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ABSTRACT: In the rapidly evolving landscape of natural language processing (NLP) and sentiment analysis, improv-
ing the accuracy and efficiency of sentiment classification models is crucial. This paper investigates the performance
of two advanced models, the Large Language Model (LLM) LLaMA model and NLP BERT model, in the context of
airline review sentiment analysis. Through fine-tuning, domain adaptation, and the application of few-shot learning,
the study addresses the subtleties of sentiment expressions in airline-related text data. Employing predictive modeling
and comparative analysis, the research evaluates the effectiveness of Large Language Model Meta AI (LLaMA) and
Bidirectional Encoder Representations from Transformers (BERT) in capturing sentiment intricacies. Fine-tuning,
including domain adaptation, enhances the models’ performance in sentiment classification tasks. Additionally, the
study explores the potential of few-shot learning to improve model generalization using minimal annotated data for
targeted sentiment analysis. By conducting experiments on a diverse airline review dataset, the research quantifies the
impact of fine-tuning, domain adaptation, and few-shot learning on model performance, providing valuable insights for
industries aiming to predict recommendations and enhance customer satisfaction through a deeper understanding of
sentiment in user-generated content (UGC). This research contributes to refining sentiment analysis models, ultimately
fostering improved customer satisfaction in the airline industry.

KEYWORDS: Sentiment classification; review sentiment analysis; user-generated content; domain adaptation; cus-
tomer satisfaction; LLaMA model; BERT model; airline reviews; LLM classification; fine-tuning

1 Introduction
In today’s data-centric world, sentiment analysis plays a pivotal role in uncovering valuable insights

from the immense volume of unstructured text data, making it an essential tool across various industries.
The airline sector, in particular, stands to gain significantly from the sophisticated application of sentiment
analysis, thanks to the copious amount of customer feedback accessible via social media, online review
platforms, and other digital mediums. Airlines can significantly improve their service quality, customer
satisfaction levels, and operational efficiencies by utilizing such insights. Sensing and understanding con-
sumer perceptions is vital for corporations to deal with positive and negative consumer feedback and to
engage prospective consumers with their product or service offerings [1]. The present research focuses on
enhancing the process of sentiment analysis for airline reviews, offering an in-depth comparative study of two
cutting-edge natural language processing (NLP) models: the newly introduced large language model meta AI
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(LLaMA-2) Large Language Model (LLM) and the highly regarded Bidirectional Encoder Representations
(BERT) from Transformers model.

This study aims to bridge the gap in the existing academic literature by comparing the efficiency
of LLaMA-2 and BERT in sentiment analysis and investigating how sophisticated fine-tuning and few-
shot learning techniques impact their performance. These models are selected based on their structural
differences and distinct advantages in sentiment analysis. BERT has been recognized for its profound
bidirectional understanding of textual context, establishing a high standard for NLP tasks. On the other hand,
LLaMA-2, with its advanced architectural design, offers the promise of heightened efficiency and precision,
potentially setting new benchmarks for NLP tasks.

Our research methodology encompasses a rigorous evaluation framework. In this framework, both
models undergo a series of experiments designed to assess their sentiment analysis capabilities, specifically
in the context of airline reviews. Through this comparative analysis, we aim to identify which model achieves
superior performance in standard benchmark tests and how different fine-tuning strategies, dataset sizes,
and few-shot learning scenarios affect their overall effectiveness and adaptability in the nuanced domain of
airline sentiment analysis.

Our findings are significant in two ways: They provide actionable insights for airline industry profes-
sionals who wish to harness the power of NLP to boost customer experiences and for academic researchers
striving to expand the horizons of sentiment analysis capabilities. By systematically unraveling the compara-
tive strengths and limitations of LLaMA-2 and BERT within the specific use case of airline review sentiment
analysis, this paper contributes to the ongoing discourse on the evolution of NLP technologies and their
application in real-world scenarios.

Throughout our research, specific questions that prior studies have not adequately addressed will
be explored:

Q1: What is the importance of fine-tuning LLMs and NLP models for domain-specific tasks?
Q2: How do the volume and quality of datasets designated for fine-tuning influence the effectiveness of

the fine-tuning process?
Q3: To what extent does fine-tuning enhance the effectiveness of LLaMA-2 and BERT for sentiment

analysis of airline reviews, and how does it impact the outputs produced by these models?
Q4: Are LLaMA-2 and BERT capable of accurately assessing sentiment in reviews, and in what ways

can LLMs and NLP technologies transform dynamic industries like aviation?
The paper begins with a concise literature review in Section 2 to address the research questions outlined

earlier. This review seeks to provide readers with a clear understanding of customer sentiment analysis
and satisfaction, while offering an overview of models previously employed for similar tasks. Section 3
outlines the methodology employed in our research, including dataset splitting and preprocessing, prompt
formulation, model execution, and fine-tuning. Section 4 presents a comparative analysis and evaluation
of the models, while Section 5 addresses the research questions and compares the performance of models
before and after fine-tuning. Additionally, this section highlights essential insights gathered from the authors’
observations, extracting valuable research statements.

2 Literature Review
Sentiment analysis, or opinion mining, is a computational method for dissecting and comprehending

sentiments, opinions, and attitudes conveyed in textual data [1]. Its primary function involves extracting
subjective information from the text to discern whether the prevailing sentiment is positive, negative, or
neutral [2].
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In comprehending customer sentiments and attitudes towards products or services, sentiment analysis
is pivotal. It gives businesses invaluable insights into customer perceptions, preferences, and satisfaction
levels, thereby informing strategic decision-making processes [3]. Through the analysis of extensive volumes
of customer feedback, reviews, and social media interactions, sentiment analysis facilitates companies in the
following ways:

Understanding Customer Sentiments: By discerning how customers perceive their products or services,
businesses can pinpoint aspects that resonate positively and areas necessitating improvement [1].

Monitoring Brand Reputation: Continuous monitoring of online discussions and sentiment trends
enables companies to manage their brand image effectively, proactively addressing potential PR crises or
negative publicity [4,5].

Enhancing Customer Experience: Insight gained from sentiment analysis informs businesses about
factors influencing customer satisfaction, enabling tailored improvements and fostering loyalty [6].

Informing Product Development: By uncovering customer preferences and needs, sentiment anal-
ysis guides product development efforts, ensuring alignment with market expectations and enhancing
competitiveness [5].

Guiding Marketing Strategies: Understanding customer sentiment aids in crafting targeted marketing
campaigns that evoke the desired emotional response, thereby driving engagement and fostering brand
loyalty [7].

2.1 Sentiment Analysis in the Airline Industry
Sentiment analysis plays a crucial role in the airline industry, serving as a valuable tool for understanding

and improving customer satisfaction [8]. Airlines are constantly seeking ways to enhance service quality,
and sentiment analysis provides them with invaluable insights into passengers’ experiences. By analyzing
the sentiments expressed in customer feedback, reviews, and social media posts, airlines can gauge the
overall satisfaction levels of their passengers [9]. This allows them to identify areas that require attention and
prioritize improvements to enhance the overall flying experience.

Moreover, sentiment analysis enables airlines to proactively address customer concerns and issues,
thereby mitigating potential negative impacts on their reputation [10]. By promptly identifying and resolving
issues highlighted by customers, airlines can demonstrate their commitment to delivering exceptional
service. This not only helps in retaining existing customers but also in attracting new ones through positive
word-of-mouth and online reviews. Additionally, sentiment analysis allows airlines to stay competitive by
keeping abreast of evolving customer preferences and trends in the industry, enabling them to adapt their
services accordingly [11].

Furthermore, sentiment analysis serves as a valuable tool for benchmarking and performance evaluation
within the airline industry [12]. By comparing sentiment scores over time and against competitors, airlines
can track their progress in enhancing customer satisfaction and identify areas where they excel or lag behind.
This data-driven approach empowers airlines to make informed decisions regarding resource allocation and
strategic initiatives aimed at improving service quality [13]. Ultimately, sentiment analysis enables airlines
to foster stronger relationships with their customers, drive loyalty, and maintain a competitive edge in the
dynamic aviation market.

2.2 Previous Studies on Sentiment Analysis of Airline Reviews
The literature on sentiment analysis of airline reviews reveals a rich landscape of research endeavors.

Hong et al. employ text mining to extract major keywords from airline reviews, identify prominent ones,
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and assess their differential impacts on corporate performance, finding distinctive features in client language
and suggesting tailored service management strategies for airlines [14]. Ban et al. focus on understanding
customer experience and satisfaction through semantic network analysis of online reviews, identifying
key evaluation factors and their impact on customer satisfaction and recommendation within the airline
industry [15]. Lacic et al. delve into the features of airline reviews contributing to traveler satisfaction, utilizing
both quantitative and qualitative analyses to reveal correlations between review content and satisfaction
levels, providing insights into predictive modeling for traveler satisfaction [8]. Siering et al. investigate
consumer recommendations in airline reviews, highlighting core service aspects driving recommendation
decisions and proposing predictive models incorporating sentiment analysis, offering practical implications
for both organizations and prospective travelers [16]. Lucini et al. introduce a novel framework for measuring
customer satisfaction in the airline industry through text mining of online customer reviews, identifying
dimensions of satisfaction and predicting airline recommendation by customers, thereby providing action-
able guidelines for airlines to enhance competitiveness [9]. Patel et al. explore sentiment analysis techniques
on airline reviews, comparing machine learning algorithms and demonstrating the superior performance of
Google’s BERT model, thereby offering insights into effective sentiment analysis approaches [1]. Brochado
et al. investigate themes shared in online reviews by airline travelers, identifying key themes associated with
higher and lower value for money ratings, offering valuable insights into airline travelers’ experiences and
facilitating the identification of factors influencing value perceptions in the airline industry [11].

Korfiatis et al. advocate for the integration of unstructured data from online reviews, employing
topic modeling techniques to complement traditional numerical scores [17]. Their approach highlights the
enhanced predictive power of combining textual and numerical features, offering valuable insights for firms’
strategic decision-making processes.

Jain et al. and Yakut et al. delve into the analysis of customer reviews to identify patterns and preferences,
employing feature-based and clustering-based modeling techniques [18,19]. By examining in-flight service
experiences, these studies aim to understand customer evaluations and improve service quality accordingly,
utilizing multivariate regression analysis to model customer groups and predict satisfaction levels.

Jain et al. further explore the predictive capabilities of online reviews, focusing on sentiment analysis to
predict customer recommendations [20]. By extracting textual features and explicit ratings, their method-
ology provides a comprehensive understanding of customer sentiment, aiding managerial decision-making
and enhancing service evaluation processes.

Hasib et al. leverage topic modeling and sentiment analysis to extract valuable insights from online
reviews, identifying key issues such as seat comfort, service quality, and delays [21]. By analyzing customer
feedback from platforms like Skytrax and Tripadvisor, these studies offer actionable recommendations for
airlines to address customer concerns and enhance satisfaction levels.

Ahmed et al. propose a methodology for sentiment analysis based on customer review titles, sim-
plifying the process of identifying significant labels to assess customer sentiments [22]. By validating
these labels against extensive online reviews, their approach streamlines sentiment analysis and facilitates
communication strategies aimed at improving customer perception and service quality.

Chatterjee et al. investigate the impact of user-generated content on consumer evaluations, integrating
qualitative and quantitative data through text mining and natural language processing techniques [23]. Their
findings underscore the importance of both core and peripheral attributes in shaping customer satisfaction
and recommendation behavior, offering insights for review management and service design strategies.

Heidari et al. introduce a novel approach using Bidirectional Encoder Representations from Transform-
ers (BERT) for sentiment classification of online reviews, enhancing the accuracy of recommender systems
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for airline tickets [24]. By comparing sentiment classification models and leveraging transfer learning, their
methodology provides personalized recommendations based on various aspects of the travel experience.

Sezgen et al. employ Latent Semantic Analysis to analyze online user-generated reviews and identify
key drivers of customer satisfaction and dissatisfaction across different airline classes [25]. Their research
highlights the nuanced preferences of passengers, emphasizing factors such as staff friendliness, product
value, and seat comfort, and offers valuable insights for airline managers seeking to address customer
concerns and enhance service quality.

Collectively, these studies underscore the evolving landscape of sentiment analysis in the airline
industry, emphasizing the importance of integrating quantitative and qualitative data to gain deeper insights
into customer preferences and enhance overall satisfaction levels.

2.3 Transformer-Based Models

Transformer-based models, epitomized by BERT, have revolutionized the field of NLP due to their
remarkable performance across various tasks. BERT and its advancements have significantly enhanced
machines’ capabilities to understand and generate human language [26].

At the heart of transformer-based models lies the transformer architecture, which fundamentally differs
from previous recurrent neural networks (RNNs) and convolutional neural networks (CNNs) [27]. The
transformer architecture utilizes self-attention mechanisms, allowing it to identify relationships between
words in a sentence, irrespective of their positions. This attention mechanism allows the model to attend to
all words in the input sequence simultaneously, enabling it to understand context more effectively [28].

BERT, in particular, employs a bidirectional approach during pre-training, where it learns to predict
missing words from both directions in a sentence [29]. This bidirectional context modeling significantly
enhances its understanding of context and semantics. Additionally, BERT utilizes a large corpus of unlabeled
text data for pre-training, enabling it to learn robust representations of language features [30].

During fine-tuning for specific tasks such as sentiment analysis, BERT’s pre-trained weights are fine-
tuned on task-specific labeled data [31]. This fine-tuning process enables the model to adapt its learned
representations to the nuances of the target task, thereby enhancing its performance.

In sentiment analysis, transformer-based models’ architecture and working principles are crucial in
their effectiveness. These models excel in discerning sentiment from text by capturing bidirectional context
and understanding semantic relationships between words [32]. For instance, in a given sentence, the model
can identify individual words conveying sentiment and the nuanced interactions between them, leading to
more accurate sentiment classification.

Furthermore, the transformer architecture’s ability to handle long-range dependencies without suffering
from the vanishing gradient problem commonly encountered in RNNs makes it particularly suitable for
sentiment analysis tasks involving lengthy text sequences [33]. This capability enables transformer-based
models like BERT to capture the sentiment expressed throughout a document or conversation, providing
more comprehensive insights.

In summary, transformer-based models like BERT have significantly advanced the field of NLP,
offering state-of-the-art performance across various tasks, including sentiment analysis. Their architecture,
leveraging self-attention mechanisms and bidirectional context modeling, enables them to effectively capture
semantic relationships in text, making them highly effective tools for understanding and analyzing sentiment
expressed in natural language.
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2.4 LLaMA-2 Model
LLaMA-2, an advanced open-source LLM represents a significant advancement over its predecessor,

the LLaMA model [34]. Its natural language understanding and generation progress are attributed to
its sophisticated design, expanded training data, and improved training methods. LLaMA-2 is tailored
to meet the growing demands of various NLP applications, such as text generation, sentiment analysis,
machine translation, and question-answering systems [35]. Built upon the transformer model, known for its
effectiveness in NLP tasks [36], LLaMA-2 inherits and enhances the multi-layered transformer architecture
with self-attention mechanisms [34]. Notably, it boasts a large parameter count (from 7 to 70B) and increased
model depth, enabling it to handle complex linguistic patterns and subtleties [37]. Central to LLaMA-
2’s capabilities is its extensive training data sourced from various internet platforms, scholarly texts, and
textual domains, providing a comprehensive understanding of language and its contexts [34]. This diverse
dataset allows LLaMA-2 to perform exceptionally well across multiple languages and domains [36,38].

3 Materials and Methods
This study seeks to explore the complex emotional layers present in airline reviews by employing

advanced LLM and NLP models, mainly focusing on the cutting-edge LLaMA-2 and BERT models. We
aim to deeply understand the psychological states influencing reviewers as they articulate their experiences,
capturing the essence of their satisfaction, dissatisfaction, or nuanced ambivalence following airline travel.

To test LLaMA-2 and BERT on detecting word-level sentiments in airline reviews, we first used these
models to predict the star ratings on a dataset of airline feedback. Their predictive success with regard to
review ratings leads us to ask whether they are also proficient at deciphering language—its emotions, and its
meanings. Both models were used in parallel experiments to extract comparative insights.

The early stages of our investigation were dedicated to examining how well the LLaMA base model could
identify the subtle emotional expressions in the reviews. Subsequently, Next, we focused on fine-tuning the
LLaMA and BERT models specifically for sentiment analysis within airline reviews. This adjustment was
designed to improve their ability to detect the nuanced emotional range present in customer feedback.

We observed that the performance of the fine-tuned LLaMA model was noticeably better than the base
LLaMA model. This extends our inquiry to understanding more about data volume and quality during fine-
tuning process.

The complete codebase for this work, covering everything from data preprocessing and splitting to
model fine-tuning, as well as the datasets, is opened publicly in a GitHub repository under an MIT
open-source license [39].

Given this study’s scope and intricate processes, we adopted a meticulously crafted research method-
ology to meet its ambitious objectives. This approach was specifically designed to support the development
of reusable Python classes for LLaMA fine-tuning and deploying the BERT model in a cloud environment,
ensuring thorough preprocessing and diligent data analysis. The subsequent sections detail the structured
framework adopted for our study, offering a precise and systematic plan for our research endeavors.

3.1 Dataset Splitting and Preprocessing
In choosing a dataset for our airline sentiment analysis, we prioritized a source that would deliver a

broad spectrum of review features while ensuring the data was from a reliable and authoritative platform.
The Airline Reviews dataset, curated by Juhi Bhojani and sourced from Airlinequality.com (accessed on 10
November 2024) [40], emerged as the ideal choice due to several compelling factors.

http://Airlinequality.com
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• Comprehensive airline focus: Our initial review of Kaggle’s offerings revealed 66 datasets related to
airline reviews. Many of these datasets were company-specific, such as those for Singapore Airlines
or Qatar Airways, or region-specific, like Indian airline reviews. However, our goal was to obtain a
dataset that would allow for a generalized analysis of the airline industry without being restricted to
particular companies or regions. This approach was essential for achieving globally relevant insights.
Among top-tier platforms for airline reviews—Skytrax, TripAdvisor, Airline Ratings, Google Reviews,
and Airlinequality.com—the latter stands out. While platforms like TripAdvisor also host airline reviews,
they often include off-topic commentary unrelated to in-flight experiences. In contrast, Airlinequality.
com specializes solely in airline services, making it highly relevant for an in-depth analysis of air travel
experiences, from seating comfort and in-flight entertainment to customer service and food quality.

• Diverse and extensive coverage: The dataset from Airlinequality.com includes over 23,000 reviews of
369 unique airlines, covering both full-service and low-cost carriers worldwide. This diversity enables
us to analyze airline experiences comprehensively and generate insights that are applicable to various
types of airlines and geographic regions. Additionally, the inclusion of traveler type and flight route
information adds contextual richness to the data, which is valuable for nuanced sentiment analysis. The
wide range of airlines and customer profiles represented in this dataset ensures that our models can
generalize better across different airline brands and passenger demographics.

• High-quality and verified data: Airlinequality.com is a respected source in the airline industry, known
for its credible and authentic customer reviews. The platform verifies many of its reviews to ensure their
legitimacy, which enhances the reliability of our sentiment analysis results. Because this site is frequently
used by travelers and industry professionals alike to gauge service quality, the dataset provides a well-
rounded view of customer sentiment. This credibility supports our goal of building a model that can
make trustworthy predictions based on genuine feedback. Furthermore, the site’s specialized focus on
air travel allows for a more relevant and refined analysis compared to more generalized review sites.

• Optimized for sentiment analysis: The dataset’s structure is particularly well-suited for sentiment
analysis, containing essential columns such as Overall_Rating, Review_Title, and Review text. These
elements provide a solid foundation for models to learn and predict customer sentiment effectively.
While the dataset includes a variety of additional fields, such as seat comfort and inflight services,
our analysis prioritized those most relevant to sentiment prediction. By focusing on core features, we
enhanced the efficiency of our data preprocessing and model training processes. This targeted approach
minimizes noise in the data and maximizes the model’s ability to capture meaningful sentiment patterns
specific to the aviation context.

• Balance between detail and simplicity: While some columns, like Route or Date Flown, have inconsis-
tent data entry and could introduce sparsity issues, we intentionally selected fields with high completion
rates to maintain data quality. This decision ensured that our models were trained on a cohesive and
reliable dataset, improving the overall consistency and performance of the sentiment analysis. At the
same time, the exclusion of less relevant features allowed us to streamline our analysis and focus on our
primary research goal: understanding and predicting overall customer sentiment.

• Potential for future research: Finally, the richness of the dataset extends beyond our current analysis,
offering opportunities for more granular research in the future. Although we focused on sentiment and
satisfaction prediction, the dataset’s additional fields, such as traveler type or specific service ratings,
could be explored further to analyze particular aspects of customer experiences. This flexibility makes
the dataset a valuable resource for a wide range of future studies in the aviation industry.

In our study, while every column held significance, we focused on the serial number, Overall_Rating,
Review_Title, and Review columns, employing them for fine-tuning and sentiment analysis.

http://Airlinequality.com
http://Airlinequality.com
http://Airlinequality.com
http://Airlinequality.com
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Our data preparation process was comprehensive and methodical, aimed at improving the quality of our
predictive modeling approach. We began by analyzing the unique airline labels in our dataset, discovering
reviews from 369 different airlines.

The data preprocessing stage involved several key transformations. We cleaned the text data by removing
special characters and unnecessary white spaces to maintain data integrity. This step was crucial in preventing
potential noise that could compromise natural language processing techniques.

Text normalization was another important focus. We converted accented characters to their base forms,
which was particularly significant for languages with diacritical marks. We also standardized the text by
converting all characters to lowercase, ensuring consistent treatment across the dataset.

We refined the dataset by eliminating rows with empty values and removing columns irrelevant to our
sentiment analysis. Our data extraction process involved selecting a subset of 6000 rows from the original
23,171 customer reviews.

The dataset partitioning was a critical component of our methodology. We divided the data into training,
validation, and test sets through a two-phase approach. This strategic division is essential for developing
robust machine learning models that can effectively generalize across different linguistic contexts.

The training set played a pivotal role in the fine-tuning process, allowing the model to learn complex
patterns and relationships. Meanwhile, the validation set was instrumental in optimizing model performance
by enabling hyperparameter adjustments and preventing overfitting. This careful approach ensures the
model’s ability to make accurate predictions and perform effectively on new, unseen data.

The final stage of our modeling process involves evaluating the fine-tuned models using the test set,
which completes our comprehensive model refinement and assessment approach. We implemented the
stratify parameter in the train_test_split function to ensure balanced representation of the Overall_Rating
column across training, validation, and test sets, preventing any potential bias from unseen data during the
training process.

To highlight the dataset’s role in natural language processing model development, we created a smaller
subset from our original 6000 customer review dataset. This reduced dataset, containing approximately one-
third of the original data (1280 training samples and 320 validation samples), was used to further fine-tune
the models. Notably, we applied these refined models to the same test set of 1200 samples, allowing for a
consistent and comparative evaluation of model performance.

3.2 Creating a Compelling Prompt for the LLaMA Model
Our objective was to develop a universal prompt that could effectively work across multiple LLMs,

enhancing the accessibility of their generated outputs through our code. We carefully considered both the
prompt’s substantive content and its output formatting.

The process of creating a versatile prompt began with a comprehensive understanding of different
language models like GPT-3, GPT-4, and LLaMA-2, each possessing unique capabilities and limitations.
Crafting a prompt that could consistently elicit meaningful responses while maintaining broad accessibility
presented significant challenges. To overcome these difficulties, we employed two established prompting
strategies, taking into account the distinctive characteristics of each language model.

We developed a model-agnostic approach to content creation, designing a prompt that transcends
the specific architectural nuances or knowledge bases of individual LLMs. This strategy ensured maxi-
mum flexibility and broad applicability across various models. Our primary focus was on constructing a
prompt that articulates the task clearly and provides contextual information that any language model could
readily comprehend.
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Recognizing the critical importance of output formatting for usability, we prioritized creating a response
structure that is both coding-friendly and highly accessible. This involved designing an output format that
is logically organized and intuitively structured. Specifically, we determined that JSON format would best
serve our requirements for structured and easily interpretable results.

After many iterations and tests with different LLMs, we finalized a prompt that effectively generated
responses in the desired output format, making it understandable for both the models, as shown in Eq. (1)
(Model-Agnostic prompt).

conversation
= {′prompt′ ∶ ′As an airline passenger,you are required to rate your experience as a customer.′
′Predict the star rating (integer between 1 and 9) to the following review.′
′Return your response in json format like this example {′′rating′′∶ integer} .′
′Please avoid providing additional explanations. Review∶ /n ′ + input[′Review_Title′] + ′′

+ input[′Review ′] + ′′} (1)

3.3 Model Deployment, Fine-Tuning LLaMA-2 and BERT Models, and Predictive Modeling

This research utilized two distinct models: the NLP BERT model and the LLM LLaMA-2 model. Each
model underwent a tailored approach for fine-tuning and predicting airline review ratings.

3.3.1 LLaMA-2 Model

We utilized the llama-2-7b-chat base model to generate predictions for review ratings in our test set,
following a specific prompt outlined in Eq. (1). Our analysis involved a meticulous comparison between the
model-generated ratings and the original ratings provided by reviewers.

Given the substantial computational demands of LLaMA models, we leveraged the Replicate API for
both prediction generation and model fine-tuning. Drawing a parallel to Azure’s approach with GPT-3, which
employs Low-Rank Adaptation (LoRA) Parameter-Efficient Fine-Tuning (PEFT) to reduce GPU resource
requirements, Replicate similarly applied LoRA techniques—specifically the Quantized LoRA (QLora)
method—to optimize the fine-tuning process for the LLaMA model.

Subsequently, we carried out two fine-tuning sessions, which were labeled with the Job IDs
kroumeliotis/airline-reviews-6k:a2c027ef [41] and the reduced dataset kroumeliotis/airline-reviews-
2k:72e17ade [42].

In the first session, we used 8x A40 (Large) GPUs, and the process took 28 min. The evaluation showed
that the language model achieved a perplexity of about 5.40 and an epoch loss of around 1.69. By the third
training epoch, the model had a training perplexity of 5.09 and a training epoch loss of 1.63.

For the second session, we also used 8x A40 (Large) GPUs, but this time the total runtime was just 11
min. The evaluation indicated that the language model reached a perplexity of approximately 5.78 and an
epoch loss of about 1.76. By the third training epoch, the model’s training perplexity was 5.33, with a training
epoch loss of 1.67.

After fine-tuning, the fine-tuned models were employed to predict star ratings for airline reviews in the
test data. Subsequently, these results were integrated into the same CSV file for further comparative analysis.
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To fine-tune the LLaMA model, we created two JSONL files—one for training and one for validation—
each containing pairs of prompts and completions, as shown in Eq. (2) (JSONL file with prompt-completion
pairs for Fine-Tuning).

′′ prompt′′∶ ′As an airline passenger, you are required to rate your experience as a customer.′+
′Predict the star rating (integer between 1 and 9) to the following review.′
′Return your response in json format like this example {′′ rating′′∶ integer} .′
′Please avoid providing additional explanations. Review∶ /n ′+
row [′Review_Title ′] + ′′ + row [′Review ′] + ′′,
′′completion′′∶ ′{′′rating′′∶′ + str (row[′Overall_Rating ′]) + ′}′ (2)

3.3.2 BERT Model
We employed the BERT-base-uncased model from the transformers library, specifically the BertForSe-

quenceClassification variant, for our natural language processing project. This model includes a classification
component that converts outputs into probability distributions for different classes [43].

The BERT-base-uncased model processes text in a case-insensitive manner, converting all input to
lowercase during training. Its architecture comprises 12 layers, 768 hidden units, 12 attention heads,
and approximately 110 million parameters. The model utilizes self-attention mechanisms to understand
contextual relationships within input sequences [44].

Our fine-tuning process for sentiment analysis occurred in Google Colab, utilizing an A100 GPU to
maximize computational efficiency. We used a dataset of airline reviews and their corresponding ratings,
imported from a CSV file stored in Google Drive. The preprocessing stage involved tokenization using the
BERT tokenizer.

We configured several key hyperparameters, including a learning rate of 2e-5 and a batch size of 8.
The training employed adaptive moment estimation (Adam) and AdamW optimizers. The model underwent
training for three epochs, with progress monitoring facilitated by the tqdm library. The training process
incorporated backpropagation, optimization, and validation using a separate dataset, with careful GPU
resource management.

Upon completing the training, we preserved the fine-tuned model and tokenizer in a Google Drive
directory for future use. This comprehensive approach ensured the model was precisely tailored for sentiment
classification and prepared for deployment. After training, the model generated predictions on the test
dataset, with all associated code and training metrics documented in a GitHub Jupyter notebook [39].

4 Model Performance Comparison and Assessment
Section 3 explores the methodological approach for evaluating the predictive capabilities of two natural

language processing models: the LLaMA-2 Large Language Model and the BERT model. The primary
objective is to analyze their proficiency in interpreting the nuanced details within star-rated airline reviews.
This section presents the comprehensive results from our comparative analysis of these models across various
research stages.

4.1 Evaluation of Fine-Tuned Models
Before delving into our findings, it is essential to underscore the significance of model evaluation. In

the domains of machine learning and natural language processing, assessing model performance is critical.
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This evaluation provides profound insights into the models’ effectiveness following fine-tuning, serving
as a strategic tool for making informed decisions about model suitability. Moreover, it facilitates ongoing
improvements in model refinement and optimization for specific computational tasks. Table 1 provides an
extensive and detailed examination of each model’s performance, encompassing a comprehensive array of
pivotal evaluation metrics. This systematic assessment enables a thorough understanding of the models’
strengths, limitations, and potential applications in sentiment analysis of airline reviews.

Table 1: Model performance metrics comparison

Model Accuracy Precision Recall F1
base:llama-2-7b-chat 0.2992 0.3062 0.2992 0.2768
ft-2k:llama-2-7b-chat 0.3083 0.3257 0.3083 0.2982
ft-6k:llama-2-7b-chat 0.3283 0.3375 0.3283 0.3189

ft-2k:bert-adamw 0.2917 0.3032 0.2917 0.269
ft-2k:bert-adam 0.2975 0.2864 0.2975 0.2523

ft-6k:bert-adamw 0.315 0.3158 0.315 0.3004
ft-6k:bert-adam 0.3175 0.3295 0.3175 0.305

4.2 LLaMA Base Model Evaluation Phase
In the initial stage of our research, we employed the LLaMA base model (llama-2-7b-chat) to predict star

ratings from a test set of 1200 customer reviews. Our primary goal was to assess the large language model’s
ability to accurately forecast the star ratings originally assigned by airline customers.

Upon careful comparison of the model’s predictions with actual user-assigned star ratings, we discov-
ered notable insights. The llama-2-7b-chat model, without prior fine-tuning, demonstrated a respectable
accuracy of 29.92%, correctly predicting 359 out of 1200 reviews in our test set.

Context is crucial when interpreting these results. In predictive modeling, a 50% accuracy suggests
performance no better than random guessing for binary classifications. However, for multi-class scenarios
like star ratings ranging from one to ten, the baseline accuracy from random chance is merely 10% (1 out
of 10).

Theoretically, an untrained model should achieve around 10% accuracy through random guessing. Any
model surpassing this baseline indicates meaningful predictive capabilities. The LLaMA base model’s 29.92%
accuracy represents a significant improvement over random chance, highlighting its potential to discern
subtle patterns within review data.

These accuracy figures underscore the model’s ability to identify and extract meaningful insights
from the dataset, showcasing its capacity to generate predictions that are substantially more reliable than
random guessing.

Nevertheless, the model’s performance could be substantially improved through specialized fine-tuning,
which would enhance its capability to recognize and interpret complex data patterns and relationships.

4.3 Fine-Tuned Models Evaluation Phase
In the next phase of our research, we fine-tuned both the LLaMA and BERT models using two

different optimizers. The fine-tuning process utilized a training dataset of 3840 airline customer reviews,
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with the primary objective of improving model performance and adapting the models more precisely to our
specific task.

After completing the fine-tuning process, we evaluated the models’ predictive capabilities on the
same test dataset. The results were notably encouraging. The LLaMA-2 model demonstrated significant
improvement, increasing its accuracy to 32.83%, correctly predicting 394 out of 1200 reviews in the test set.

The BERT model showed comparable performance during fine-tuning. When using the ADAMW
optimizer, the model achieved an accuracy of 31.5%. Interestingly, switching to the ADAM optimizer yielded
a slight performance boost, with the model reaching an accuracy of 31.75% in its predictions.

These results highlight the potential of fine-tuning in enhancing model performance, with both
LLaMA-2 and BERT models showing marked improvements in their ability to predict star ratings for
airline reviews.

4.4 Evaluation of Fine-Tuned Models on One-Third of the Dataset
We investigated the impact of training dataset size on NLP model fine-tuning by repeating the process

with a reduced dataset of approximately one-third of the original, using 1280 samples instead of the initial
3840.

In this experiment, the LLaMA-2 model demonstrated remarkable consistency. Despite the smaller
training set, it maintained strong performance, achieving an accuracy of 30.83% and correctly predicting 370
out of 1200 test samples. The BERT model showed similar resilience, reaching an accuracy of 29.17% with the
ADAMW optimizer. Switching to the ADAM optimizer marginally improved its performance to 29.75%.

While these accuracy rates are impressive, it’s crucial to recognize that NLP models, especially LLMs,
typically generate more precise predictions when trained on larger datasets. The 3840 samples used in
this study, while substantial, may not fully represent the potential performance achievable with even more
extensive training data.

4.5 Assessing Models’ Performance and Proximity with Original Ratings
To thoroughly evaluate the performance of both base and fine-tuned models and examine how closely

their predictions aligned with the original reviewer ratings, we applied the mean_absolute_error metric
from the scikit-learn library. Mean Absolute Error (MAE) served as a crucial statistical tool to measure the
deviation between model predictions and actual ratings for both the base and fine-tuned models.

The results of this comparative analysis are visually represented in Figs. 1–3 using scatterplots. These
visualizations include an ideal fit line, which represents the points where model predictions exactly match the
original ratings. By plotting the predictions against the actual values, we created a clear visual representation
of the models’ predictive accuracy and potential systematic biases in their rating forecasts.

The Mean Absolute Errors (MAEs) provide important insights into the performance of different NLP
models under various fine-tuning settings. A lower MAE indicates that the model’s predictions are, on
average, closer to the actual values, reflecting better accuracy and predictive power.

The base llama-2-70b-chat model has an MAE of 1.403, which represents the average absolute difference
between its predictions and the true values. After fine-tuning with the complete training set (100%), the
LLaMA model shows notable improvement, resulting in a significantly reduced MAE of 1.325. Additionally,
when fine-tuned using only one-third of the training data, the MAE was recorded at 1.363.

Similarly, the BERT model, when trained on the entire training dataset, achieved MAEs of 1.255
(ADAMW) and 1.28 (ADAM), while training on the 1/3 training set resulted in MAEs of 1.33 (ADAMW)
and 1.319 (ADAM), respectively.
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Figure 1: MAE for LLaMA base model

Figure 2: MAE for fine-tuned models trained on a 2k dataset

Figure 3: MAE for fine-tuned models trained on a 6k dataset
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Visualizing these results in scatterplots also aids in better understanding our dataset. Despite our initial
assumption of dataset balance, encompassing all labels from 1 to 10, examination of the scatterplots revealed
the absence of label 10 in our dataset. This absence does not impact the training of the BERT model. However,
during fine-tuning and prediction with the LLaMA model, the prompt explicitly requests predictions from
1 to 10. The LLaMA model strictly adheres to these instructions and includes all ten labels in its predictions,
making it vulnerable to such cases.

5 Research Findings
In the earlier sections, we explored the methods and results related to the predictive performance of

the LLaMA-2 LLM and the BERT NLP model in evaluating star ratings for airline customer reviews. This
section presents the research outcomes and insights gained about the use of LLMs for sentiment analysis in
customer feedback, addressing key research questions.

5.1 The Importance of Domain-Specific Fine-Tuning
• Research Question 1: What is the importance of fine-tuning LLMs and NLP models for domain-specific

tasks?
• Research Statement 1: Fine-tuning LLMs and NLP models for domain-specific tasks is essential for

enhancing model performance and applicability in real-world scenarios. By adapting them to grasp
domain-specific nuances and patterns, we can improve their performance and applicability.

Fine-tuning LLMs and NLP models for specific tasks is essential for maximizing their effectiveness in
practical applications. Models like Meta’s LLaMA-2 series and BERT are initially trained on extensive datasets
covering a wide range of topics, which equips them to generate and understand human-like text in various
contexts. However, adapting these models for particular domains significantly boosts their performance in
specialized areas.

For instance, the base llama-2-7b-chat model recorded an accuracy of 29.92% in predicting review
ratings. After undergoing fine-tuning with the complete dataset, this accuracy increased to 32.83%. This
notable improvement of about 3% underscores the importance of fine-tuning LLMs such as LLaMA-2-7B
for specialized tasks. By customizing the model to focus on review ratings, it can more effectively learn the
specific patterns and nuances relevant to this field, leading to better predictive outcomes.

Fine-tuning helps the model tailor its existing knowledge to the unique aspects of the target task and
dataset. In the context of predicting review ratings, this includes learning to identify sentiment, interpret
context, and extract key features from textual data. Through iterative refinement during the fine-tuning
process with training and validation datasets, the model enhances its ability to recognize these specific
subtleties, resulting in improved performance metrics, including accuracy.

5.2 The Importance of Data Quantity and Quality in Fine-Tuning
• Research Question 2: How do the volume and quality of datasets designated for fine-tuning influence

the effectiveness of the fine-tuning process?
• Research Statement 2: The quality and volume of the dataset play a more significant role than fine-

tuning parameters in fine-tuning LLMs. Conducting human evaluations of the dataset before fine-tuning
and utilizing larger datasets are vital measures to safeguard LLMs against inaccurate predictions and
unbalanced datasets.

In Section 4.4, we aimed to explore how the quantity of training data affects the performance of LLM
and NLP models. To do this, we randomly selected one-third of the reviews from the original training set to
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create a new subset. Both models were fine-tuned using this subset and tested on the same set of customer
reviews to predict star ratings.

In our analysis of model performance, we observed significant variations in accuracy when contrasting
models trained on one-third of the dataset with those utilizing the complete dataset. The fine-tuned LLaMA-2
model experienced a 2% drop in accuracy and a 1.18% reduction in precision compared to the version trained
on the full dataset. Likewise, the BERT model displayed a decrease of 2.04% in accuracy and a 4.31% decline
in precision. These findings underscore the critical role that the volume of training data plays in determining
the effectiveness and reliability of the models.

Additionally, the scatterplots presented in Section 4.5 helped us understand the dataset better. Despite
assuming a balanced dataset with labels ranging from 1 to 10, examining the scatterplots revealed the absence
of label 10. While this absence doesn’t affect the BERT model, it presents a challenge during fine-tuning and
prediction with the LLaMA model, which strictly adheres to the instruction to predict within the 1 to 10
range. Figs. 1 and 2 illustrate this point, showing that the LLaMA models trained on a smaller dataset predict
label “10”, while those trained on larger datasets refrain from doing so.

These findings demonstrate that LLMs can be affected by unbalanced data and misleading prompts. To
mitigate this, it’s crucial to conduct human evaluations of the data before fine-tuning and consider using
larger training sets to allow the LLMs to adapt to dataset nuances and features. In contrast, NLP models
rely on statistics and are not dependent on human-crafted prompts, making them more adaptable for tasks
involving unbalanced data.

5.3 Fine-Tuned Models Comparison
• Research Question 3: To what extent does fine-tuning enhance the effectiveness of LLaMA-2 and BERT

for sentiment analysis of airline reviews, and how does it impact the outputs produced by these models?
• Research Statement 3: The LLaMA-2 fine-tuned model exhibits slightly greater predictive capabilities

than the BERT fine-tuned model, and fine-tuning significantly refines output structure and adherence
to specified formats, ensuring more accurate and contextually appropriate responses.

Our research in Section 4.2 investigated the comparative effectiveness of fine-tuned LLaMA-2 and
BERT models, trained on a dataset of 6000 airline customer reviews and tested on a sample of 1200
reviews for sentiment analysis. Findings indicate that LLaMA-2, after fine-tuning, demonstrated a slight but
measurable performance advantage over BERT, achieving a 1.08% higher accuracy in predicting customer
review sentiment. This performance edge can be attributed to several architectural and training distinctions
between the two models.

LLaMA-2, designed with over 7 billion parameters [34], possesses a significantly larger capacity for
learning compared to BERT, which comprises 110 million parameters [44]. The large parameter count in
LLaMA-2 allows for a deeper and more nuanced representation of language patterns, particularly beneficial
for complex language tasks like sentiment analysis, where subtle variations in phrasing and tone can
significantly affect interpretation. Additionally, LLaMA-2’s extensive pre-training phase exposed it to a
broader and more diverse range of public datasets, providing it with a more comprehensive foundational
understanding of various linguistic nuances.

This robust pre-training process likely enhanced LLaMA-2’s ability to capture domain-specific expres-
sions and subtle sentiment shifts often found in airline reviews, such as context-dependent language related to
travel experiences, customer service interactions, and emotional tone. In contrast, BERT, while effective and
widely used for many NLP tasks, was pre-trained on a comparatively smaller dataset and was not designed
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with as high a parameter count, limiting its depth of language comprehension and, consequently, its precision
when fine-tuned for specific applications like airline sentiment analysis.

The marginal but consistent performance advantage of LLaMA-2 in this study underscores the role
of model architecture and scale in enhancing predictive capabilities, especially when adapted for nuanced,
domain-specific tasks. Fine-tuning builds on these inherent strengths by further aligning the model’s
understanding with the targeted dataset, allowing models like LLaMA-2 to leverage their comprehensive
pre-training to excel in specialized applications.

Furthermore, examining the output structure before and after fine-tuning reveals the substantial impact
of fine-tuning on the models’ adherence to specified response formats. In Section 3.3.1, the LLaMA-2 base
model’s unstructured outputs deviated from the requested JSON format, producing full-text explanations
in 14 out of 1200 cases. This inconsistency suggests that while pre-trained models possess general predictive
capabilities, they may lack reliability in generating structured outputs specific to the task requirements.

However, after fine-tuning, the LLaMA-2 model consistently produced accurate and structured
responses in JSON format, even when handling varied inputs. This improvement underscores the role of
fine-tuning in stabilizing model behavior, adapting prediction structures, and aligning outputs to meet the
requirements of domain-specific tasks. In summary, fine-tuning not only enhances prediction accuracy but
also ensures that models like LLaMA-2 can reliably generate task-specific, structured outputs, emphasizing
the critical importance of fine-tuning for improving model performance and applicability in real-world
industry settings.

5.4 Comparing Fine-Tuning and Prediction Performance: LLMs vs. Non-LLM NLP Models
• Research Question 4: Are LLaMA-2 and BERT capable of accurately assessing sentiment in reviews, and

in what ways can LLMs and NLP technologies transform dynamic industries like aviation?
• Research Statement 4: Both the LLaMA-2 and BERT models have shown proficiency in accurately

predicting sentiment in airline customer reviews. Although LLaMA-2 boasts a slightly higher accuracy
rate, balancing this against the economic factors involved in fine-tuning and predictions and aligning
with the desired accuracy levels set for the project is crucial.

The research findings reveal that LLaMA-2 and BERT models, following meticulous fine-tuning, exhibit
remarkable proficiency in predicting sentiment from airline customer reviews. Their performance surpasses
base random chance predictions by a significant margin, underscoring the efficacy of transformer-based
models in sentiment analysis and classification endeavors.

To address the resource intensity of fine-tuning LLaMA-2 and provide a comprehensive analysis of the
trade-offs between computational expense and performance gains, we compared the fine-tuning costs of the
LLaMA-2-7b-chat model with a traditional transformer-based model, BERT, using datasets of different sizes.
For a dataset of 6000 samples, fine-tuning LLaMA-2 on 8 A40 GPUs took 28 min and cost $19.41, while
fine-tuning on a smaller 2000-sample dataset took 11 min and cost $7.62. In stark contrast, BERT required
only a single A100 GPU on Google Colab, with fine-tuning times of 361 s ($1.04) and 121 s ($0.35) for the
6000-sample and 2000-sample datasets, respectively. These findings reveal a fundamental trade-off: while
LLMs like LLaMA-2 offer the potential for improved accuracy due to their extensive pretraining and billions
of parameters, this comes at a significant cost in computational resources, time, and budget. For instance,
the fine-tuning of LLaMA-2 on a 6k dataset was nearly 19 times more expensive than that of BERT, despite
both models achieving strong predictive performance in sentiment analysis.

This stark disparity raises critical questions about the cost-effectiveness and practicality of deploying
LLMs in real-world applications. While LLaMA-2’s ability to process and learn from large datasets may yield
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slight improvements in performance metrics such as accuracy or F1 score, the associated costs make its
application less feasible for organizations with limited budgets or those operating under resource constraints.
Furthermore, the time required for fine-tuning LLaMA-2 can introduce additional delays in workflows
where rapid model development and deployment are priorities. These considerations are particularly
relevant for small-to-medium enterprises, educational institutions, and researchers in resource-constrained
environments, where the marginal performance gains of LLaMA-2 may not justify its disproportionately
higher resource demands.

On the other hand, BERT’s lower computational requirements make it a compelling choice for scenarios
where computational efficiency and cost-effectiveness are paramount. Its ability to achieve competitive
results with significantly less resource investment enables broader accessibility and scalability, particularly in
cases where budgetary constraints or environmental sustainability are key concerns. However, it is important
to acknowledge that the performance gap, even if small, between BERT and LLaMA-2 could be decisive for
high-stakes applications such as medical diagnosis, legal document analysis, or financial forecasting, where
the cost of errors outweighs computational expenses.

This analysis highlights the importance of a tailored approach to model selection. Stakeholders must
weigh the trade-offs between accuracy and resource expenditure based on their specific goals, available
resources, and operational constraints. For instance, while organizations prioritizing cutting-edge perfor-
mance may favor LLaMA-2 despite its higher cost, others focused on cost minimization and widespread
adoption may find BERT more suitable. Additionally, the scale of the dataset plays a pivotal role in
determining the practicality of these models. Large datasets tend to amplify the resource demands of
LLaMA-2, further widening the cost-performance gap compared to BERT. This suggests that BERT
could remain a more economical choice for medium-sized datasets or iterative workflows where rapid
experimentation is required.

Moreover, these findings have broader implications for the responsible and sustainable use of AI. The
high energy consumption and associated carbon footprint of LLMs like LLaMA-2 necessitate a deeper con-
sideration of their environmental impact, especially as AI adoption continues to scale globally. Organizations
should explore hybrid approaches, such as leveraging smaller, domain-specific models where feasible or
employing efficient fine-tuning techniques like parameter-efficient transfer learning (e.g., LoRA or adapters)
to mitigate the computational costs of LLMs.

In summary, while LLaMA-2 represents a significant advancement in the capabilities of LLMs, its
resource intensity underscores the need for careful decision-making in AI deployment. The choice between
models like LLaMA-2 and BERT should be guided not only by performance metrics but also by practical
considerations such as cost, time, and environmental sustainability. By aligning model selection with
specific use cases and operational priorities, stakeholders can harness the power of AI more effectively
and responsibly.

5.5 Explainability in Sentiment Analysis Models
To gain deeper insights from our study, we chose to further analyze the predictions made by the trained

models using model explainability techniques. There are several established methodologies for explaining
model predictions in NLP, including approaches such as Top Influential Words [45], SHAP (SHapley Additive
exPlanations) [46], and LIME (Local Interpretable Model-agnostic Explanations) [47].

In this study, we opted for the Top Influential Words approach rather than SHAP or LIME for several
practical reasons. Both SHAP and LIME are powerful tools for model interpretability, but they typically
require direct access to the trained model’s internal architecture and the ability to load the model locally for
making perturbations. Given that we fine-tuned the LLaMA model via the Replicate API, which does not
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provide access to the model’s internal parameters, implementing SHAP or LIME in this context would not
have been feasible.

As a result, the Top Influential Words methodology, which involves identifying and analyzing the words
that most strongly influence the model’s sentiment predictions, became a more practical and accessible choice
for explainability in our case. This approach enabled us to better understand the model’s decision-making
process without needing direct access to its internal structure.

• Objective: The primary goal of this methodology is to explore and visualize the most influential words
that contribute to sentiment predictions made by the BERT and LLaMA models. By examining these
words, we can uncover how each model interprets and processes the sentiment expressed in customer
reviews. This step is crucial for understanding model behavior and ensuring that predictions align with
human interpretable features of sentiment.

• Dataset: We utilized the test set containing airline reviews, each paired with a sentiment rating
predictions for both of our models ranging from 1 to 10. The reviews provide textual feedback from
customers, reflecting their experiences with the airline. The sentiment ratings correspond to the level
of satisfaction the customers felt, with higher ratings indicating positive sentiment and lower ratings
reflecting negative sentiment. This dataset serves as the foundation for analyzing the models’ predictions
and their underlying decision-making processes.

• Text preprocessing: Before analyzing the sentiment models, we applied a series of preprocessing steps to
ensure that the text was in a suitable format for analysis. These steps included lowercasing, tokenization,
stopword removal, punctuation removal, and lemmatization. Lowercasing ensured uniformity by con-
verting all text to lowercase, while tokenization broke the text into individual words or tokens. Stopword
removal eliminated common but uninformative words (e.g., “and”, “the”), and punctuation removal
helped focus on the core content of the text. Additionally, lemmatization was applied to reduce words to
their base form, ensuring that different inflections of the same word were treated as a single entity. These
preprocessing steps collectively helped our program capture the words that were more influential in the
models’ predictions.

• Creating word occurrence dictionaries for sentiment ratings: To understand the influence of specific
words on sentiment classification, we created a dictionary to track word occurrences for each sentiment
rating (1 to 10). Each sentiment rating has its own sub-dictionary, and we populate these dictionaries by
iterating through the reviews.

• For each review, we extracted the processed words (after preprocessing) and associated them with the
rating predicted by either the BERT or LLaMA model. This allows us to track the frequency of each word
in reviews that correspond to a specific sentiment rating, enabling us to identify which words are most
commonly associated with particular sentiment levels.

• Once the word occurrences were tracked for each rating, we identified the most influential words for each
sentiment rating. A function was used to select the most frequent words for each rating, sorting them by
their frequency and selecting the top words as depicted on Eq. (3) (Fine-Tuned LLaMA-2 Top Influential
Words), and Eq. (4) (Fine-Tuned BERT Top Influential Words). This process enabled us to highlight the
key words that each model uses to classify sentiment. For instance, words like “service”, “flight”, “seat”,
and “good” might appear frequently for high ratings, while words such as “never”, “luggage”, and “delay”
might be common for lower ratings.

Rating 1∶ [(′flight ′, 156), (′airline ′, 88), (′hour ′, 72), (′time ′, 60), (′customer ′, 50), (′service ′, 49),
(′get ′, 47), (′luggage ′, 44), (′never′, 44), (′even ′, 41)]

Rating 2∶ [(′flight ′, 256), (′airline ′, 127), (′seat ′, 95), (′time ′, 93), (′hour ′, 80), (′u ′, 71), (′service ′, 71),
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(′one ′, 59), (′get ′, 57), (′air ′, 55)]
Rating 3∶ [(′flight ′, 237), (′airline′, 91), (′seat ′, 80), (′time ,′ 71), (′hour ′, 62), (′service ′, 57), (′one ′, 50),

(′passenger ′, 50), (′plane ′, 49), (′staff ′, 48)]
Rating 4∶ [(′flight ′, 192), (′seat ′, 93), (′airline ′, 64), (′service , 63), (′time ′, 61), (′hour ′, 43),

(′plane ′, 43), (′would ′, 39), (′one ′, 35), (′crew ′, 34)]
Rating 5∶ [(′flight′, 193), (′airline′, 69), (′seat′, 66), (′time′, 57), (′service′, 54), (′hour′, 46), (′crew′, 38),

(′plane′, 37), (′staff ′, 37), (′food ′, 35)]
Rating 6∶ [(′flight′, 228), (′seat′, 98), (′time′, 66), (′service′, 66), (′airline′, 59), (′plane′, 56), (′would′, 51),

(′food′, 46), (′hour′, 45), (′good′, 43)]
Rating 7∶ [(′flight′, 276), (′seat′, 131), (′airline′, 80), (′time′, 79), (′good′, 70), (′food′, 70), (′hour′, 59),

(′crew′, 57), (′service′, 54), (′cabin′, 52)]
Rating 8∶ [(′flight′, 683), (′seat′, 238), (′good′, 237), (′time′, 221), (′service′, 197), (′airline′, 175),

(′crew′, 161), (′food′, 138), (′cabin′, 137), (′plane′, 115)]
Rating 9∶ [(′flight′, 268), (′time′, 121), (′service′, 109), (′good′, 92), (′seat′, 89), (′airline′, 76), (′crew′, 58),

(′staff′, 54), (′cabin′, 51), (′would′, 49)]
Rating 10∶ [], (3)

Rating 1∶ [(′flight ′, 173), (′airline ′, 104), (′hour ′, 67), (′time ′, 64), (′day ′, 47), (′never ′, 46),
(′service ′, 42), (′airport ′, 41), (′customer′, 41), (′bag ′, 36)]

Rating 2∶ [(′flight ′, 529), (′airline ′, 187), (′seat ′, 185), (′time ′, 162), (′hour ′, 156), (′service ′, 141),
(′u ′, 132), (′one ′, 118), (′get ′, 112), (′plane ′, 112)]

Rating 3∶ [(′flight , 85), (′seat′, 62), (′airline ′, 54), (′time ′37, ), (′service ′, 24), (′passenger ′, 23),
(′hour ′, 23), (′customer ′, 22), (′would ′, 22), (′staff ′, 21)]

Rating 4∶ [(′flight ′, 389), (′seat ′, 178), (′airline ′, 133), (′time , 120), (′service ′, 112), (′hour ′, 77),
(′plane ′, 75), (′one ′, 75), (′food ′, 72), (′staff ′, 70)]

Rating 5∶ [(′flight′, 100), (′seat′, 54), (′service′, 38), (′food′, 35), (′airline′, 35), (′plane′, 35),
(′time′, 31), (′good ′, 30)(′crew′, 26), (′cabin ′, 22)]

Rating 6∶ [(′flight′, 241), (′seat′, 105), (′time′, 81), (′service′, 67), (′airline′, 66), (′hour′, 64),
(′plane′, 60), (′food′, 60), (′good′, 56), (′would′, 55)]

Rating 7∶ [(′flight′, 224), (′seat′, 75), (′time′, 64), (′good′, 56), (′service′, 55), (′food′, 53), (′crew′, 47),
(′airline′, 43), (′hour′, 39), (′boarding′, 3)]

Rating 8∶ [(′flight′, 360), (′good′, 127), (′time′, 111), (′seat′, 104), (′service′, 93), (′airline′, 85),
(′crew′, 80), (′food′, 71), (′friendly′, 67), (′cabin′, 64)]

Rating 9∶ [(′flight′, 388), (′time′, 159), (′service′, 148), (′good′, 145), (′seat′, 136), (′airline′, 122),
(′crew′, 109), (′cabin′, 92), (′food′, 76), (′staff′, 72)]

Rating 10∶ [] (4)
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5.5.1 Key Observations for the LLaMA Model
Low Ratings (1–4): For ratings 1–4, words like “flight”, “airline”, “hour”, “time”, “service”, “seat”, and

“customer” consistently appear. These words suggest that the LLaMA model associates negative sentiments
with common pain points such as issues with the flight experience, poor service, uncomfortable seats, or
delays.

• Rating 1: The words “never”, “luggage”, and “even” are notable, implying frustration and negative
experiences (e.g., “never again”, baggage issues).

• Ratings 2 and 3: Words like “seat” and “service” appear more frequently, indicating dissatisfaction with
physical comfort and the quality of service.

Moderate Ratings (5–6): For ratings 5–6, a mix of negative words like “flight”, “seat”, and “time” is
observed, along with some positive indicators such as “good” and “would”. This suggests that, while there are
issues, there is also some level of neutral or slightly positive sentiment.

• Rating 5: Words like “crew” and “food” are more prominent, pointing to dissatisfaction with service and
in-flight amenities, though these are not necessarily the most critical issues.

Higher Ratings (7–9): For higher ratings, words like “good”, “service”, “food”, and “seat” become more
prominent, indicating that the LLaMA model associates comfort (e.g., seats, food) and good service with
positive sentiment.

• Rating 8: Words such as “good”, “service”, “flight”, and “seat” dominate, suggesting that positive
experiences are primarily driven by these factors.

5.5.2 Key Observations for the BERT Model
Low Ratings (1–4): Similar to LLaMA, BERT associates negative sentiment with common pain points

such as “flight”, “airline”, “seat”, “time”, “service”, and “hour”.

• Rating 1: Words like “never”, “bag”, and “airport” are notable, indicating a highly negative sentiment
towards the flight process, including issues with luggage and airport service.

• Ratings 2 and 3: Similar to LLaMA, “seat” and “service” are strong indicators of dissatisfaction. However,
BERT also emphasizes issues related to the plane and staff, suggesting it may place additional importance
on these operational aspects.

Moderate Ratings (5–6): For ratings 5–6, the appearance of words like “good”, “food”, and “service”
signals a shift toward slightly more positive sentiment, although complaints about comfort and service
remain prevalent.

• Rating 5: Similar to LLaMA, words like “food”, “service”, and “cabin” are prominent, indicating dissatis-
faction with specific aspects like meals and seating. However, the sentiment is less negative than in the
lower ratings.

Higher Ratings (7–9): Higher ratings in BERT are more strongly associated with positive words such
as “good”, “food”, “seat”, “service”, and “flight”. There’s also a significant emphasis on “crew” and “cabin”,
suggesting that BERT associates satisfaction with the overall service and comfort of the flight.

• Rating 8: Positive terms like “good”, “service”, and “flight” dominate, similar to LLaMA. However, BERT
places more emphasis on the word “friendly” (as in “friendly service”), highlighting a more personal
experience aspect in its interpretation of positive sentiment.
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5.5.3 Key Differences between LLaMA and BERT in Sentiment Analysis

While both models focus on key aspects of the flight experience (such as “flight”, “airline”, “seat”, and
“service”), LLaMA appears to place a heavier emphasis on “luggage” and “staff ”, which suggests it may be
more sensitive to certain operational aspects of the airline experience. BERT, on the other hand, frequently
highlights “friendly” and “boarding”, possibly indicating a stronger focus on the personal experience and
interpersonal aspects of the flight.

Both models start to associate positive terms like “good”, “food”, and “service” with higher ratings, but
BERT is slightly more inclined to emphasize “friendly” interactions and service aspects, which could reflect
a more holistic view of customer service in sentiment analysis.

Ultimately, both models identify similar aspects of the airline experience (e.g., flight comfort, service
quality, and time issues), but the differences in their focus could suggest nuances in how each model interprets
sentiment and customer feedback. This analysis gives us insights into which terms each model considers
most representative, influencing their predictions.

6 Conclusions

This paper investigates the performance of two advanced sentiment analysis models, LLaMA-2 and
BERT, in the context of airline review sentiment analysis. The study addresses the nuances of sentiment
expression in airline-related text data through meticulous fine-tuning, domain adaptation, and the inno-
vative application of few-shot learning. Both models demonstrate remarkable proficiency in predicting
sentiment from airline customer reviews, with LLaMA-2 exhibiting a slight accuracy advantage owing to its
pretraining with billions of parameters. However, the resource demands for fine-tuning and prediction with
LLaMA-2 pose economic considerations compared to the more resource-efficient NLP models. By providing
valuable insights into model effectiveness and resource trade-offs, this research aids industries in predicting
recommendations and enhancing customer satisfaction through a deeper understanding of sentiment in
user-generated content, ultimately contributing to improved customer experiences in the airline industry.
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