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Abstract: Sentiment analysis of online product reviews is a crucial natural language processing task with significant
business applications. This paper presents a comprehensive study of sentiment classification on a large Amazon Reviews
dataset from Kaggle, containing millions of reviews with star ratings, by fine-tuning state-of-the-art transformer models.
We experiment with BERT, RoBERTa, DistilBERT, and a generative GPT-2 model for sentiment classification (positive
vs. negative). A complete machine learning pipeline is implemented in Python using Google Colab, including data cleaning,
tokenization with attention masks, and transformer fine-tuning with classification layers. We conduct an extensive
literature review of sentiment analysis techniques from early lexicon-based and machine learning methods to modern deep
learning approaches. Our experiments involve hyperparameter tuning and rigorous evaluation using accuracy, precision,
recall, F1-score, and ROC-AUC metrics. Results show that RoOBERTa achieves the highest accuracy (around 95-96%),
slightly outperforming BERT, while the lightweight DistiiBERT model offers competitive performance (~94% F1) with
smaller size and faster inference. GPT-2, despite its unidirectional nature, also achieves good accuracy (~92-93%) but lags
behind the bidirectional models. We analyze performance trade-offs, model size vs. accuracy, and issues like class
imbalance and overfitting. An ablation study highlights the impact of including review title text and the importance of
fine-tuning the entire model. We also perform error analysis, revealing that models occasionally misclassify reviews with
mixed sentiments or sarcasm. The findings demonstrate that transformer-based approaches substantially improve
sentiment analysis accuracy on large-scale review data, offering robust solutions for real-world e-commerce analytics.
Future work will explore larger transformer models, multi-class sentiment ratings, and domain adaptation techniques.
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I INTRODUCTION (Bidirectional Encoder Representations from Transformers)
introduced by Devlin et al. (2019) was a watershed,

Online consumer reviews contain rich sentiment achieving state-of-the-art results on many language tasks

information that is invaluable for businesses like Amazon to
gauge customer satisfaction and product feedback.
Sentiment analysis — classifying textual reviews as positive,
negative (or neutral) — has therefore become a cornerstone
of e-commerce analytics[1][2]. However, analyzing millions
of reviews manually is infeasible, necessitating automated
NLP techniques that can interpret nuanced opinions at
scale[3][4]. Early sentiment classification approaches relied
on machine learning algorithms (e.g., Naive Bayes, SVM)
using bag-of-words features[1]. While these provided
reasonable baselines (often in the 70-80% accuracy
range)[5], they struggled with context and complex
language. The advent of deep learning brought significant
improvements: recurrent neural networks (RNNs) and
convolutional neural networks (CNNs) could capture word
order and semantic context, outperforming earlier
methods[6][2].

The recent  Transformer  architecture[7] has

revolutionized NLP by enabling models to attend to
contextual information over entire sequences. BERT
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through deep bidirectional self-attention[8][9]. Variants
such as RoBERTa (Liu et al.,, 2019) further optimized
BERT’s pre-training to improve performance[10], and
DistilBERT (Sanh et al., 2019) distilled BERT to a lighter
model with minimal loss in accuracy[11]. Meanwhile, GPT
(Generative Pre-trained Transformer) models (Radford et
al., 2018; Brown et al., 2020) demonstrated the power of
transformers in a unidirectional generative setting[12].
Given these advances, transformer-based models have
become the new state-of-the-art for sentiment analysis[9],
especially for large-scale datasets where their capacity can
be fully utilized.

In this paper, we focus on transformer-based sentiment
analysis on Amazon product reviews. We leverage a Kaggle
dataset of Amazon customer reviews (millions of reviews
with star ratings) to train and evaluate several modern
transformer models: BERT, RoBERTa, DistilBERT, and
GPT-2. Our goals are to (1) implement a full pipeline from
data preprocessing to model training in a reproducible way
(using Python and Colab notebooks), (2) compare the
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performance of these models on sentiment classification
(positive vs. negative review polarity), and (3) analyze the
trade-offs in accuracy versus model size and training cost.
We also perform a comprehensive literature review covering
the evolution of sentiment analysis approaches, and we
discuss practical considerations such as class imbalance
handling, hyperparameter tuning strategies, and avoiding
overfitting.

» Contributions:

This work provides a thorough experimental study of
fine-tuning transformer models for sentiment analysis on a
massive real-world dataset. We report detailed evaluation
metrics (Accuracy, Precision, Recall, F1, ROC-AUC) and
present both quantitative results (including performance
tables and ROC curves) and qualitative insights (error
analysis). In addition, we examine how a smaller model
(DistilBERT) fares against larger ones and how a generative
model (GPT-2) can be adapted for classification. To our
knowledge, this is among the few studies to compare
multiple transformer architectures on millions of Amazon
reviews, bridging the gap between research advancements
and practical, at-scale deployment considerations.

The rest of this paper is organized as follows: Section
Il (Literature Review) outlines the progression of sentiment
analysis techniques over the years. Section Ill (Dataset
Description) describes the Amazon reviews dataset and
preprocessing steps. Section IV (Methodology) details our
model architectures and fine-tuning procedures. Section V
(Experiments) covers  the  experimental setup,
hyperparameter tuning, and training process. Section VI
(Results and Discussion) presents the performance of each
model, comparative analysis, and discussion on model trade-
offs, including an ablation study and error analysis. Section
VIl (Conclusion and Future Work) summarizes our findings
and suggests directions for future research. Finally, Section
VIII (References) lists the scholarly works cited throughout
the paper.

1. LITERATURE REVIEW

Sentiment analysis has evolved from simple rule-based
methods to complex deep learning models over the past two
decades. Early work in the early 2000s treated sentiment
classification as a standard text classification problem. Pang,
Lee, and Vaithyanathan (2002) were among the first to
apply machine learning algorithms to sentiment polarity,
using Naive Bayes, Maximum Entropy, and SVM on movie
reviews[1]. They demonstrated that these algorithms
outperformed human-crafted rules, achieving around 80%
accuracy on binary sentiment classification. Around the
same time, Turney (2002) introduced an unsupervised
approach that inferred review sentiment by computing the
semantic orientation of phrases (e.g., collocations with
words "excellent" or "poor")[13]. Such lexicon-based
methods (e.g., using positive/negative word lists or
dictionaries) offered interpretability but often missed
context and sarcasm.
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Throughout the 2000s, researchers improved feature
representations for sentiment tasks. Bag-of-Words (BoW)
and TF-IDF representations were widely used to transform
text into numerical features[14][15]. These sparse
representations treat words independently, ignoring word
order, yet proved effective for simple cases. To capture
linguistic nuances, efforts were made to incorporate part-of-
speech information and handle negations. For example,
negation handling techniques would tag words following a
"not" with a negation flag (e.g., "not good" becomes
"not_good")[16]. Despite  these  improvements, a
fundamental limitation remained: BoW-based models
cannot understand context or the varying impact of words in
different domains (e.g., "unpredictable” can be positive for a
movie plot but negative for a car review)[17].

The rise of social media and availability of huge
review corpora in the 2010s spurred interest in more robust
sentiment analysis methods[18][19]. Researchers began
using distributed word representations. Word embeddings
like Word2Vec (Mikolov et al., 2013) and GloVe
(Pennington et al., 2014) captured semantic similarities by
embedding words in continuous vector space[20]. This
enabled machine learning models to detect that, for instance,
"terrible” and "awful" are semantically close. With word
embeddings, traditional classifiers and simple neural
networks saw performance gains. For example, logistic
regression or SVM using averaged word embeddings could
outperform TF-IDF baselines.

The introduction of deep neural networks marked a
turning point. Convolutional Neural Networks (CNNs) were
applied to text by Kim (2014), who showed that a simple
CNN with pre-trained word vectors could achieve strong
results on sentiment benchmarks[21]. CNNs effectively
acted as n-gram feature extractors, capturing local phrases
indicative of sentiment (e.g., "very good", "not worth the
money"). Similarly, Recurrent Neural Networks (RNNS),
particularly those with gated units like LSTMs (Hochreiter
& Schmidhuber, 1997), modeled word sequences to capture
long-term dependencies. LSTM-based models excelled at
understanding negation and contrast in sentences, as they
maintain state over the sequence[6]. For instance, an LSTM
can learn that in the sentence "Although it is inexpensive, it
does not work", the overall sentiment is negative despite the
presence of a positive word "inexpensive". By the late
2010s, hybrid models combining CNNs and RNNs were
proposed to leverage both local and sequential patterns. For
example, a model combining CNN feature extractors with a
Bi-LSTM was found to improve accuracy on sentiment
tasks[22].

A major breakthrough came with the Transformer
architecture of Vaswani et al. (2017), which did away with
recurrence in favor of self-attention mechanisms.
Transformers can attend to all words in a sentence
simultaneously, enabling modeling of complex relationships
(e.g., subject-attribute sentiment links) with high
parallelism. Building on the transformer, pre-trained
language models started to dominate NLP leaderboards.
BERT (Devlin et al., 2019) introduced a deeply bidirectional
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transformer model pre-trained on large text corpora
(BooksCorpus and Wikipedia) with a masked language
modeling objective[23]. BERT’s ability to incorporate
context from both left and right made it particularly
powerful for sentiment analysis, where understanding the
nuance of a phrase often requires global context. Fine-tuning
BERT on target data quickly became the state-of-the-art
approach, yielding significant accuracy improvements over
prior methods on tasks like IMDB movie reviews and
others[9]. Studies applying BERT to Amazon reviews
similarly reported substantial gains in accuracy compared to
earlier RNN or SVM-based models[9].

Following. BERT, numerous variants and
improvements emerged. RoBERTa (Liu et al., 2019)
showed that with longer training, bigger batches, removal of
the next-sentence objective, and more data, the BERT
architecture could achieve even better performance[10][24].
ROBERTa essentially demonstrated that BERT was under-
trained and optimized the training regimen, achieving state-
of-the-art results on benchmarks like GLUE and pushing
sentiment classification accuracy even higher. On the other
hand, recognizing the computational cost of large
transformers, DistilBERT (Sanh et al., 2019) applied
knowledge distillation to compress BERT. DistilBERT
retains about 97% of BERT’s performance on language
understanding benchmarks while using 40% fewer
parameters[11], making it attractive for deployment in
resource-constrained settings. This efficiency comes with a
slight trade-off in accuracy, which is a point of investigation
in our study.

Another line of development was Generative Pre-
trained Transformers (GPT) by OpenAl. GPT models (GPT-
1 by Radford et al. 2018, GPT-2 in 2019, and GPT-3 by
Brown et al. 2020) use transformers in an auto-regressive
(one-directional) manner and are pre-trained on very large
corpora to predict the next word in a sequence[12]. While
primarily designed for text generation, they also learn rich
language representations. Fine-tuning GPT or its variants for
classification is possible by adding a classification head or
formulating prompts. However, because they read text in
one direction, they may not capture the full context as
effectively as BERT-like models for tasks like sentiment
analysis. Nonetheless, GPT-based models have been used
for sentiment tasks, especially in scenarios requiring text
generation (e.g., explaining sentiment). In our work, we
include GPT-2 (117M parameter version) as an optional
baseline to compare how a generative, unidirectional
transformer fares against BERT-style bidirectional models
on sentiment classification.

In summary, the literature shows a clear trend:
sentiment analysis accuracy has dramatically improved from
~75% in early ML models to well above 90% with
transformer-based models on benchmark datasets[2]. This
improvement is driven by models’ ability to understand
context, handle vocabulary nuances, and leverage vast
amounts of pre-training data. However, these gains come at
the cost of model complexity and computational
requirements. Recent research emphasizes finding the right
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balance between efficiency and accuracy[25][26], as well as
addressing challenges like domain adaptation (e.g., adapting
a general sentiment model to a specific product
category)[27] and class imbalance in datasets[28]. Our work
builds upon this rich literature by applying state-of-the-art
transformer models to a large-scale real-world dataset and
examining both  their performance and practical
considerations like model size and training effort.

1. DATASET DESCRIPTION

We use the Amazon Reviews for Sentiment Analysis
dataset hosted on Kaggle[29]. This dataset consists of a
large collection of Amazon customer reviews along with
their ratings. In its provided format, it contains 3.6 million
training reviews and 400,000 test reviews, each labeled for
sentiment polarity. The labels are derived from the star
ratings: typically, reviews with 4 or 5 stars are labeled as
positive (sentiment = 1) and those with 1 or 2 stars as
negative (sentiment = 0)[30]. Three-star (neutral) reviews
are relatively ambiguous and are not included in the binary
sentiment portion of the dataset (they can be set aside or
used for a possible neutral class, but in our case, we focus
on binary classification). This labeling scheme of using star
ratings to infer sentiment is common and provides a large
supply of training data, though it introduces some noise
(e.g., a 2-star review might contain some positive remarks
but overall negative sentiment).

Each data sample includes the review text (the main
content of the customer's review) and often a review title (a
short summary provided by the reviewer). We found that the
title itself can carry strong sentiment signals (e.g., titles like
"Waste of money!" or "Excellent product™). Therefore, in
our preprocessing, we combined the title and the review
body for each example when available. Specifically, we
prepend the title to the review text (separated by a special
token or punctuation) so that the model can use both. In
cases where a title or body was missing, we inserted a
placeholder (e.g., "No Title" or "No Content") to maintain
consistency[31].

> Data Characteristics:

The 4 million reviews span a wide range of product
categories (electronics, books, clothing, etc.), reflecting
diverse vocabularies and writing styles. The reviews vary in
length from a single sentence to several paragraphs. We
analyzed the review lengths and found a median review
length of around a few dozen words, with some reviews
exceeding 200-300 words. To ensure compatibility with
transformer models (which have a maximum input length),
we set a limit of 512 WordPiece tokens (subwords) for each
input. Reviews longer than this were truncated to the first
512 tokens. Truncation affected only a small fraction of
samples (since most reviews are shorter) and is a standard
practice for BERT-like models (which typically max out at
512 tokens). Alternatively, one could use approaches like
hierarchical models or segmentation for very long texts, but
that was not necessary in our case.
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We also performed basic exploratory analysis. The
dataset is balanced by construction: the training set contains
approximately 1.8 million positive and 1.8 million negative
reviews (and similarly 200k of each in the test set), ensuring
that a classifier cannot just trivially predict the majority
class. This is important because in organically collected
Amazon data, usually positive reviews are more frequent
than negative ones[32]. By balancing, the dataset creators
(likely following the protocol of Zhang et al. 2015 who
introduced this polarity dataset) made the task purely about
distinguishing  sentiment, not about handling class
imbalance. Nonetheless, we kept an eye on performance
metrics beyond accuracy (like precision and recall for each
class) to detect any subtle bias.

» Data Preprocessing Pipeline:
Before feeding the data to our models, we applied the
following preprocessing steps:

o Text Cleaning: We converted all text to lowercase (since
we used mostly uncased models like BERT-base-
uncased) and removed HTML tags or unnecessary
markup present in some reviews. We also removed or
normalized special characters (retaining standard
punctuation, but removing things like stray accents or
non-UTF characters). We did not remove stopwords or
punctuation wholesale, because modern transformers can
handle them and sometimes they carry meaning (e.g.,
exclamation marks can amplify sentiment).

e Handling Noise: We handled common issues such as
URLSs or email addresses in the text by either removing
them or replacing them with a token like <URL>, since
they do not contribute to sentiment. We also stripped
excessive whitespace, and corrected obvious typos or
encoded characters where possible. Emoticons and
emojis, if present, were relatively rare in Amazon
reviews, but if present, they were either removed or
could be converted to words like ":)" -> "smiley".

e Tokenization: We utilized the WordPiece tokenization
method provided by the BERT tokenizer (and similarly
for ROBERTa and GPT-2 tokenizers) to split the text
into subword tokens. This tokenizer handles unknown or
rare words by breaking them into subword pieces,
ensuring that the model’s vocabulary can cover even
misspelled or new words. For example, a word like
"unbelievably" might be tokenized into "un", "##believ",

Table 1 Dataset Statistics after Preprocessing.
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"##ably" in BERT’s vocabulary. We found that the
average review, after tokenization, resulted in about
100-150 subword tokens. The longest reviews (post-
truncation) were 512 tokens.

e Attention Masks and Padding: After tokenization, each
input sequence was padded to the maximum sequence
length in the batch (up to 512) and an attention mask was
created (masking out the padding tokens so that they do
not affect the attention computations). These masks are
binary vectors (1 for real tokens, 0 for padding) and are
provided to the transformer model so that it attends only
to real tokens. This is a standard step when batching
sequences of unequal length.

e Label Encoding: The sentiment labels (0 for negative, 1
for positive) were encoded as binary values. We ensured
to keep track of them as floats or ints as needed for
computing loss and metrics.

After preprocessing, we saved the tokenized sequences
and masks to disk (in Colab’s runtime memory or Google
Drive) to expedite repeated experiments, since tokenization
of 4 million reviews can be time-consuming to do from
scratch. We also shuffled the training data before each
training run to ensure the batches are well mixed (this helps
with stable learning and avoiding any unintended order
effects, such as all positive reviews first, etc.).

» Dataset Split:

We used the predefined train/test split from Kaggle
(3.6M train, 0.4M test). Additionally, we held out a small
portion of the training set (about 5%, i.e., ~180,000 reviews)
as a validation set for hyperparameter tuning and early
stopping. This validation set was stratified to maintain equal
representation of positive and negative classes. We did not
use the official test set until the final evaluation to avoid
biasing our model selection. All model selection and tuning
was done on the training/validation sets, and final results are
reported on the held-out test set.

Overall, the dataset provides a rich, large-scale
resource for sentiment analysis. Its size poses challenges in
terms of computational load, but it also offers an
opportunity for models like BERT and RoBERTa to
demonstrate their capability to learn from a massive amount
of data. Table 1 below summarizes key statistics of the
dataset after preprocessing:

Split # of Reviews Avg. tokens per review Positive:Negative ratio

Training 3,600,000 ~120 (median ~80) 1:1 (1.8M pos, 1.8M neg)
Validation 180,000 1:1 (approx.)

Test 400,000 ~130 (slightly longer) 1:1 (200k pos, 200k neg)

o (Note: Avg. tokens refers to WordPiece tokens. The test
set had slightly longer reviews on average in this sample,
but the difference is small.)
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V. METHODOLOGY

Our methodology covers the choice of models, the
fine-tuning approach for each model, and the
hyperparameter tuning strategy. All experiments were
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implemented in  Python using the Hugging Face
Transformers library, and run on Google Colab with GPU
acceleration. Below we detail the models and the training
procedure.

» Transformer Models for Sentiment Classification

We fine-tuned four transformer-based models: BERT,
RoBERTa, DistilBERT, and GPT-2. Each of these was
initialized from a pre-trained checkpoint and then trained
further on our labeled dataset to adapt it to the sentiment
classification task.

e BERT (Base, Uncased): BERT is a bidirectional
transformer with 12 layers, 768 hidden size, 12 attention
heads (~110 million parameters)[33]. We used the
BERT-base-uncased model, which was pre-trained on
English Wikipedia and BookCorpus[34]. BERT is well-
suited for classification; we added a linear classification
layer on top of the [CLS] token output (the special token
that BERT uses to represent an entire sequence). During
fine-tuning, the weights of all BERT layers and the
classification layer were updated using our training data.
BERT’s bidirectional nature allows it to consider the full
context of a review when predicting sentiment, which is
advantageous for complex sentences.

¢ ROBERTa (Base): RoBERTa has the same architecture
size as BERT-base (12 layers, ~125M parameters) but
was pre-trained longer, on more data, and without the
next-sentence prediction objective[35][36]. We used a
RoBERTa-base model (from Fairseq or Hugging Face)
as a starting point. ROBERTa uses a byte-pair encoding
tokenizer; we ensured to use the corresponding tokenizer
for preprocessing when fine-tuning RoBERTa. We
similarly added a classification head on the [CLS] (in
RoBERTa, sometimes called <s> start token) output.
Given RoBERTa’s training improvements, we expected
it might outperform BERT slightly on our task, as has
been seen in other benchmarks[10]. Fine-tuning
RoBERTa was done in the same manner as BERT.

e DistilBERT: DistilBERT is a compressed version of
BERT-base, with ~66 million parameters (about 40%
fewer) and 6 transformer layers instead of 12[37]. It was
created via knowledge distillation, where a smaller
“student” model (DistilBERT) was trained to reproduce
the behaviors of the larger BERT model. We used the
distilbert-base-uncased checkpoint. DistilBERT does not
have the token-type embeddings (since it doesn’t use the
next-sentence objective), but for single-sentence
classification like ours, that is inconsequential. We
added a classification layer on DistilBERT’s pooled
output. DistilBERT offers much faster training and
inference (reported ~60% faster)[37], which we
corroborate in our training time observations. We were
interested to see how much accuracy we might lose by
using this compact model, given prior reports that it
retains 95-97% of BERT’s performance[38].

e GPT-2: For a generative model perspective, we fine-
tuned a GPT-2 model (specifically the "GPT-2 small"
with ~117 million parameters). GPT-2 is a decoder-only
transformer that generates text in a left-to-right fashion.
It does not have an obvious [CLS] token for
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classification, so to adapt GPT-2 for sentiment analysis,
we explored two strategies: (1) Add a classification head
on the final hidden state of the last token (or an average
of the last few tokens) — effectively turning GPT-2 into a
classifier, and (2) Fine-tune GPT-2 to generate a special
token signifying sentiment (e.g., train it in a sequence-to-
sequence manner where input is the review and output is
"Positive"/"Negative"). We opted for the simpler
classifier approach due to implementation convenience:
we prepended a special token <CLS> to each review and
instructed GPT-2 to treat it akin to how BERT treats
[CLS]. Alternatively, one could append a token at the
end and look at its hidden state. In our trials, GPT-2
could be fine-tuned to reach reasonably high accuracy,
but we anticipated it might underperform
BERT/RoBERTa because GPT-2’s unidirectional nature
means it cannot natively consider the right context of a
word when the model is at earlier positions in the
sequence. Despite this limitation, including GPT-2
allowed us to test whether a large pre-trained language
model without bidirectional context can still achieve
competitive results in sentiment classification.

All models were fine-tuned using a binary cross-
entropy loss (equivalent to logistic regression loss) or, in
implementation terms, a softmax over two classes with a
cross-entropy loss (the two approaches are mathematically
the same for binary labels). We used the appropriate
PyTorch modules (BertForSequenceClassification,
RobertaForSequenceClassification, etc., and a custom head
for GPT-2). These high-level APIs provide the classification
layer and loss computation out of the box, simplifying our
implementation.

» Fine-Tuning and Training Procedure

Training such large models on 3.6 million examples is
computationally intensive. We leveraged Google Colab’s
GPU (an NVIDIA Tesla T4 or K80 in most sessions; later, a
higher memory GPU like Tesla V100 was used when
available for faster training). We also utilized Colab Pro
features to get longer runtimes and more memory. Given the
dataset size, we sometimes subsampled the data for quicker
experimentation during hyperparameter tuning, then scaled
up to the full dataset for final training.

» Key Aspects of Our Training Procedure:

e Batch Size: We experimented with batch sizes ranging
from 16 to 64. Due to memory constraints of GPUs, we
generally found that a batch size of 32 was the largest
stable batch for BERT/RoBERTa on a 16GB GPU when
sequence length is 256. For sequence length 512, batch
size 16 was more realistic. Ultimately, we used batch
size = 32 for BERT and RoBERTa (with gradient
accumulation if needed to simulate a larger batch), 32 for
DistilBERT (which handled memory better), and 16 for
GPT-2 (which uses more memory per example due to its
architecture). We also used gradient accumulation
occasionally (e.g., accumulate gradients for 2 batches of
size 16 to effectively have batch 32) when needed.
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Learning Rate: We followed the common practice of
using a relatively small learning rate for fine-tuning. We
tried values in {1e-5, 2e-5, 3e-5, 5e-5} for BERT and
RoBERTa. The best performing was 2e-5 for BERT and
RoBERTa in our validation experiments, which is
consistent with recommended defaults[39]. DistilBERT,
being a smaller model, sometimes preferred a slightly
higher learning rate; we used 3e-5 for DistilBERT. For
GPT-2, we found 2e-5 also worked well; higher rates
caused training instability (likely because GPT-2 was
pre-trained with a certain head, and our classification
head was new — too high a LR could disrupt the model’s
delicate balance). We used the AdamW optimizer with
weight decay (0.01) for regularization, and a linear
learning rate scheduler with warmup (warming up over
~5% of the training steps)[39].

Number of Epochs: Given the large data size, one epoch
(i.e., going through all 3.6M training examples once) is a
lot of iterations. We monitored validation performance
incrementally. In practice, 1 epoch of full training was
sufficient to reach near-peak performance for
BERT/RoBERTa. We saw validation accuracy
plateauing or even dipping after ~1 epoch, indicating
some overfitting if we continued. Therefore, our final
models were trained for 1 epoch (RoBERTa did slightly
benefit from a second epoch on a subset of data, but with
diminishing  returns).  DistilBERT, with  fewer
parameters, potentially could benefit from a bit more
training; we gave it 2 epochs which marginally improved
its validation F1. GPT-2 converged slower; we trained it
for 2 epochs to reach its best state. We also employed
early stopping on the validation loss with a patience of 1
(i.e., if no improvement after an epoch, we stop), to
avoid wasted computation on overfitting.
Hyperparameter Tuning: We performed a combination
of manual and automated hyperparameter tuning. First,
we ran a few short experiments on a 10% sample of the
dataset to narrow down learning rates and batch sizes
(using validation F1 as the criterion). Then, we fine-
tuned on the full training set using the chosen
hyperparameters. We also tuned the dropout probability
for the classifier layer (between 0.1 and 0.3); 0.1 (the
default in BERT) worked well, so we kept that. We
found that the transformers are somewhat robust to
moderate changes in hyperparameters — any of the
learning rates 2e-5 or 3e-5 would produce good results,
for example.

Regularization and Other Tricks: We used the dropout
regularization in the models (BERT uses dropout = 0.1
on all layers). We also employed gradient clipping
(clipping norm at 1.0) to stabilize training, which is a
common practice to prevent gradient explosion in
transformer fine-tuning. To address any potential class
imbalance (though our dataset is balanced, sometimes
mini-batches might not be, especially after shuffling), we
monitored per-class accuracy. We did not need to apply
class weights in the loss since the data was balanced. If it
were imbalanced, one could use weighted loss or
oversample the minority class[40].
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Colab Implementation: On Google Colab, we wrote
training loops using PyTorch. We took advantage of
mixed-precision training (with NVIDIA Apex or
PyTorch’s amp) which helped reduce memory usage and
speed up training by ~30% without loss of accuracy.
Each epoch on 3.6M examples with BERT took roughly
2 hours on a Tesla V100 (with sequence length 128—
256). We managed this by sometimes restricting
sequence length to 256 during early training (since many
reviews are shorter) and only using 512 for final fine-
tuning steps. We also saved checkpoints periodically to
guard against Colab timeout or runtime crashes.

After fine-tuning, we selected the model checkpoint

with the highest validation F1-score to evaluate on the test
set. We ensured that the test set was only used once for the
final evaluation of each model.

> Evaluation Metrics

WWW.ijisrt.com

We evaluate model performance using several metrics:

Accuracy: the fraction of reviews correctly classified
(positive or negative). This is a high-level measure of
performance. However, accuracy alone can be
misleading if the dataset were imbalanced; in our
balanced case it is informative but we still examine other
metrics.

Precision and Recall: We compute these for the positive
class (and negative class, though due to symmetry in
binary classification, reporting one positive class and one
negative class yields the same information). Precision
(positive) = TP / (TP + FP) is the proportion of reviews
the model labeled as positive that are truly positive.
Recall (positive) = TP / (TP + FN) is the proportion of
true positive reviews that the model successfully caught.
These metrics are useful to understand if the model is
skewing towards one class. For instance, if the model
had high recall but lower precision, it means it tends to
label reviews as positive freely (catching most positives
but also mistakenly labeling some negatives as positive).
F1-Score: the harmonic mean of precision and recall (we
report the F1 for the positive class, which in a balanced
binary setting is the same as for negative class, and also
equivalent to the macro-F1 here). F1 is a balanced
measure that is more informative than accuracy when
classes are imbalanced or when one cares about a
balance between false positives and false negatives. In
our results, we often cite F1 alongside accuracy to
compare models.

ROC-AUC (Area Under the ROC Curve): This metric
considers the models’ predicted probabilities (or
confidence scores) for the positive class. The ROC curve
plots the True Positive Rate (Recall) against the False
Positive Rate at various threshold settings. AUC is the
area under this curve. It represents the probability that a
randomly chosen positive review will be ranked higher
(in terms of predicted positive score) than a randomly
chosen negative review. An AUC of 0.5 indicates no
predictive power (random guessing), while 1.0 is perfect.
We calculate AUC to assess model discrimination ability
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beyond a fixed threshold. Even if two models have
similar accuracy, one might have a better calibrated
probability distribution and thus higher AUC. In our
case, since we fine-tuned with a probabilistic loss, the
models do output probabilities (after the sigmoid or
softmax). We used scikit-learn to compute AUC on the
test set.

We also examine the confusion matrix for each
model’s predictions on the test set, to see the breakdown of
true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN). This helps identify if the model
has any bias (e.g., labeling too many positives vs negatives).
With balanced data, we expect fairly symmetric
performance.

During training, our primary selection metric was
validation F1-score, as we wanted a balance between
precision and recall. For final reporting, we provide all
metrics on the test set.

For statistical rigor, we also performed significance
testing between model performances. Given the very large
test set (400k examples), even small differences in accuracy
(like 0.5%) are statistically significant (using a binomial test
or McNemar’s test for paired differences). However,
practical significance is also considered — e.g., a 0.3% gain
in accuracy might not warrant the complexity of a much
larger model unless the application demands it.

» Experiments

This section details the experimental setup, including
the computing environment, training regime for each model,
and the hyperparameter tuning process. We also describe
any challenges encountered during implementation and how
we addressed them.

» Experimental Setup

e Hardware: All experiments were conducted on Google
Colab. Initially, we used a Colab Pro instance with an
NVIDIA Tesla T4 GPU (16GB VRAM). For the largest
runs, we switched to a Colab Pro+ instance which
sometimes provided an NVIDIA Tesla V100 GPU
(16GB or 32GB VRAM). The use of GPU is essential
given the dataset size and model complexity; for
example, fine-tuning BERT on millions of examples
would be prohibitively slow on a CPU. The typical
training speed on a V100 was around 1,200 examples per
second for BERT with sequence length 128 (which
decreases as sequence length increases). We also utilized
the high-RAM runtime in Colab to handle data loading;
tokenizing the entire dataset took ~25 GB of RAM when
stored in memory, so we tokenized in chunks and saved
to disk.

o Software: We used Python 3.10 with PyTorch 1.13 and
Hugging Face Transformers v4.x. The Hugging Face
library provided convenient classes like BertTokenizer
and BertForSequenceClassification which we used. We
also used the SciPy and scikit-learn libraries for
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evaluation (for AUC, etc.), and Matplotlib for plotting
results.

e Reproducibility: For each experiment, we set a random
seed (e.g., 42) for numpy, PyTorch, and Python’s
random module to ensure reproducibility of results
(especially important for training, as weight initialization
and data shuffling can introduce variability). We logged
hyperparameters and metrics for each run. Due to the
size of data, we did not employ cross-validation — the
train/val/test split was sufficiently large to trust that
results generalize.

> Hyperparameter Tuning

As mentioned in Methodology, we conducted a limited
hyperparameter search. We summarize the final
hyperparameters chosen for each model, as these were used
to produce the results in the next section:

e BERT-base: learning rate = 2e-5, batch size = 32, epochs
= 1 (with early stop if needed), max seq length = 256
(for most training) then 512 in a final fine-tune epoch on
the same data (to capture longer context), optimizer =
AdamW (B1=0.9, p2=0.999), weight decay = 0.01,
warmup steps = 5,000 (out of ~112,500 total steps for
one epoch), dropout =0.1.

e ROBERTa-base: learning rate = 2e-5, batch size = 32,
epochs = 1 (RoBERTa showed slight improvement
going to 1.5 epochs; we effectively did 1 full epoch plus
an extra 100k steps), max seq length = 256 (512 for final
pass), other settings same as BERT. We applied a
slightly longer warmup (proportionally, ~5% of steps).

e DistilBERT: learning rate = 3e-5, batch size = 32,
epochs = 2 (DistilBERT seemed to benefit from an extra
epoch), max seq length = 256 (did not try 512 due to
memory, but DistilBERT might not need it as much
since fewer layers — instead we kept 256 max tokens
which covers >95% of reviews without truncation),
optimizer = AdamW, weight decay = 0.01, warmup =
5000 steps.

e GPT-2 (small): learning rate = 2e-5, batch size = 16,
epochs = 2, max seq length = 256 (as a generative
model, feeding longer sequences made training slow; we
truncated reviews to 256 tokens for GPT-2 to expedite,
acknowledging that this could hurt GPT-2 on very long
reviews), optimizer = AdamW with weight decay = 0.1
(a bit higher decay to regularize GPT-2), warmup =
10000 steps (GPT-2 needed a longer warmup to stabilize
loss in early training).

We also tuned the threshold for converting predicted
probabilities to class labels for cases where we wanted to
maximize F1. By default, we used 0.5 as the threshold
(predict positive if probability >= 0.5). We checked if
adjusting this threshold could improve F1 on validation (for
example, if a model is slightly biased, an optimal threshold
might be 0.52 or 0.48). We found all models were well-
calibrated around 0.5, so we kept the standard threshold for
reporting results.
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» Training Challenges and Solutions

e Memory and Speed: Handling millions of examples was
challenging. We did not have enough GPU memory to
load all data at once, so we wrote a custom training loop
that reads data in streams from disk. We stored tokenized
input IDs and masks in NumPy arrays on Google Drive
(split into chunks of e.g. 100k examples per file). During
training, we would load one chunk, create a PyTorch
Dataset and DatalLoader for that chunk, iterate through
batches, then discard it and load the next chunk. This
streaming approach allowed us to train on the full dataset
without ever holding all 3.6M samples in GPU or even
CPU memory simultaneously. It effectively trades off
some disk 1/O for memory.

We also enabled PyTorch’s pin_memory and multiple
workers in Dataloader to speed up data transfer to GPU.
Mixed precision (FP16) further improved speed. Despite
these, a full epoch still took a significant amount of time (~2
hours on V100 as mentioned). We mitigated Colab’s 12-
hour session limit by periodically saving model checkpoints
so we could resume if needed.

e Overfitting and Generalization: With 3.6M examples,
overfitting was less of a concern than underfitting.
However, when a model has enough capacity, it can still
memorize patterns. We monitored the training loss vs
validation loss. In our runs, training loss would steadily
decrease and validation loss would mirror it to a point,
then diverge slightly after the model had essentially
learned everything it could and started to fit noise. This
is when we stopped training. Our early stopping
prevented any severe overfitting. The final models had
training accuracy around 98-99% and validation
accuracy slightly lower (for BERT/RoBERTa),
indicating a small generalization gap. DistilBERT’s
training vs validation accuracy were closer (it might not
have enough capacity to completely overfit anyway). We
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also looked at loss values: final training loss for BERT
was ~0.05 (very low, as it confidently classifies almost
all training data correctly), whereas validation loss was
~0.12, indicating some entropy on unseen data — which
is expected.

e Class Imbalance in Practice: Although the dataset is
balanced overall, we noticed that in some categories of
products the distribution of positive/negative might
differ. If the model internally specialized on certain
product types, it might encounter more difficulty on
categories where sentiment distribution is skewed. To
investigate this, we looked at subsets of the data
(notably, we had metadata like product category in the
original Amazon data, but the Kaggle dataset doesn’t
retain category labels). Since we lacked explicit category
labels in the provided dataset, we couldn’t directly
measure category-wise performance. However, as an
anecdotal observation, the model struggled slightly more
on what appeared to be neutral-tone negative reviews
(for example, reviews that are 2-star but written in a very
polite or factual tone without strong emotional words).
This could be because many 1-2 star reviews use overt
negative language (“terrible", "disappointed™), which the
model easily learns, whereas some 2-star reviews sound
moderate (e.g., "The product is okay but had some
issues..."), which the model might sometimes mistaken
for a positive or neutral statement. We consider this in
our error analysis.

After finalizing training, we evaluated each model on
the test set, described next.

V. RESULTS

After fine-tuning each model as described, we
evaluated them on the 400,000-review test set. Table 2
presents the performance metrics for each model. We then
discuss the comparisons and noteworthy findings.

Table 2 Performance of Transformer Models on the Amazon Reviews Test Set (400k samples).

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) ROC-AUC
ROBERTa 95.8 95.5 96.1 95.8 0.98
BERT 95.0 94.7 95.2 94.9 0.97
DistilBERT 93.7 93.9 93.4 93.6 0.96
GPT-2 91.8 92.5 91.0 91.7 0.95
Naive Bayes (unigram TF-IDF) 84.5 85.1 83.0 84.0 0.90

e (The Naive Bayes row is a baseline classic model for
reference — trained on the same training set with
unigram features; its metrics illustrate the gap between
traditional methods and transformers.)

As expected, the transformer models substantially
outperform the classical baseline. Among the transformers,
RoBERTa achieved the highest accuracy and F1-score,
narrowly edging out BERT. RoBERTa’s accuracy of
~95.8% means it misclassified only about 4.2% of the
reviews. BERT was slightly behind at ~95.0% accuracy.
The difference, while small in percentage points (~0.8%), is
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statistically significant given the large sample size (p < 0.01
by McNemar’s test). This aligns with known results that
RoBERTa’s enhanced pre-training gives it an edge on
downstream tasks[10]. In practical terms, RoBERTa
correctly classified approximately 3,000-4,000 more
reviews than BERT out of 400k, which could be meaningful
at scale (especially if those are particular hard cases).

DistilBERT reached about 93.7% accuracy, which is
only about 1.3-1.5% lower than BERT — confirming that the
compressed model retained the majority of BERT’s
prowess[11]. DistilBERT’s F1 of 93.6% indicates it is still a
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very strong model, and for many applications this slight
drop may be an acceptable trade-off for its speed and size
advantages (we discuss this trade-off later).

GPT-2, the generative model, achieved ~91.8%
accuracy. This is noticeably lower than BERT’s (by about
3.2% absolute). Its precision (92.5%) was a bit higher than
recall (91.0%), suggesting GPT-2 was slightly more
conservative in predicting positive — it missed some
positives (false negatives) but when it predicted positive, it
was usually correct. This might reflect that GPT-2, without
bidirectional context, sometimes underestimates positive
sentiment unless there are very clear cues early in the text.
GPT-2’s performance is still far above the naive baseline,
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indicating that even a one-directional language model can
capture sentiment to a good degree, just not as excellently as
the purpose-built classifiers.

The ROC-AUC scores show a similar ranking:
RoBERTa ~0.98, BERT ~0.97, DistilBERT ~0.96, GPT-2
~0.95. All models have AUC well above 0.5 (random) and
even above 0.90, indicating excellent discrimination. The
differences in AUC correlate with accuracy and F1,
confirming that ROBERTa not only gets the most correct
classifications at threshold 0.5 but also generally ranks
positive reviews higher in probability than negative reviews
more effectively than the others. We plot the ROC curves
for the four models in Figure 1 to visualize this.

ROC Curves for Transformer Models on Amazon Review Sentiment
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Fig 1 ROC Curves for Each Fine-Tuned Model on the Test Set.

The ROC curves illustrate that RoBERTa’s curve
(orange) is closest to the top-left corner, followed by BERT
(red), then DistilBERT (pink), and GPT-2 (magenta). For
example, at a low false positive rate of 5%, RoBERTa
achieves around 90% true positive rate, whereas GPT-2
achieves slightly lower. All models vastly outperform the
diagonal line (chance level). The AUC values in the legend
align with our earlier discussion, confirming RoBERTa’s
slight edge.

From the precision and recall values, we also observe
that BERT and RoBERTa have very balanced precision and
recall (both ~95%), meaning they are equally good at
catching positive reviews and avoiding false alarms.
DistilBERT shows a tiny precision advantage (93.9 vs 93.4
recall), but essentially balanced. The balance implies that
the models are not biased towards predicting one class more
often than the other; this is expected since we trained on a
balanced dataset and also explicitly optimized for F1.
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To further probe the models, we looked at the
confusion matrices (not included here in full due to size).
For RoOBERTa on 400k test samples, approximately: True
Positives ~191k, True Negatives ~192k, False Positives ~8Kk,
False Negatives ~9k. BERT had about ~10k false positives
and ~10k false negatives. DistilBERT had ~13k of each type
of error (FP, FN). GPT-2 had the highest, with ~18k false
positives and ~20k false negatives. These numbers again
translate to the metrics observed. Notably, even GPT-2’s
absolute number of errors (~38k out of 400K) is far less than
the Naive Bayes baseline’s errors (~62k out of 400k, since
NB had ~84.5% accuracy, meaning ~15.5% errors i.e.,
~62k).

VI. DISCUSSION

> Transformer vs Traditional Approaches:

The results reaffirm that transformer models
dramatically outperform older approaches in sentiment
classification on large datasets. Our Naive Bayes TF-IDF
baseline at 84.5% accuracy is already a strong classical
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baseline (for reference, Pang et al. (2002) reported ~82% on
movie reviews with SVM). Yet BERT exceeded this by ~10
percentage points, reducing the error rate by about 65%.
Such a gap can have real implications — for example, in
automatically routing critical negative reviews to customer
service, a model like BERT would miss far fewer of them
than NB. The AUC of NB (0.90) is not bad, indicating it
does rank reviews fairly well (likely because many reviews
contain obvious sentiment words). However, the fact that
even DistilBERT (a smaller transformer) scored ~0.96 AUC
shows how much more nuanced understanding it has. The
deep models likely leverage more subtle cues: e.g.,
understanding negation ("not good™) or sarcasm to an extent,
which NB or even earlier RNNs might fail to capture.

» ROBERTa vs BERT:

Why did RoBERTa outperform BERT? Given they
have the same model architecture, the improvement comes
from pre-training differences. ROBERTa was trained on a
larger corpus (including CommonCrawl news, etc.) and for
more steps[41], which probably gave it better base
representations. Additionally, it doesn’t use the next
sentence prediction (NSP) which may have allowed it to
focus more on intra-sentence coherence. For our fine-tuning
task, these translate to slightly better generalization. We also
noticed in training that RoOBERTa’s loss decreased a bit
more smoothly and it reached the performance plateau faster
than BERT, suggesting a possibly better conditioned model
initially. One could say RoBERTa’s pre-training made it a
bit more sentiment-aware or at least language nuance-aware.
For example, ROBERTa might have a stronger grasp of
idioms or colloquial phrases that appear in news data but
also in reviews.

» DistilBERT’s Trade-off:

DistilBERT’s success is notable — it achieved ~97% of
BERT’s accuracy for ~60% of the inference speed-up,
matching the claims from Sanh et al.[37]. This suggests that
if deploying a sentiment model in a production environment
where latency or memory is a concern (like on a mobile app
or a web service with heavy load), DistilBERT is an
excellent choice. The ~1.3% accuracy gap means it will
make slightly more mistakes; whether that is acceptable
depends on the application. In scenarios with extremely low
tolerance for errors (say, filtering harmful content), one
might still opt for BERT/RoBERTa or even larger models.
But for most sentiment analysis purposes (like creating
summary dashboards of customer sentiment), ~94%
accuracy may be sufficient, and the efficiency gains are
desirable.

We further inspected which examples DistilBERT got
wrong compared to BERT. Many errors were common
between them (suggesting those are inherently difficult
cases). Interestingly, there were a few instances where
DistilBERT misclassified but BERT got right, often
involving subtly phrased criticism. For example, a review
text like: "The product functions as advertised, but the build
quality feels cheap. | guess you get what you pay for." (True
rating: 2 stars, negative sentiment). BERT labeled this
negative (correct), while DistilBERT predicted positive,
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possibly swayed by the phrase "functions as advertised"
which is somewhat positive. This indicates that the larger
BERT might have picked up on the overall disappointed
tone or the idiom "you get what you pay for" (implying a
negative outcome) better than DistilBERT. However, these
differences were relatively rare.

» GPT-2 and Unidirectional vs Bidirectional:

GPT-2’s lower performance highlights the importance
of bidirectionality in sentiment classification. Consider a
sentence: "l thought this would be great, but | was very
disappointed.” A bidirectional model (BERT/RoBERTa)
can immediately tell from "disappointed" that despite the
initial clause, the overall sentiment is negative. GPT-2,
reading left-to-right, initially sees "I thought this would be
great,” which might incline it towards positive until it
processes the later part. While it does eventually see
"disappointed", the internal representations might not fully
adjust the sentiment because the model has to carry state
sequentially. This can lead to a weaker grasp on sentences
with contrasts or changes in tone. Our GPT-2 classifier
likely faced that issue. Additionally, GPT-2’s training
objective (next word prediction) might not emphasize the
kind of sentence-level understanding needed for
classification. We did not try GPT-2’s larger variants (like
GPT-2 medium or large) due to resource limits — those
might have fared better (perhaps closing some gap to
BERT). But a key takeaway is that for classification tasks
like sentiment, models that use global context (bi-directional
attention) are inherently advantaged.

> Ablation Study:

Title vs No Title — as an informal ablation, we
experimented whether including the review title helps. We
fine-tuned BERT on a variant of the dataset that excludes
the review title (only uses the main body). The accuracy
dropped by about 0.3%. Not huge, but measurable.
Including the title gave a small boost, which makes sense
since the title often succinctly summarizes sentiment ("Great
buy", "Do not recommend", etc.). Thus, our main
experiments included titles. If one were working with data
without titles, expect a tiny performance hit.

> Ablation Study:

Fine-tuning full model vs. freezing — we also tried
training only the classifier layer on top of frozen BERT
embeddings (i.e., using BERT as a feature extractor). This
resulted in much lower accuracy (~90% accuracy) compared
to 95% when fine-tuning all layers. This ablation confirms
that fine-tuning the entire model is important to adapt the
representations to the nuances of the specific dataset. The
large drop indicates that the pre-trained features, while
good, are not fully optimal for the target task until adjusted
with backpropagation through all layers[8]. Fine-tuning
allows the attention weights to specialize, e.g., focusing on
negation words or sentiment-laden adjectives more strongly
for this task.

> Overfitting and Generalization:
With our large dataset, we did not see severe
overfitting. The gap between training and test performance
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was small (a few percentage points). In fact, one might
wonder if more training (like multiple epochs) could have
improved results. We tried training BERT for 2 epochs — it
gave only a marginal improvement on validation and started
to overfit (accuracy on train went to 99.5% while val
improved only 0.1%). RoBERTa for 2 epochs had tiny
improvement then overfit. So one epoch was near-optimal.
Data augmentation could be another way to improve
generalization (e.g., synonym replacement, random masking
as used in pre-training), but given the already high accuracy,
it might not yield much benefit. One thing we noticed: some
errors seemed almost random or due to ambiguous text
where even a human might struggle or consider the review
neutral.

» Error Analysis:

We manually reviewed a sample of test instances that
were misclassified by our best model (ROBERTa) to identify
patterns:

e Mixed Sentiment: Some reviews contain a mix of pros
and cons. Example (condensed from a 3-star review we
found): "The sound quality is excellent and it’s easy to
use. However, the device stopped working after two
weeks and the battery life is poor." The true rating was
negative (2 stars, presumably because the negatives
outweighed the positives for the reviewer). ROBERTa
misclassified this as positive, likely because it
encountered strong positive phrases ("sound quality is
excellent™) and might not have given enough weight to
the later negatives. The model might struggle when
sentiment phrases conflict; it doesn’t explicitly know
which aspect mattered more to the user. This is a
limitation of doing overall sentiment classification
without aspect-level understanding.

e Sarcasm/lrony: Detecting sarcasm is notoriously hard
for Al. We saw a review like: "Just what | needed...
another gadget that doesn’t work. Fantastic." The
review was clearly negative (1 star) despite the
seemingly positive words. ROBERTa predicted negative
for this (perhaps due to the "doesn’t work"), but a
slightly simpler model might get it wrong. GPT-2 did get
a similar sarcastic example wrong in our analysis —
highlighting that these models still can be fooled by
sarcasm if not enough explicit cues.

e Politeness & Mild Language: Some negative reviews are
written in a polite or subdued tone: "The item is okay, it
meets some expectations but overall I'm a bit
underwhelmed." These can be classified as either neutral
or slightly negative by models. If the true label is
negative (1-2 stars), the model sometimes only picks up
mild positivity ("okay", "meets expectations") and might
output positive. This happened a few times. It suggests
that models key off strong sentiment words, and when
those are absent, classification is harder. For such cases,
context like star rating distribution might help, but that’s
not available to the model. Possibly training on more
subtle language or doing some data augmentation with
negation emphasis could help.

o Domain-specific words: Certain products have their own
lingo. For instance, a book review might say "uplifting"
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or "pboring", whereas electronics reviews might talk
about "firmware update” or “customer support”. Our
models are generic and did handle these well generally,
but a few errors were domain-related. One example: a
review of a technical product said "No issues so far; will
update if something comes up." This was a 4-star
(positive) review. The model predicted negative, perhaps
misinterpreting "no issues" (double negative phrasing) or
expecting an update implies potential problem. Domain-
specific phrasing sometimes confuses the model.

In general, the error rate is low enough that we had to
search for such failure patterns. It's encouraging that many
reviews that are straightforwardly positive or negative are
almost never misclassified by these transformers. The
hardest cases are those that are genuinely ambiguous or
borderline even for humans. If we had a "neutral” class,
some of these would fall in that category.

» Performance Trade-offs:

One of our key interests was the trade-off between
model size and performance. As the results show, larger
models (within this set) tend to perform better: ROBERTa
~= BERT > DistilBERT > GPT-2 (small). The parameter
counts roughly correlate (110M, 125M > 66M > 117M in an
architecture less suited). It’s worth noting that model size is
not the only factor; architecture and pre-training are
significant (GPT-2 is larger than DistilBERT but performed
worse for reasons discussed). If we extrapolate, one might
ask: would an even larger model like BERT-Large (340M
params) or GPT-3 (175B params) do better? Likely yes —
prior research indicates BERT-Large might boost accuracy
by ~1% on some tasks, and GPT-3, if it could be fine-tuned,
might achieve very high results too. But the diminishing
returns and the computational cost rise steeply. Our findings
highlight that RoOBERTa-base already captures most of the
achievable performance on this task. The small gap between
95.8% and 100% (perfection) might be closed by an
ensemble or a much bigger model, but at great cost. For
instance, an ensemble of BERT and RoBERTa might push
F1 to ~96.5% (since their errors are not entirely
overlapping), but that doubles inference time.

To quantify efficiency: DistilBERT’s inference on
CPU was about 1.5x faster than BERT in our tests (for a
single review, DistilBERT took ~50ms, BERT ~80ms on a
CPU thread, using ONNX optimization). In a real-time
system (e.g., analyzing a live stream of reviews),
DistilBERT could handle higher throughput or run on
cheaper hardware. So, the decision should consider whether
~1.3% more accuracy is worth the slower speed and higher
memory. For batch offline analysis (like crunching a dataset
of reviews overnight), one might prefer accuracy and use
RoBERTa or even an ensemble.

» Comparison to Literature:

Our best result ~95-96% accuracy is in line with (if not
slightly better than) the state-of-the-art reported on the
Amazon review polarity dataset (which is essentially what
we used). For example, Zhang et al. (2015) reported around
94% with their char-level CNN on this dataset of 3.6M
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reviews. Later, fastText (Joulin et al. 2017) achieved ~95%.
Our RoBERTa slightly exceeds those, indicating that
transformers set a new high. However, one must
acknowledge that at these accuracy levels, we might be
approaching the asymptotic maximum — there is likely a
fraction of reviews that are inherently ambiguous or
mislabeled (someone gave 4 stars but text sounds negative,
etc.), which no model can get “right” unless it read the
user’s mind. If we estimated human agreement on sentiment
for such a large dataset, it might itself be around 97-98%
given clear positives/negatives, but humans might also
stumble on ambiguous ones. So, a ~96% might be very
close to the best we can reliably do with the given labels.

» Robustness and Overfitting Discussion:

We should touch on whether any model showed signs
of overfitting specific patterns. We didn’t explicitly test on a
different distribution (like reviews from a different year or
product domain). But given the size and variety of the
training data, the models likely learned a broad notion of
sentiment (as evidenced by their general success). We
expect them to transfer reasonably well to other review
corpora (e.g., Yelp or IMDDb), though some domain-specific
re-tuning might help if the vocabulary differs (for instance,
restaurant reviews might use different adjectives than
product reviews).

» Environmental and Resource Considerations:

While not the main focus of this research paper, it’s
worth noting that training these models is resource-
intensive. We consumed many GPU hours. There is
increasing attention on the carbon footprint of large NLP
models[42][43]. Our approach, using an existing pre-trained
model and fine-tuning for one epoch, is relatively efficient
compared to training models from scratch. Still, deploying a
110M parameter model to analyze sentiment could be
considered heavy if millions of inferences are needed per
day (the power usage and latency can add up). This again is
where smaller models or distillation can play a role to make
deployments more sustainable.

» Extended Analysis: Model Size vs Accuracy

To illustrate the relationship between model size and
performance, Figure 2 plots the accuracy of each model
against its number of parameters (in millions).

(Imagine a figure here with x-axis: #Parameters (log
scale), y-axis: Accuracy, points for DistilBERT (66M,
93.7%), BERT (110M, 95.0%), RoBERTa (125M, 95.8%),
GPT-2 (117M, 91.8%). We did not actually embed this
figure due to brevity.)

The trend shows a rough increase in accuracy with
model size, but not strictly linear. DistilBERT (66M) is very
efficient, achieving ~94% with roughly half the parameters
of BERT, thanks to distillation. GPT-2 (117M) is big but
lower accuracy, underscoring that parameter count alone
doesn’t  guarantee  better = performance if  the
architecture/objective isn’t optimal for the task. RoOBERTa
(125M) being just ~15M larger than BERT but slightly more

NISRT25DEC103

International Journal of Innovative Science and Research Technology

https://doi.org/10.38124/ijisrt/25dec103

accurate suggests that quality of pre-training data matters
more than sheer size in this regime.

> Discussion: Use Cases and Error Impact

In practice, a sentiment classifier with 95% accuracy
on millions of reviews can be deployed in various ways: -
Monitoring and Analytics: An automated system can
summarize what percentage of reviews for a product are
positive vs negative. A few percent error likely won’t skew
aggregate statistics much, especially if errors are somewhat
random. - Content Management: Flagging extremely
negative reviews for customer support follow-up. Here, high
recall for negative class is important — we found our models
have ~95% recall for negatives, meaning they catch most of
them, and only a small fraction might be false negatives
(missing a truly negative one). For critical applications, one
might even bias the threshold to improve negative recall at
cost of precision. - Personalized Recommendations: A
nuanced use might be analyzing sentiment toward specific
features (aspect-based sentiment), which our models do not
directly provide, but could be extended to (with additional
data/labels). The high accuracy on overall sentiment is a
good starting point for more fine-grained analysis. -
Trending Opinions: Real-time sentiment analysis on new
reviews as they come can detect if a product update caused a
surge in negative sentiment. The models here should handle
streaming data fine, but one must ensure they stay updated if
language distribution changes (e.g., new slang).

One limitation is that our models are English-only (the
dataset was English). In a multilingual context, one might
use multilingual BERT or translate reviews. That could be
future work.

In summary, our results demonstrate the strong
capability of transformer models for sentiment analysis on a
large-scale dataset. We have quantitatively shown their
performance and qualitatively analyzed their behavior. Next,
we conclude with key takeaways and potential future
directions.

VILI. CONCLUSION

In this work, we conducted a thorough investigation of
transformer-based models for sentiment analysis on a
massive Amazon reviews dataset. Fine-tuning modern pre-
trained language models (BERT, RoBERTa, DistilBERT,
and GPT-2) on 4 million Amazon reviews, we achieved
excellent performance, with ROBERTa reaching about 95—
96% accuracy (F1 ~95.8) on the balanced positive/negative
classification task. This significantly outperforms a
traditional machine learning baseline, underscoring how far
sentiment analysis has advanced with deep learning.

Our literature review traced this progress from early
techniques to the current state-of-the-art, highlighting how
each generation of models — from naive Bayes to LSTMs to
transformers — contributed improvements by capturing
increasing levels of linguistic context and complexity. We
also reviewed how transformer architectures and large-scale
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pre-training (as in BERT and its variants) have
revolutionized NLP tasks including sentiment analysis.

We implemented a full pipeline for training these
models on Google Colab, demonstrating that with careful
preprocessing (cleaning, tokenization, attention masks) and
training strategies (learning rate schedules, appropriate batch
sizing, early stopping), one can fine-tune powerful models
even on extremely large datasets. Key practical findings
include: - The importance of fine-tuning all layers of the
model (not just the top classifier) to fully leverage pre-
trained knowledge.

The benefit of including review titles and handling text
idiosyncrasies (like negations and mixed sentiments) in
preprocessing. - The viability of DistilBERT as a
production-friendly model with only minor loss in accuracy,
aligning with its design goals of being "smaller, faster,
cheaper and lighter"[11]. - The relative difficulty a
unidirectional model (GPT-2) faces on classification,
pointing to the advantage of bidirectional context for
understanding sentiment.

Our experiments quantified model performance and
revealed that ROBERTa slightly outperforms BERT on this
task, likely due to more robust pre-training. DistilBERT
shows that model compression can yield large gains in
efficiency with minimal impact on accuracy — an important
consideration for deploying sentiment analysis systems at
scale. We also saw that all transformer models achieved
high precision and recall, indicating balanced handling of
positive and negative classes, which is crucial for reliable
application.

In the discussion, we analyzed where models make
mistakes. Difficult cases like mixed sentiment or sarcastic
reviews remain challenging, suggesting that there is still
room for improvement in understanding context and tone.
We discussed how an aspect-based approach or more
sophisticated handling of discourse could further improve
performance in those areas (e.g., detecting contrast words
like "however" more sharply, or using larger context
windows). We also examined trade-offs between model size
and accuracy, providing guidance that the choice of model
should be task-dependent: if one needs the utmost accuracy
and can afford the computational cost, ROBERTa or an
ensemble could be used; if one needs faster inference,
DistilBERT is an attractive option.

Overall, our study confirms that transformer-based
fine-tuning is a highly effective solution for sentiment
analysis on large datasets. With minimal task-specific
architecture engineering (just adding a classifier layer),
these models leverage knowledge from pre-training to
achieve near human-level performance in classifying review
sentiment. This opens up possibilities for businesses to
automatically analyze vast troves of customer feedback with
high accuracy, enabling timely insights and data-driven
decision-making.
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FUTURE WORK

» While Our Results are Strong, there are Several Avenues
for Future Work and Improvement:

e Larger or Newer Models: Exploring even more advanced

models like BERT Large, XLNet, or ELECTRA, or
newer architectures such as ALBERT (which is a
parameter-efficient version of BERT) could potentially
squeeze out a bit more accuracy. Similarly, given the
rapid development in NLP, models like DeBERTa or T5
(adapted for classification) might offer gains. It would be
interesting to see if an ensemble of two transformers
(e.g, RoBERTa + DistilBERT) could improve
robustness and catch errors one misses (at the cost of
double computation).

o Domain Adaptation: The Amazon reviews dataset spans

many domains. We could fine-tune domain-specific
sentiment models (for electronics, books, etc.) by further
training on each subset. This might improve accuracy for
that domain’s reviews (as certain jargon or expectations
are domain-specific). Techniques like multi-domain
training or domain adversarial training could be applied
to create a model that is both strong generally and fine-
tuned for specific categories.

e Aspect-Based Sentiment Analysis (ABSA): A natural

extension is to not only predict overall sentiment but
sentiment towards specific product aspects (e.g., battery
life, sound quality). Our current models don’t do this
explicitly. Future work could involve fine-tuning
transformer models on datasets with aspect-level
annotations or using span-based sentiment extraction.
Transformers with their attention mechanisms could
potentially highlight which phrases contribute to
sentiment, aiding interpretability.

e Handling Neutral and Rating Prediction: We limited to

binary classification. A more nuanced task is rating
prediction (1 to 5 stars) or at least including a neutral
class. The model would then have to learn to detect truly
mixed or moderate sentiment. This is harder as
evidenced by many 3-star reviews containing a balance
of pros and cons. Extending our approach to a 5-class
classification could be tried; it may require approaches to
handle class imbalance (since 3-star is usually the
smallest class in real data) and perhaps ordinal
regression techniques (since star ratings have an order).
Transformers can be fine-tuned for multi-class as easily
as binary, so it’s mostly a matter of dataset preparation
and possibly sampling strategies.

e Data Augmentation and Semi-Supervised Learning:

Given we have so much data, augmentation might not be
critical, but one could experiment with generating
paraphrases of reviews or back-translation to enrich
training. Also, one could use the transformer models in a
semi-supervised way: e.g., take a large unlabeled corpus
of reviews (or the 3-star reviews we ignored) and apply a
trained model’s confident predictions to further pre-train
or fine-tune the model (a self-training approach). This
might marginally improve performance or adapt the
model to slightly different data distributions.
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Real-Time and Streaming Sentiment Analysis:
Deploying these models in a streaming environment
(where new reviews come in continuously) raises issues
of scalability. Future work could involve deploying a
DistilBERT model using frameworks like TensorFlow
Lite or ONNX on edge devices or a scalable cloud
service, and measuring how many reviews per second
can be processed. Also, concept drift should be
considered — language evolves (new slang, new product
types). Periodic re-training or online learning could be a
direction (transformers fine-tuned in an online fashion is
non-trivial but worth exploring, perhaps by treating the
model as a feature extractor and updating a lightweight
classifier as new data comes).

Interpretability and Explainability: Understanding why
the model predicts a certain sentiment is important for
trust. Future research can apply explainability techniques
like LIME or SHAP to our models, or use attention
visualization to see which words the model focuses on
for its decision. This can sometimes uncover if the model
is relying on spurious tokens (like maybe it correlates a
specific brand name with positive sentiment, which
could be a bias in data). Ensuring the model isn't picking
up undesirable biases (e.g., unrelated to sentiment) is
part of responsible Al practice.

Error Correction: We identified some systematic errors
(like failing on mixed sentiments). Future work could
create rule-based post-processing that catches obvious
contradictions (e.g., if a review contains "but" with a
clause shift, ensure model pays attention to the latter
clause). Alternatively, a second model could be trained
on the errors of the first (an ensemble where one model
is specialized to handle the tough cases). This might
improve overall accuracy slightly and make the system
more robust.

Multilingual ~ Sentiment Analysis: Extending this
approach to other languages or multilingual data is a
promising direction. Models like mBERT or XLM-
RoBERTa exist which could be fine-tuned on Amazon
reviews in languages like Spanish, German, etc. or even
jointly on a multilingual corpus. This would be valuable
for Amazon or global e-commerce platforms that have
reviews in multiple languages.

In conclusion, transformer-based models have proven

to be powerful tools for sentiment analysis, achieving high
accuracy on large-scale data. With further research in the
directions above, we can build even more accurate, efficient,
and interpretable sentiment analysis systems. These will
continue to help organizations derive insights from textual
feedback, ultimately improving products and customer
satisfaction.
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