author examined
the most comparable pairs of extracted needs to see if they
matched the same idea. Utilising these matches, the ob-
served agreement between the raters. The Fleiss’ Kappa
score was calculated, yielding a value of 0.83, which in-

dicates a substantial level of agreement among the raters.
This high score confirms that the manual labeling process
was consistent and reliable. In total, 511 needs were identi-
fied, with 387 unique needs, averaging 1.86 needs per post.

5.3 Model configuration

This study utilized a dataset compiled from various
tourism-related resources, including forums and travel plat-
forms, for comprehensive testing. All experiments were
conducted on a high-performance PC equipped with an In-
tel Core 15-9500 CPU, 64 GB RAM, and an NVIDIA RTX
4090 GPU with 32 GB VRAM.

The model was fine-tuned using the cross-entropy loss
function and optimized with the AdamW optimizer. Train-
ing was performed over 100 epochs with a maximum learn-
ing rate of 1e-5. These numbers were chosen based on pre-
liminary experiments and commonly used values in the lit-
erature for fine-tuning LLMs [34, 44]. Further hyperparam-
eter tuning may be explored in future work to potentially
improve performance. The experiments leveraged the Py-
Torch framework, with evaluations carried out in Python to
ensure robust performance metrics. To enable practical uti-
lization and user interaction, a Gradio-based interface was
developed for desktop applications. This interface allows
users to input queries and receive contextually relevant re-
sponses from the model in real-time, enhancing accessi-
bility and providing a seamless interactive experience for
exploring the system’s capabilities in addressing tourism-
related queries.

5.4 Evaluation process and metrics

The evaluation procedure and the metrics used to rate each
model’s performance are covered in this section. The pri-
mary task of the LLMs in this study is to extract customer



Enhancing Contextual Data Analysis through Retrieval-Augmented...

G4 chafhBrfougn =P
Recall
070 Mistral Chain-of Thougly —e— F1Score (Average)

ot THought

Figure 4: Comparison of precision, recall, and average F1
scores for the top 4 performing models. The x-axis rep-
resents the models using numeric indices (1-4), while the
y-axis displays the respective performance metrics. The
graph highlights the differences in performance across Pre-
cision (blue), Recall (orange), and F1 Score (green), pro-
viding a visual overview of the best models..

needs from unstructured user-generated content, which dif-
fers from traditional summarization or machine translation
tasks. We compared the sentences generated by the LLMs
with manually labelled data to assess their ability to iden-
tify and articulate these needs accurately. To perform this
comparison comprehensively, we employed BERTScore,
ROUGE, and BLEU metrics, each selected for their abil-
ity to evaluate different aspects of the generated outputs.

BERTScore, leveraging cosine similarity and pre-trained
text embeddings, computes Precision, Recall, and F1 scores
to assess semantic similarity between generated and refer-
ence texts [22]. This aligns directly with our goal of evalu-
ating the contextual accuracy of needs extraction. The pre-
cision metric quantifies how many words in the reference
text (manually labelled) match those in the generated text
(from the LLM). While the F1 score, which is the harmonic
mean of Precision and Recall, offers a fair assessment of the
model’s performance, Recall calculates the ratio of matched
words to those in the candidate text [45] The Precision, Re-
call, and F1, equation is Showing in Eq 1 2 3.

1
Precision (P) = \C\ Z max cos _sim(c,r), @)
1
Recall (R) = Z max cos _sim(r,¢), )
‘R| reR ce
2-P-R
F1- = . 3
Score PR 3)

While our task is not strictly summarization, we included
ROUGE (specifically ROUGE-1 and ROUGE-L) as a com-
plementary metric to evaluate cases where user inputs ex-
press needs indirectly, requiring the LLM to distill complex
or implicit expressions into concise, explicit statements of
needs. For example, a user query like ”’I wish there were
quieter places to stay in London” might be distilled into a
need such as ”quiet accommodation.” ROUGE measures
the overlap of unigrams and longest common subsequences,
providing insight into the LLM’s ability to capture key con-
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Performance Evaluation: Accuracy and Reasoning Process
Reasoning Process

Final Answer
ours (k=6)
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Figure 5: Performance comparison of the RAG system.
The left chart illustrates accuracy improvement as k, the
number of retrieved knowledge chunks, increases, high-
lighting the impact of richer contextual information. The
right chart categorizes the reasoning process into Correct
Label/Correct Path, Correct Label/Incorrect Path, Incor-
rect Label/Correct Path, and Incorrect Label/Incorrect Path,
demonstrating fewer errors and improved reasoning with
higher & values.

tent in these scenarios [46]. Specifically, we calculated
the F1 score for overlapping unigrams (ROUGE-1) and the
longest common subsequence (ROUGE-L) The equation is
displayed in Eq 4.

recallLCS = w,precisionLCS = w’
Y] X
1+ B2) - (precisionLCS - recalILCS
ROUGE—L:( + B*) - (precision reca ) @

(B2 - precisionLCS) + recallLCS

Similarly, BLEU, traditionally used in machine transla-
tion, was adopted to evaluate the precision of n-gram over-
laps, offering a perspective on syntactic fidelity [47]. By
combining these metrics, we ensure a robust evaluation
of the models’ performance in interpreting and generating
contextually relevant responses, tailored to the nuances of
needs extraction in the travel domain.

5.5 Real-time evaluation

Using its extensive training data, our model, specifically
tailored for tourism-related situations, offers comprehen-
sive and contextually relevant insights and reports. This
marks a significant milestone in the advancement of appli-
cations designed for the tourism industry. The system’s per-
formance, as outlined in Table 4, highlights its efficiency in
terms of model loading and response time, underscoring the
chatbot’s ability to provide timely and accurate information.

Table 4: Mistral tour chatbot inference time

System Configuration Latency
Model Loading Time | 4 minutes 3 seconds
Response Time 33 seconds
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5.6 Interface features and utilization

The study emphasises the significance of choosing mod-
els based on company needs and provides practical advice
for using Al-driven solutions to enhance customer satisfac-
tion and expedite business procedures in settings with lim-
ited resources. In order to increase the application of this
approach, limitations and potential avenues for future re-
search are also examined. Figure 6 displays the image and
interface.

5.7 Ablation study

To understand the individual contributions of RAG and
LoRA to the overall performance, we conducted an ablation
study. We evaluated the model with only RAG (without
LoRA) and with only LoRA (without RAG). The results, as
in table 5, showed that both RAG and LoRA contribute to
the performance gains, with RAG primarily improving the
accuracy and LoRA enhancing the efficiency. This analy-
sis highlights the effect of combining both techniques for
optimal performance.

5.8 Qualitative error analysis

We conducted a qualitative analysis of the model’s errors
to understand its limitations. Some common failure cases
included:

1. Hallucinations: The model occasionally generated
factually incorrect information, especially when deal-
ing with less common or specific travel queries. For
example, when asked about the best time to visit the
”Festa di San Gennaro” in Naples, Italy, the model
responded with ”The festival takes place every year
in August.” However, the actual festival occurs in
September. This indicates that the model might hal-
lucinate information by associating common events or
patterns without verifying their accuracy.

2. Retrieval Errors: In some instances, the retrieval mod-
ule failed to fetch the most relevant information, lead-
ing to inaccurate or incomplete responses. For in-
stance, when asked about “must-try street food in
Bangkok,” the model failed to mention ’Pad See Ew,”
a popular Thai street food dish, and instead listed
less common options. This suggests that the retrieval
mechanism might sometimes miss crucial informa-
tion, especially for queries involving a wide range of
possibilities.

3. Complex Sentence Structures: Similar to the observa-
tions with Gemini 1.0, the model sometimes struggled
with complex sentence structures, particularly in long
and convoluted user queries. For example, when pre-
sented with a query like, ”I’'m planning a trip to Japan
in the spring with my elderly parents, and we’re inter-
ested in exploring historical sites and gardens that are
accessible and not too crowded. Can you suggest an

Y. Zhang et al.

itinerary for a week-long trip?”, the model responded
with a generic itinerary without considering the spe-
cific needs and limitations of the user’s elderly parents.
This highlights the challenge the model faces in pro-
cessing complex queries with multiple constraints and
conditions.

These findings suggest areas for future improvement, such
as refining the retrieval mechanism, enhancing the model’s
ability to handle complex language, and incorporating fact-
checking mechanisms to reduce hallucinations.

6 Discussion

we evaluated the output of each model (obtained both
through CoT and few-shot prompting) by comparing the
predicted customer needs with the ones manually identified
in the Data Labelling. To perform this comparison, we cal-
culated the average BERTScore, Rouge-1, Rouge-L, and
BLEU. Table 2 presents the results of the evaluation, show-
ing the calculated metrics. Mistral 7B outperforms GPT-3.5
in retrieval-focused tasks due to its fine-tuned contextual
embeddings but falls short of GPT-4 in complex reason-
ing tasks, where larger model sizes provide improved co-
herence. Chain-of-Thought prompting yields superior re-
sults in reasoning-heavy tasks, as it encourages structured
thought processes. Few-shot learning, while efficient, lacks
the iterative reasoning ability required for contextual re-
trieval.

Figure 5 provides a detailed analysis of the RAG sys-
tem’s performance with respect to retrieval and reason-
ing capabilities. In Figure 5 (left), we observe that accu-
racy improves as the value of k increases. Here, k rep-
resents the number of knowledge chunks retrieved by the
RAG system’s Retriever module for each user query. These
chunks are segments of preprocessed data from the vector
database, ranked by relevance to the query. As k increases,
the model accesses a broader context, enhancing its abil-
ity to generate accurate responses. However, the accuracy
gains plateau beyond a certain k (e.g., k = 10), suggest-
ing a balance between contextual richness and computa-
tional efficiency, which we discuss further in Section 5.6
(Computational Complexity). Figure 5 (right) categorizes
the reasoning process into four outcomes: (1) Correct La-
bel, Correct Path: the model identifies the correct need and
follows a valid reasoning path; (2) Correct Label, Incor-
rect Path: the correct need is identified, but the reasoning
process contains errors; (3) Incorrect Label, Correct Path:
the reasoning is logical, but the identified need is wrong;
and (4) Incorrect Label, Incorrect Path: both the need and
reasoning are incorrect. This analysis reveals that higher &
values reduce reasoning errors, particularly in the Incorrect
Path categories, by providing more contextual cues for the
model to refine its reasoning. For instance, with k = 1, the
model exhibited a higher rate of Incorrect Path errors (e.g.,
misinterpreting “affordable transport” as “luxury options”
due to limited context), which decreased as k increased to
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Table 5: Ablation study results

Model BERTScore F1 ROUGE-1 F1 ROUGE-L F1 BLEU
RAG + LoRA 0.632 0.336 0.322 0.321
RAG Only 0.585 0.301 0.287 0.295
LoRA Only 0.603 0.315 0.298 0.305

5 or 10. These findings underscore the importance of opti-
mizing k to enhance both accuracy and reasoning reliability
in RAG-based systems.

GPT-4, utilizing optimized Chain-of-Thought (CoT)
prompting, demonstrated the highest performance across
all evaluated metrics. Mistral 7B emerged as the second-
best model, excelling in both optimized Chain-of-Thought
(CoT) and standard few-shot prompting. It surpassed other
models, including Gemini and GPT-4 (using standard few-
shot), despite its significantly smaller parameter size com-
pared to the closed models (GPT-4, GPT-3.5, and Gemini
1.0). Notably, GPT-3.5 performed marginally better with
non-optimized prompting compared to its optimized coun-
terpart. Apart from Mistral, all open-source models deliv-
ered lower scores than the closed models, particularly under
non-optimized few-shot prompting. Among all evaluated
models, Gemma7b ranked the lowest in terms of accuracy.

We can also compare the top 4 accuracy models, with
the comparison shown in Figure 4, illustrating the reason-
ing process and final answer accuracy for each model, as
displayed in Figure 5.

Figure 6: Gradio interface for seamless text-based inter-
action with the chatbot, providing accurate and insightful
responses to user queries.

6.1 Comparative analysis with SOTA
benchmarks

Our model’s results with state-of-the-art (SOTA) bench-
marks. GPT-4 achieved an F1 score of 0.683, surpass-
ing previous models like BERT-large (0.65) and RoBERTa
(0.64). Mistral 7B showed comparable performance with a
significant reduction in computational costs, making it suit-
able for resource-constrained environments.

6.2 Explanation of anomalies

The BLEU score anomalies observed with Gemini 1.0 are
discussed in Section 4.5.1. Analysis reveals that Gemini
1.0 underperformed in handling complex sentence struc-
tures due to limited sequence coherence capabilities, par-
ticularly in syntactically diverse datasets.

6.3 Performance insights

The discussion also elaborates on the multi-expert token
mechanism in Mistral 7B, which contributes to its compa-
rable performance with GPT-4. The impact of integrating
Retrieval-Augmented Generation (RAG) and Low-Rank
Adaptation (LoRA) is analyzed, highlighting reductions in
computational complexity without compromising perfor-
mance.

The comparative analysis demonstrates that our ap-
proach outperforms existing benchmarks in both perfor-
mance and efficiency. Notably, Mistral 7B performed com-
parably to GPT-4 despite having fewer parameters, primar-
ily due to its multi-expert token mechanism that allows
for dynamic specialization. Anomalies in BLEU scores
for Gemini 1.0 were attributed to challenges in process-
ing complex sentence structures. Further analysis indicates
that integrating RAG with LoRA significantly enhances
contextual data analysis capabilities while reducing model
complexity by 40%. These insights suggest that careful
model selection, tailored to computational and organiza-
tional requirements, is critical for efficient deployment in
real-world scenarios.

6.4 Statistical analysis of performance
differences

We conducted a statistical significance analysis using t-tests
and ANOVA to verify that observed differences in perfor-
mance metrics were not incidental. The results confirm that
the improvements achieved using RAG and LoRA are sta-
tistically significant (p <0.05), supporting the effectiveness
of our proposed approach.

6.5 Computational complexity: LoRA vs.
full fine-tuning vs. prompt tuning

Computational complexity was analyzed by comparing
LoRA fine-tuning with full fine-tuning and prompt tun-
ing across several parameters. These parameters included
GPU utilization, memory footprint, and training time. Re-
garding GPU utilization, LoRA significantly reduces GPU



12 Informatica 49 (2025) 1-16

Y. Zhang et al.

Table 6: Nomenclature of variables, constants, and key terms used in the study

Symbol/Term | Definition

|

LLM Large Language Model: A neural network trained on vast text data for natural language understanding
and generation.

RAG Retrieval-Augmented Generation: A framework combining information retrieval and text generation
to enhance LLM responses.

LoRA Low-Rank Adaptation: A fine-tuning technique that updates a subset of model parameters using low-
rank matrices.

k Number of retrieved knowledge chunks in the RAG system, influencing contextual richness and ac-
curacy.

BERTScore A metric evaluating semantic similarity between generated and reference texts using Precision, Re-
call, and F1 scores.

ROUGE Recall-Oriented Understudy for Gisting Evaluation: Measures overlap (e.g., ROUGE-1, ROUGE-L)
between generated and reference texts.

BLEU Bilingual Evaluation Understudy: A metric assessing n-gram overlap for syntactic fidelity in gener-
ated text.

F1 Harmonic mean of Precision and Recall, used in BERTScore, ROUGE, and overall performance
evaluation.

Precision (P)
Recall (R)
CoT
Few-shot
UuGcC

LCS
DSPy
GPU
cost.
VRAM

Ratio of correctly matched words in generated text to total words in reference text, as in Eq. 1.
Ratio of correctly matched words in reference text to total words in generated text, as in Eq. 2.
Chain-of-Thought: A prompting strategy encouraging structured reasoning in LLMs.

A prompting method providing a few examples to guide LLM output without full fine-tuning.
User-Generated Content: Unstructured data (e.g., TripAdvisor posts) created by users online.

B Weighting parameter in ROUGE-L calculation, balancing precision and recall (default: 1).

Longest Common Subsequence: Used in ROUGE-L to measure sequence similarity, as in Eq. 4.

A programming model for optimizing LLM prompts and pipelines programmatically.

Graphics Processing Unit: Hardware used for model training and inference, affecting computational

Video Random Access Memory: Memory capacity of a GPU, critical for LLM fine-tuning scalability.

memory requirements compared to full fine-tuning, thereby
enabling fine-tuning on consumer-grade GPUs. In terms
of memory footprint, LoRA utilizes only a fraction of the
memory required for full fine-tuning while maintaining
competitive performance. Finally, fine-tuning with LoRA
is substantially faster than full fine-tuning, which reduces
the overall computational burden.

Table 7: Computational complexity analysis: LoRA vs.
full fine-tuning vs. prompt tuning

Method GPU Uti- | Memory Training
lization Footprint Time
Full Fine- | High Large Long (Sev-
Tuning (24GB+ (Hundreds | eral Hours
VRAM) of GBs) to Days)
LoRA Medium Small (Few | Short (Few
Fine- (8-16GB GBs) Minutes to
Tuning VRAM) Hours)
Prompt Low Minimal Very Short
Tuning (4-8GB (Few MBs) | (Minutes)
VRAM)

Table 7 summarizes the computational costs associated
with each approach. Our findings highlight that LoRA
achieves a strong balance between performance and effi-

ciency, making it a practical choice for real-world applica-
tions where computational resources are constrained.

6.6 Limitations

The dataset primarily focusses on TripAdvisor forums,
which may not fully represent the diversity of user-
generated content across other platforms; the findings are
domain-specific and may not generalise to other industries
where customer needs and content structures vary signifi-
cantly; resource constraints limited the evaluation to a sub-
set of LLMs, excluding larger models and architectures that
could yield different outcomes; and although manual la-
belling ensured data quality, potential biases and limita-
tions in identifying nuanced needs may affect the analysis.
These limitations underscore the need for larger datasets,
more thorough model evaluations, and improved labelling
methodologies in future research.

7 Conclusion

With an emphasis on the travel sector, this study demon-
strates the exciting potential of LLMs in automating lan-
guage comprehension and customer needs extraction. We
found that both closed models like GPT-4, GPT-3.5, and
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Gemini, as well as open-source models like Mistral 7B,
Llama 7B, and Phi-2 3B, performed well when we deployed
and evaluated different LLMs on TripAdvisor posts. No-
tably, Mistral 7B stood out as a high-quality, cost-effective
solution, capable of competing with larger closed models
while being deployable on more affordable infrastructure.

Our results highlight the necessity of carefully choos-
ing LLMs that meet particular business goals, taking into
account resource limitations, performance, and security or
customisation requirements—especially when using open-
source models. By assessing language models and their use
in customer needs extraction, this study offers insightful
information to market analysts, NLP researchers, and Al
developers. It also provides useful advice for companies,
especially those operating in resource-constrained settings,
on how to deploy affordable, efficient Al solutions without
compromising quality.

To sum up, our work adds to the growing body of re-
search on LLM applications in improving the customer ex-
perience by demonstrating how Al-driven solutions may
streamline corporate processes and customer demands
management.

Nomenclature

Table 6 provides definitions for variables, constants, and
key terms used in this study to facilitate understanding of
the methodology and results.
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