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Abstract—Sentiment analysis is crucial for many 
organizations, including those in the transportation industry 
which use it to gain insights into current issues and improve 
services provided by public transport operators. However, 
industries such as transportation face difficulties in fully 
utilizing AI tools due to the lack of annotated, domain-
specific datasets. This scarcity often stems from challenges 
such as the sensitive nature of the data and a shortage of 
manpower dedicated to data annotation. Although many 
sentiment analysis technologies exist, including state-of-the-
art transformer-based models, typically require access to 
large, annotated datasets. This creates a gap in solutions for 
scenarios characterized by limited and imbalanced data. Our 
research aims to address this gap by systematically exploring 
strategies for optimizing sentiment analysis with small, 
imbalanced datasets for multi-class sentiment classification 
tasks. We consider constraints posed by data privacy and 
resource limitations, proposing methodologies that enhance 
sentiment analysis accuracy without the need for large 
datasets or extensive annotation efforts. Using RoBERTa, a 
transformer-based pre-trained model designed for sentiment 
analysis, and a combination of optimization and data 
augmentation techniques, we aim to extend the capabilities of 
sentiment analysis models to perform effectively in data-
sparse situations. Our approach addresses the challenges of 
small datasets and contributes to the broader field of 
sentiment analysis by offering scalable solutions that can be 
adapted to various domain-specific environments. Our 
experimentation has achieved significant improvements in 
prediction accuracy, demonstrating the feasibility and 
effectiveness of our approach. By integrating theoretical 
insights with practical applications, our study sheds light on 
the untapped potential of small datasets in sentiment 
analysis. It provides a roadmap for leveraging advanced 
optimization techniques and innovative data processing 
strategies to achieve high levels of accuracy, thus opening new 
avenues for research and application in areas where data is 
inherently limited. 
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I. INTRODUCTION 

In the digital age, sentiment analysis has emerged as a 
key tool across various industries, allowing organizations 

to decipher the emotional undertones of large volumes of 
textual data. This computational technique is particularly 
beneficial in the transportation sector, where 
understanding passenger sentiment can directly lead to 
enhanced service delivery and customer satisfaction. 
Analyzing commuter feedback not only provides insights 
into ongoing situations but also improves customer 
experience by enabling real-time analysis and timely 
responses. Additionally, it facilitates the identification of 
emerging trends, allowing for timely adjustments in 
business strategies, operations, and maintenance. Studies 
such as Mansor and Abri [1] highlight the importance of 
real-time data analysis in improving urban transport 
systems, while research by Randheer et al. [2] discusses 
the impact of receiving travel feedback on commuter 
behavior and the quality of public transport services. 

Despite its potential, the adoption and effective use of 
sentiment analysis in such domains are hindered by 
significant challenges. One of the primary obstacles is the 
scarcity of domain-specific annotated datasets. In fields 
like transportation, where data can be highly sensitive, 
compiling and annotating large volumes of text poses both 
privacy concerns and logistical difficulties. For example, 
the Personal Data Protection Act (PDPA) in Singapore 
imposes strict regulations that complicate the data 
collection process, underscoring the need for 
methodologies that respect privacy while still extracting 
valuable insights. References to data sensitivity in the 
transportation domain can be found in [3], which discusses 
the challenges of data annotation, and in articles on the 
GDPR that explore the complexities of data privacy in AI 
applications. Collecting such labeled data is a notoriously 
expensive and time-consuming process, as noted by  
Ein-Dor et al. [4]. 

Most advanced sentiment analysis technologies, 
including state-of-the-art transformer-based models such 
as Bidirectional Encoder Representations from 
Transformers (BERT) and its variants, rely heavily on 
large, richly annotated datasets to achieve high accuracy. 
These models have revolutionized the field of natural 
language processing due to their ability to understand 
context and nuance far beyond the capabilities of earlier 
systems. However, their reliance on extensive datasets 
renders them less effective in scenarios where such 
resources are scarce or imbalanced. Our research addresses 
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this gap by deploying RoBERTa, using hyperparameter 
tuning, including adjustments to maximum token length, 
learning rate, and epoch settings, and incorporating 
innovative data augmentation techniques aimed at 
enhancing model training under constrained data 
conditions. Foundational work on BERT by  
Devlin et al. [5], along with subsequent studies by  
Hassani et al. [6] on the limitations imposed by data 
availability for transformer models, provides a robust 
framework for our methodologies. 

Our systematic exploration and experimentation have 
led to significant advancements. For example, our 
modified RoBERTa model, fine-tuned on our specific 
datasets and further enhanced, achieved an F1-Score of 
0.73, a substantial improvement from the 0.49 achieved 
using the unoptimized pre-trained model. This 
demonstrates the efficacy of our approach in data-sparse 
situations. In this study, “data-sparse situations” refer 
specifically to environments where access to large, 
annotated datasets is restricted, making it challenging to 
train data-hungry models like transformers without 
employing data-efficient techniques. Studies on sentiment 
analysis performance in limited data scenarios by  
Tan et al. [7] further validate our findings and underscore 
the potential for significant improvements in accuracy 
through targeted optimizations. 

By integrating theoretical insights with practical 
applications, our study highlights the untapped potential of 
small datasets in sentiment analysis. Specifically, our work 
addresses a multi-class sentiment classification task, 
categorizing sentiments into five distinct classes based on 
commuter feedback. It offers a roadmap for leveraging 
advanced optimization techniques and innovative data 
processing strategies to achieve high levels of accuracy, 
opening new avenues for research and application in areas 
where data are inherently limited. Beyond transportation, 
sectors such as hospitality and food and beverage can also 
apply these insights to significantly enhance their services, 
demonstrating the versatile applicability of our findings. 
The broader applications of optimized sentiment analysis 
techniques can be adapted to various service industries [8]. 

The novelty of this study lies in the integration of 
synthetic data augmentation using ChatGPT with stratified 
sampling and fine-tuning strategies to enhance multi-class 
sentiment classification on small and imbalanced datasets. 
Unlike previous research, which typically focuses on 
either data augmentation or model optimization in 
isolation, our approach uniquely combines both techniques 
to maximize performance gains. This combined strategy 
addresses the limitations of small, annotated datasets and 
imbalanced class distributions, offering a scalable and 
replicable solution for domain-specific sentiment analysis 
tasks. 

II. LITERATURE REVIEW 

In the field of sentiment analysis, numerous methods for 
analyzing and evaluating sentiment analysis have been 
offered in the past. The approaches, on the other hand, are 
constrained in a variety of ways, which will be discussed 
in this section. 

A. Challenges in Sentiment Analysis with Limited Data 
Sentiment analysis has attracted extensive research 

attention, yet it remains challenging under data-scarce and 
imbalanced conditions. Several studies illustrate these 
limitations while offering valuable insights that inform our 
proposed approach. 

Zhang et al. [9] evaluated the performance of pre-
trained transformer models for sentiment analysis in the 
software engineering domain. While their study 
demonstrated that transformer-based models outperform 
traditional baselines, it also revealed significant annotation 
inconsistencies, with over 18% disagreement among 
human annotators. This highlights the subjective nature of 
sentiment labelling, a weakness that can introduce noise 
and reduce model reliability. Our work acknowledges this 
challenge and aims to improve model robustness in the 
presence of such label noise, particularly in small datasets. 

Prabhu et al. [10] applied BERT-based models for 
multiclass classification in a logistics domain using over 
44,000 labeled samples. The strength of their work lies in 
showing how transformer models scale with sufficient 
data. However, they also noted that acquiring such large, 
labeled corpora is often infeasible for organizations with 
limited resources. This limitation reinforces the relevance 
of our research, which is designed to optimize model 
performance under constraints of dataset size and 
annotation effort. 

In the context of financial sentiment analysis, 
Omarkhan et al. [11] proposed a hybrid Convolutional 
Neural Network-Long Short-Term Memory (CNN-
LSTM) model. While their architecture successfully 
captured both spatial and temporal features of text, its 
performance degraded significantly in the presence of 
class imbalance. This weakness exposes a critical 
shortcoming in deep learning models when faced with 
skewed distributions. Addressing this, our approach 
integrates stratified sampling and synthetic augmentation 
to counteract imbalance and enhance minority class 
learning. 

Similarly, Lu et al. [12] conducted a comparative 
analysis of deep learning models on unstructured medical 
texts with varying class distributions. Their findings 
confirm that even advanced models struggle to generalize 
when minority classes are underrepresented. Although 
their study is situated in the healthcare domain, the 
methodological implications are directly relevant: it 
supports our argument that balanced training data is 
essential for reliable sentiment classification, regardless of 
domain. 

Stantic et al. [13] and Ghanem et al. [14] investigated 
sentiment classification on noisy and imbalanced datasets 
from social media and news. While both studies provided 
valuable insight into the challenges of generalizability in 
real-world data, their models suffered from performance 
drops due to inconsistencies and skewed distributions. 
This underscores the importance of preprocessing and 
augmentation strategies, the two pillars of our 
methodology, to stabilize training and improve class-level 
performance. 
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B. Use of Transformer Models and Transfer Learning  
Transformer-based models have significantly advanced 

sentiment analysis by enabling deep contextual 
understanding of language. However, their effectiveness 
often hinges on the availability of large, well-annotated 
datasets, posing challenges in low-resource scenarios like 
ours. 

Ein-Dor et al. [15] conducted an empirical study on 
active learning applied to BERT for sentiment analysis. 
Their work demonstrated a strength in reducing the need 
for exhaustive annotation by intelligently selecting 
training samples. However, the method’s effectiveness 
was still dependent on having access to a large and diverse 
seed dataset. This limitation reinforces the relevance of our 
approach, which seeks to reduce dependence on both seed 
data and manual annotation through augmentation and 
stratified sampling. 

Serna et al. [16] applied the XLM-RoBERTa model to 
analyze sentiment in the context of sustainable transport, 
using 2,000 manually annotated reviews. The study 
successfully adapted transformer models to a domain-
specific task with relatively high accuracy, which is a key 
strength. However, they highlighted that manual 
annotation was labor-intensive and introduced potential 
biases. Our methodology addresses this shortcoming by 
incorporating synthetic augmentation through language 
generation to increase both dataset size and diversity 
without manual effort. 

Gao et al. [17] explored target-dependent sentiment 
classification using BERT, achieving state-of-the-art 
results. The strength of their work lies in effectively 
capturing sentiment in context-specific settings. Yet, they 
acknowledged the approach’s dependence on large, 
labeled corpora, making it less viable in domains with 
limited data availability. This aligns directly with our 
motivation to adapt transformer models for performance in 
data-sparse environments. 

Wu et al. [18] developed a BERT-based framework for 
sentiment classification on Twitter data. Their model 
achieved strong performance by leveraging a large, 
annotated corpus of social media text, a clear 
demonstration of BERT’s scalability. However, as with 
the previous studies, the reliance on substantial labeled 
data presents a barrier in low-resource applications. Our 
work builds upon this by introducing an efficient 
augmentation strategy to compensate for annotation 
constraints, while still benefiting from the representational 
power of pre-trained transformers. 

C. Optimization Techniques and Their Gaps 
Recent studies have attempted to adapt sentiment 

analysis methods to severely limited datasets, offering 
partial solutions while revealing persistent gaps that our 
work aims to address. 

Nugumanova et al. [19] applied transfer learning for 
sentiment classification using just 30 Kazakh-language 
reviews. The strength of their approach lies in 
demonstrating that transfer learning can be applied even in 
highly resource-constrained languages and contexts. 
However, their reliance on a very small sample size and 

non-expert annotations introduced significant risks of 
overfitting and label noise. These limitations affected the 
generalizability of the model, underscoring the challenges 
of achieving reliable performance in extremely low-data 
scenarios. Our research builds on this insight by addressing 
label inconsistency and data scarcity through scalable data 
augmentation strategies that do not rely on manual 
annotation. 

Tong et al. [20] proposed a multimodal deep learning 
framework incorporating DistilBERT and LSTM for 
short-text sentiment classification on a small, highly 
imbalanced dataset. Their model’s strength lies in its 
hybrid architecture, which captures both semantic and 
sequential features. However, their results were 
constrained by limited training diversity, resulting in 
inconsistent performance across classes. This highlights a 
common weakness in small-data environments: even 
sophisticated architectures cannot compensate for 
inadequate data representation. Our methodology tackles 
this limitation directly by enhancing both data diversity 
and label balance through stratified sampling and synthetic 
augmentation. 

These studies collectively demonstrate the potential of 
transfer learning and advanced model architectures in low-
resource settings. However, they also make clear that 
without strategies to compensate for data scarcity, such as 
augmentation or refined sampling, performance gains 
remain limited. Our approach addresses these gaps by 
combining synthetic data generation with model-level 
optimization, enabling robust performance without 
increasing the annotation burden. 

Furthermore, as most existing studies rely on large 
datasets, often comprising tens of thousands of labeled 
samples, to fine-tune pre-trained transformer models, they 
implicitly assume access to abundant resources. This 
assumption is problematic for specialized domains or low-
resource languages where such datasets are unavailable. 
We counter this constraint through augmentation 
techniques that expand training data synthetically, offering 
both diversity and representativeness without the high cost 
of manual labeling. 

Finally, model optimization techniques such as learning 
rate scheduling and hyperparameter tuning are essential to 
maximizing performance under constrained settings. 
These methods allow pre-trained transformer models to 
adapt more effectively to small datasets, improving 
generalization without additional data collection. By 
integrating these strategies, data augmentation, stratified 
sampling, and parameter optimization, our work provides 
a practical and scalable solution for enhancing sentiment 
analysis in resource-limited environments. 

III. PROPOSED METHODOLOGY 

This section outlines the methodology employed to 
enhance sentiment analysis accuracy in the context of 
limited, annotated, domain-specific datasets. Our approach 
began with the collection of a manually annotated dataset 
from domain users, which served as the ground truth. We 
then cleaned and preprocessed the dataset to prepare it for 
model evaluation. 
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We initially evaluated several recent pre-trained 
transformer models for sentiment analysis using transfer 
learning without fine-tuning. This step allowed us to 
identify the most promising model to establish a 
performance baseline. Subsequently, we fine-tuned the 
selected model and evaluated its accuracy on the ground 
truth dataset. To address challenges related to dataset 
scarcity and class imbalance, we explored several 
optimization strategies in conjunction with fine-tuning. 
These included data augmentation, such as generating 
synthetic samples using ChatGPT, and data splitting 
techniques like stratified sampling [21]. 

Our methodology, summarized in the process diagram 
(Fig. 1), followed these steps: (1) collect a manually 
annotated ground truth dataset; (2) perform data cleaning 
and preprocessing; (3) evaluate pre-trained models via 
transfer learning without fine-tuning to select the best-
performing model; (4) fine-tune the selected model and 
assess accuracy; and (5) apply optimization strategies, 
including data augmentation and stratified sampling to 
mitigate issues of data scarcity and imbalance. 

 

 
Fig. 1. Optimization processes. 

To validate our methodology under operational 
conditions, we replicated the process using an open-source 
dataset that is dedicated to reviewing transportation 
services. This aided in confirming the effectiveness and 
generalizability of our approach. We will go into further 
detail in the following subsections. 

A. Dataset 
Our sentiment analysis task is framed as a multi-class 

classification problem involving five sentiment classes. To 
validate our methodology, we employed two datasets: a 
real-world dataset from a public transport system in 
Singapore and an open-source dataset for testing and 
validation. The Transportation Feedback Corpus (TFC) 
was derived from the system’s Customer Relationship 
Management platform and comprises commuter feedback 
on transportation services collected from various sources 
such as websites, emails, and WhatsApp. This feedback is 
stored in a data lake, where operators manually analyze 
and report on it monthly. As the dataset initially lacked 
annotations, operators manually labeled the sentiment of 
each feedback item based on their understanding of the 
linguistic context and their domain experience. 

The TFC dataset was normalized and transformed into 
a set of 500 samples categorized into five distinct 
sentiment classes (1–5) for the multi-class classification 
task. Samples were randomly selected from each class 
label to reflect an imbalanced distribution, with a skew 
toward certain sentiment levels, representing the typical 
challenges encountered in real-world natural language 
processing tasks [22]. The distribution and class 
breakdown are shown in Fig. 2. 

To further validate our methodology with diverse, real-
world datasets, we included two open-source datasets that 
exhibited a similar imbalanced distribution as the TFC 
dataset, as illustrated in Fig. 3. The first dataset was the 
Gold Standard Corpus (GSC), a sustainable transport 
sentiment dataset previously explored by Serna [16]. This 
corpus was compiled from User-Generated Content 
(UGC) on TripAdvisor, focusing on various modes of 
transport in Croatia. It includes reviews collected between 
2007 and 2020, totaling 117,458 sentences, each rated on 
a 1–5 star sentiment scale in a multi-class classification 
format. The second dataset consisted of customer 
reviews [23] extracted from Amazon product reviews, 
featuring detailed sentiment ratings from customers based 
on their post-purchase experiences, also on a 1–5 scale. 

All datasets were fully anonymized prior to their use in 
this research to ensure that no personally identifiable 
information was included. The data collection and 
annotation processes adhered to relevant data privacy 
regulations, including Singapore’s Personal Data 
Protection Act (PDPA). As the real-world dataset was 
collected as part of operational feedback management and 
anonymized before analysis, explicit user consent was not 
required. No ethical concerns were identified in the use of 
the open-source datasets employed for validation. 

 

 
Fig. 2. Class distribution graph for TFC datasets. 

 
Fig. 3. Class distribution graph for GSC and Amazon Review datasets. 
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B. Data Preprocessing 
Data preprocessing is a crucial step in transforming raw 

text into a format that pre-trained models can effectively 
interpret [24]. The preprocessing pipeline was carefully 
designed to align with the requirements of the pre-trained 
BERT-based model [25]. This process involved removing 
extraneous elements such as unnecessary line breaks, 
URLs, and non-English words, which could introduce 
noise into the model’s input [26]. However, original casing 
and special characters were retained, as these features can 
provide important contextual cues that help the 
transformer model capture nuanced sentiment expressions. 
BERT-based models typically perform best with minimal 
preprocessing [18], given that their architecture is 
designed to process raw text with rich linguistic variation. 
This preprocessing step ensures the dataset is optimized 
for RoBERTa’s powerful language parsing capabilities, 
which depend on high-quality input to operate effectively. 

C. Pre-trained Model Selection 
Given the state-of-the-art performance of BERT models 

in sentiment analysis tasks [18, 27], our research focused 
on BERT-based architectures. Their ability to capture 
contextual information and understand nuanced meanings 
in text [5], combined with pre-training on large corpora, 
makes them highly suitable for accurate sentiment analysis 
via transfer learning, consistently outperforming 
traditional approaches [28]. 

To establish a baseline, we first evaluated the dataset 
using various pre-trained BERT-based models without 
fine-tuning, as transfer learning is particularly effective for 
limited datasets [29]. This allowed us to assess their out-
of-the-box performance and select the most promising 
candidate for further optimization. 

The pre-trained models considered were: 
• BERT: The original bidirectional Transformer 

model developed by Google [5]. 
• DistilBERT: A lighter, more efficient version of 

BERT [30]. 
• XLNet: An autoregressive Transformer designed 

to capture longer-range dependencies [31]. 
• RoBERTa: A robustly optimized version of 

BERT trained on a larger and more diverse 
corpus [25]. Two variants of RoBERTa were 
used: RoBERTa-21, trained on 58 million 
Twitter records, and RoBERTa-22, trained on 
124 million records. 

To leverage transfer learning effectively, we selected 
models that had been pre-trained on sentiment analysis 
tasks and made available through the Hugging Face open-
source platform, as models typically perform better when 
applied to tasks similar to those they were originally 
trained on [32]. 

Table I below lists the pre-trained models used along 
with their relevant properties. 

TABLE I. MODEL TRAINING DETAILS 

Model Max Token Params Data Records Dataset 
RoBERTa-21 512 125M Twitter 58 M Wiki, books 
RoBERTa-22 512 125M Twitter 124 M Wiki, books 

BERT 512 110M Reviews 150 K Wiki, books 
DistilBERT 512 135M Twitter 1.84 K Twitter 

XLNet 512 117M Unstructured Unknown Wiki, books 
 

D. Fine Tuning and Optimisation 
Fine-tuning is the process of taking a pre-trained large 

language model and further training it on a specific task 
and dataset to adapt its learned representations [33]. This 
involves updating the model’s parameters for the new 
domain-specific task while retaining previously learned 
features and patterns from pre-training. According to 
Serna et al. [16], fine-tuning a pre-trained language model 
on a small amount of annotated data is an effective strategy 
for automatically processing large volumes of opinions 
related to transport. The study also found that models fine-
tuned on relevant datasets consistently outperformed those 
that were not, across all six datasets evaluated. 

To address these challenges and further enhance model 
performance, we employed several optimization 
techniques in conjunction with fine-tuning: 

1. Data Augmentation with ChatGPT: We 
utilized ChatGPT’s language generation 
capabilities to synthesize realistic text samples 
based on our dataset, effectively expanding the 
training set and balancing the distribution of 
sentiment labels. This approach enriched 
linguistic diversity, improving the model’s 
robustness and generalization. 

2. Stratified Sampling: To ensure representative 
subsets for training and validation, we applied 
stratified sampling to the preprocessed data. This 
method preserved the proportion of samples in 
each class, maintaining the original class 
distribution and reducing bias toward majority 
classes. 

3. Hyperparameter Optimization: We optimized 
key model hyperparameters, such as learning rate, 
batch size, and number of training epochs, to 
improve accuracy and generalization. 

The integration of fine-tuning with these optimization 
strategies was designed to enhance sentiment analysis 
accuracy under the constraints of limited and imbalanced 
transportation data. The following sections present the 
specific impacts of these strategies, supported by figures, 
tables, and discussions on performance improvements and 
the broader implications of our findings. 

IV. EXPERIMENTS AND RESULTS 

In this section, we detail the experiments done on 
selecting the best-performing pre-trained model without 
fine-tuning and then following the fine-tuning and 
optimization techniques to further enhance the accuracy to 
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address the limitations posed by the dataset’s size and 
skewed distribution.  

A. Dataset Splitting and Experimental Setup 
All experiments in this study were conducted on a 

workstation equipped with an Intel Core Ultra 9 185H 
processor (2.50 GHz), 32 GB RAM, and an NVIDIA 
GeForce RTX 4070 Laptop GPU with 8 GB dedicated 
VRAM. The model fine-tuning and optimization processes 
were implemented using the Pytorch deep learning 
framework and the Hugging Face Transformers library.  

For our model performance comparison, we will use the 
F1-Scoring system. The F1-Score is a performance metric 
used in machine learning and information retrieval to 
evaluate the accuracy of a classification model. It is a 
harmonic average of the model’s precision and recall and 
provides a balanced measure of the model’s 
performance [34]. We are evaluating a multiclass 
classification task using a weighted F1-Score with the 
given formula where the weighted F1-Score is the 
harmonic mean of weighted precision and recall: 

Weighted F1 − Score = 2 ⋅ Weighted Precision⋅Weighted Recall
Weighted Precision+Weighted Recall (1) 

This is derived from Weighted precision calculated by 
taking the average of the precision for each class, weighted 
by the number of true instances in each class. The formula 
is: 

 Weighted Precision = ∑ 𝑤𝑤𝑖𝑖
𝑛𝑛
𝑖𝑖=1 ⋅𝑇𝑇𝑇𝑇𝑖𝑖

∑ 𝑤𝑤𝑖𝑖𝑛𝑛
𝑖𝑖=1 ⋅(𝑇𝑇𝑇𝑇𝑖𝑖+𝐹𝐹𝐹𝐹𝑖𝑖)

  (2) 

The weighted recall is the average recall per class, 
weighted by the number of true instances for each class. It 
is calculated as: 

 Weighted Recall = ∑ 𝑤𝑤𝑖𝑖
𝑛𝑛
𝑖𝑖=1 ⋅𝑇𝑇𝑇𝑇𝑖𝑖

∑ 𝑤𝑤𝑖𝑖𝑛𝑛
𝑖𝑖=1 ⋅(𝑇𝑇𝑇𝑇𝑖𝑖+𝐹𝐹𝐹𝐹𝑖𝑖)

 (3) 

where wi: The weight associated with class i. This reflects 
the relative importance of each class in the dataset. Higher 
weights can be assigned to classes that are more significant 
or less represented. True Positives (TPi): These are 
instances where the model correctly predicted the positive 
class (i.e., it predicted “yes” when the actual label was also 
“yes”) for a specific class i. False Positives (FPi): These 
are instances where the model incorrectly predicted the 
positive class (i.e., it predicted “yes” when the actual label 
was “no”) for a specific class i. 

The weighted F1-Score is particularly useful when 
dealing with imbalanced datasets as it provides a more 
balanced measure of the model’s performance across all 
classes, rather than being dominated by the majority 
class [35].  

We split the TFC dataset as mentioned in the previous 
section by the 80:20 rule where 80% of the data is the 
training set and 20% of the data is a test set as shown in 
Fig. 4. 

 

 
Fig. 4. Class distribution graph for selected datasets. 

B. Baseline Model Evaluation 
After setting up the dataset and experimental setup, we 

trained the selected pre-trained models that we selected as 
stated in the previous section (Table I) without any 
optimization and fine-tuning to see the accuracy of transfer 
learning on domain data. We then selected the pre-trained 
model RoBERTa by hugging face [36] due to it being the 
best performing of the rest, as shown in Fig. 5. This choice 
also makes sense since it was trained on 124M tweets from 
January 2018 to December 2021 and fine-tuned for 
sentiment analysis with the TweetEval benchmark. This 
model has been shown to achieve state-of-the-art results 
on several benchmark NLP tasks and is particularly adept 
at understanding and generating nuanced textual 
interpretations, an essential feature for analyzing the 
varied and complex sentiments typically found in 
customer feedback data [37].  

 

 
Fig. 5. Comparison of performance across different pre-trained models. 

C. Fine-Tuning and Optimization Results 
Based on the pre-trained model selected, we then 

proceeded to experiment while fine-tuning the model using 
optimization techniques as mentioned below to find the 
best optimization methods. 

For our hyperparameters, we set it as follows, which 
provided the best configuration of the model. Increasing 
the batch size reduced training time but led to a slight 
decrease in accuracy and F1-Score. The best batch size 
was found to be 16, outperforming batch sizes of 8 and 
32 [38]. Regarding the maximum sequence length, longer 
lengths increased training time. The optimal value was 
256, surpassing 200 and 512 [39]. For the learning rate and 
optimizer, the best learning rate was 1e−6 with the Adam 
optimizer, which performed well. Due to the low learning 
rate, we also increased our training epoch to 40.  
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D. Experiment 1—Stratified Splitting 
The first experiment is to use a splitting technique called 

stratification as compared to random splitting [21]. 
Stratification is a crucial technique used in data splitting 
for machine learning models, especially when dealing with 
imbalanced data distribution.  

The key idea behind stratification is to ensure that the 
training and testing sets have a similar distribution of the 
target variable or other key features. In the case of 
imbalanced data, where one class (e.g., the minority class) 
is significantly underrepresented compared to the other 
class(es), stratification helps maintain the relative 
proportions of the classes in the training and testing sets. 
This is important because it prevents the model from being 
biased towards the majority class and ensures that it can 
learn to accurately predict both the majority and minority 
classes [40]. The data distribution after stratification with 
the 80:20 rule is shown in Fig. 6. 
 

 
Fig. 6. Stratified split of train and test data. 

E. Experiment 2—Data Augmentation Using GPT4 
Model 

In the second experiment, we focused on using data 
augmentation with recent popular Large Language Models 
(LLMs) ChatGPT with model GPT4 with the help of using 
prompting to synthetically generate more data samples [1]. 
We employed ChatGPT’s language generation capabilities 
to create realistic text samples from our dataset, effectively 
enlarging the training data and balancing the distribution 
of sentiment labels. For each class, we generated an 
additional 50 samples using ChatGPT’s commands for 
classes 1, 4, and 5 respectively that had the lowest number 
of samples. Fig. 7 shows the input samples from the dataset 
and Fig. 8 shows the generated output from the ChatGPT 
GPT-4 model. This approach not only augments the 
quantity of training data but also enriches the diversity of 
linguistic expressions, which is critical for improving the 
robustness of the pre-trained model when finetuning it. 

 
 

 
Fig. 7. Original data: Input text samples before augmentation. 

 

 
Fig. 8. Synthetic text samples generated with ChatGPT GPT4 model. 

F. Experiment 3—Combined Strategy and Results 
This experiment evaluated the combined impact of data 

handling and augmentation strategies on sentiment 
classification across three datasets: SMRT, Transport 
Feedback Corpus (TFC), and Amazon Reviews (AMZ). A 
consistent pipeline was applied for data preparation, model 
fine-tuning, and optimization. The experiments were 
conducted in an environment running CUDA 12.4, with 
peak GPU memory usage of approximately 3835 MB. The 
model was fine-tuned for 40 epochs. Training took an 
average of 473.98 seconds, with a throughput of 45.57 
samples per second. Inference was completed in 0.57 
seconds, achieving 175.95 samples per second.  

Figs. 9 to 11 illustrate performance comparisons across 
three configurations: Random Split, Stratified Split, and 
Stratified Split with ChatGPT-based augmentation. 

Using random splits as a baseline, stratified splitting 
produced consistent improvements in performance. For 
instance, on the SMRT dataset, F1-Score improved from 
0.56 (Random Split) to 0.68 (Stratified Split), as shown in 
Fig. 11. Similar gains were observed in the Transport 
dataset (from 0.62 to 0.66) and the AMZ dataset (from 0.64 
to 0.67). Precision and recall also showed corresponding 
improvements (Figs. 9 and 10). 

Further gains were achieved through ChatGPT-based 
augmentation, which expanded the training data with 
synthetic but contextually relevant samples. This led to 
significant increases in all performance metrics. F1-Score 
reached 0.73 for SMRT, 0.73 for Transport, and 0.73 for 
AMZ (Fig. 11), confirming the effectiveness of this 
strategy. Precision also improved notably, with Transport 
reaching 0.76 and AMZ matching that value (Fig. 9). 

The results validate the benefits of combining stratified 
sampling with prompt-based augmentation, particularly 
under data-limited and imbalanced scenarios. This 
approach enhances model robustness and generalizability, 
offering a scalable solution for domain-specific sentiment 
analysis. 

 

  
Fig. 9. Precision across all three datasets and techniques. 

 
Fig. 10. Recall across all three datasets and techniques. 
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Fig. 11. F1-Score across all three datasets and techniques. 

Fig. 12 presents the confusion matrix for the SMRT 
dataset using stratified split combined with ChatGPT-
based augmentation, our most optimized configuration for 
data-scarce conditions. The results show that the model 
handles sentiment classification effectively, with most 
predictions aligning along the diagonal. Misclassifications 
primarily occur between adjacent sentiment classes (e.g. 
class 0 misclassified as 1, or class 2 as 1 or 3), indicating 
difficulty in separating fine-grained sentiment levels under 
limited data scenarios. However, critical misclassifications 
between opposing sentiments (e.g. very negative vs. very 
positive) are rare, demonstrating the model’s robustness in 
preserving sentiment polarity. These patterns validate our 
approach: the combined use of stratified sampling and 
prompt-based augmentation improves overall prediction 

reliability while maintaining precision even in nuanced 
sentiment contexts. This highlights the feasibility of 
achieving strong sentiment classification performance 
without requiring large, fully annotated datasets. 

 

 
Fig. 12. Confusion Matrix—SMRT (Stratified + GPT Augmentation). 

To evaluate the effectiveness of our approach, we 
compared our results with recent studies in sentiment 
analysis that addressed small or imbalanced datasets. 
Table II summarizes the comparison in terms of dataset 
size, classification type, model used and achieved  
F1-Score. 

TABLE II. COMPARISON WITH RECENT STUDIES 

Study Dataset Classification 
Type Model F1-

Score Remarks 

Omarkhan et al. 
[11] 

Financial news, 5000 
samples Binary CNN + LSTM 0.68 Imbalanced data, small dataset 

Prabhu et al. 
[10] 

Pickup & Delivery, 
44K samples Multi-Class BERT + Active Learning 0.80 Large dataset, active learning 

applied 

Tong et al. [20] Short text, 60 samples Multi-Class BERT + BI-LSTM 0.61 Small dataset, complex model 
architecture 

Our Study Transportation CRM, 
500 samples Multi-Class 

RoBERTa + Optimization (Fine-
tuning + Stratified Sampling + 
ChatGPT Data Augmentation) 

0.73 
Small, imbalanced dataset. No 

manual annotation or active 
learning overhead 

 
As shown in Table II, our proposed approach achieved 

an F1-Score of 0.73, which is comparable or superior to 
recent studies under small dataset constraints, while 
avoiding the overhead of active learning and manual 
annotation efforts. 

V. CONCLUSION 

This research aimed to address the significant 
challenges posed by limited and imbalanced domain-
specific datasets in sentiment analysis tasks. By leveraging 
advanced transformer-based models such as RoBERTa, 
we systematically explored optimization strategies to 
improve sentiment classification accuracy without relying 
heavily on extensive data annotation efforts. Our 
experiments demonstrated that fine-tuning the pre-trained 
RoBERTa model on transportation-specific datasets 
significantly improved performance over the non-fine-
tuned baseline. However, fine-tuning alone was 
insufficient to fully overcome limitations associated with 
data scarcity and skewed class distribution. 

To mitigate these challenges, we employed a 
combination of optimization techniques. Stratified 
sampling during data splitting ensured representative 
subsets for training and testing, reducing bias toward 
majority classes and enabling the model to learn all 
sentiment categories effectively. Data augmentation using 
ChatGPT’s language generation capabilities played a key 
role in synthesizing diverse and realistic text samples, 
effectively expanding the training dataset and helping to 
balance the sentiment label distribution. Together, these 
strategies enhanced the model’s linguistic understanding 
and robustness, resulting in substantial improvements in 
F1-Score. Specifically, the F1-Score improved from 0.62 
to 0.73 on the TFC dataset, from 0.56 to 0.73 on the SMRT 
dataset, and from 0.64 to 0.73 on the Amazon Review 
dataset. Validation using additional open-source 
transportation datasets further supports the generalizability 
and real-world applicability of our approach. 

By integrating theoretical insights with practical 
implementation, this study highlights the untapped 
potential of small datasets in sentiment analysis and 
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provides a roadmap for leveraging advanced optimization 
techniques to achieve high accuracy in data-sparse 
environments. Looking forward, there is significant 
potential to refine and expand the proposed methodology. 
Future work could focus on improving prompting 
strategies to generate more realistic and domain-
appropriate synthetic data using ChatGPT and other 
language models. Further research may also explore the 
application of these techniques in other data-scarce 
domains, such as healthcare or finance, and investigate the 
integration of domain-specific knowledge or semi-
supervised and unsupervised learning approaches to 
further enhance model performance and adaptability. 

One limitation of this study lies in the reliance on 
synthetic data generated by ChatGPT for data 
augmentation. While this approach effectively increased 
dataset size and addressed class imbalance, it may also 
introduce biases or sentiment expressions that do not fully 
reflect real-world distributions. This issue was not 
critically examined in the current study. Future work will 
investigate the quality, representativeness, and potential 
biases of synthetic data to further improve the reliability 
and applicability of sentiment analysis models. 

In conclusion, this study demonstrates both the 
feasibility and effectiveness of optimizing sentiment 
analysis models for limited and imbalanced datasets. It 
also lays the foundation for developing more robust, 
scalable solutions in natural language processing. By 
addressing the constraints of data scarcity, our research 
contributes to the broader goal of democratizing sentiment 
analysis across various industries, enabling more informed 
decision-making and enhanced service delivery. 
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