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Abstract

The rapid advancement of Large LanguageModels (LLMs) has opened new avenues in data

augmentation, particularly through the generation of synthetic text data. This thesis explores

the utility of LLM-generated synthetic data in supervised machine learning tasks, focusing on

multiclass text classification. A real-world dataset of book descriptions categorized into seven

classes was used to construct three datasets: (1) real data only, (2) synthetic data generated by

LLMs, and (3) a mixed dataset combining real and synthetic entries. Text data underwent stan-

dard preprocessing, tokenization, and word embedding using pre-trained GloVe vectors. Iden-

tical model architectures were used for all three to ensure fair comparison. The performance of

models trained on each dataset was evaluated in terms of accuracy and generalization. Results

indicate that while models trained on real data achieve strong baseline performance, synthetic

data alone can offer comparable results. In particular, the model trained on a mixed dataset

demonstrated improved generalization and accuracy. These findings highlight the potential of

LLM-generated synthetic data as a viable tool for enhancing machine learning models, partic-

ularly in scenarios involving data imbalance or scarcity.
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1 Introduction

1.1 Background and Motivation

The use of Large Language Model (LLM)-generated synthetic data is a growing approach in machine

learning, aimed at addressing challenges such as data scarcity and privacy concerns. Traditional machine

learning models rely on large, high-quality datasets for effective training, but collecting such data can be ex-

pensive, time-consuming, or even impossible in specialized domains or when sensitive information is involved

[1]. Synthetic data, produced by Natural Language Processing (NLP) models to approximate the properties of

real data, provides a practical alternative [2]. With their strong text generation abilities, LLMs have made it

easier to create synthetic datasets that can be used for data augmentation and model training [3].

The value of synthetic data lies in its ability to solve several key issues. In situations where real data

are scarce, synthetic samples can expand training sets and improve both performance and generalization [4].

Synthetic data can also support privacy by masking or removing sensitive information, allowing models to

be developed without exposing confidential details. However, challenges remain: the usefulness of synthetic

data depends heavily on its quality and realism, and poor or biased samples can reduce accuracy and fairness.

This thesis investigates the role of LLM-generated synthetic data in supervisedmachine learning, focusing

on multiclass text classification. By comparing models trained on real, synthetic, and mixed datasets, the

study aims to assess both the benefits and the limitations of using synthetic data to enhance machine learning

performance.

1.2 Contribution

The main goal of this thesis is to test whether text generated by a Large Language Model (LLM) can be

used as a reliable resource for training classification models, and to examine how this synthetic data inter-

acts with real samples to affect overall performance. The results show that synthetic-only training can reach

performance levels close to real data, while the mixed dataset achieved the strongest results across all seven

categories.

This study compares outcomes under identical experimental conditions, giving clear evidence of the stan-

dalone value of synthetic data. It also shows that mixing synthetic and real examples reduces the weaknesses

8
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of each source, improving accuracy, lowering overfitting, and supporting minority classes.

Future work could explore different LLMs, embedding methods, or architectures to see whether they

further improve the usefulness of synthetic data. Another direction is adaptive prompt design to generate more

domain-specific text, such as for medical or legal tasks. Additional research could focus on better metrics for

evaluating the quality and diversity of synthetic data, as well as human-in-the-loop methods that combine

automated generation with expert review.

2 Literature Review

2.1 Introduction to Text Classification

Text classification represents a cornerstone of modern natural language processing (NLP), enabling ma-

chines to automatically categorize unstructured text into predefined classes through learned patterns from la-

beled examples. This technique is utilized in critical applications across industries, from filtering spam emails

(binary classification), to organizing literary genres (multiclass categorization) [5].At its core, the process in-

volves training algorithms on annotated datasets where human experts have assigned category labels, allowing

models to discern linguistic patterns that distinguish different classes.

The practical implementations of text classification span diverse domains, each requiring tailored ap-

proaches. Sentiment analysis systems deployed by companies analyze customer reviews to gauge satisfaction

levels, enabling proactive service improvements [6].In healthcare, classification models process patient feed-

back to identify trends in care quality [7], while financial institutions employ sentiment-aware text classifi-

cation models-such as the Polarity Pattern Approach (PPA) and LSTM-based frameworks-to systematically

analyze news headlines and search trends, thereby enhancing their ability to forecast stock returns and trading

volumes based on the polarity of financial news[8] [9] .

9
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Figure 1: Simple text classification pipeline.

2.2 Evolution and Mechanisms of Text Classification

Text classification has evolved significantly over the past several decades, reflecting advances in compu-

tational power, algorithmic design, and linguistic understanding. Initially, text classification relied heavily on

traditional statistical models such as Bayesian classifiers and logistic regression, which utilized handcrafted

features like term frequency-inverse document frequency (TF-IDF) to represent text data numerically. These

early approaches treated text as a bag of words, ignoringword order and contextual relationships, which limited

their ability to capture the full semantic meaning of documents. [10] Despite these limitations, such models

laid the foundation for automated text categorization and were widely applied in spam filtering, document

organization, and sentiment analysis.

The advent of machine learning introduced more sophisticated algorithms, including Support Vector Ma-

chines (SVMs) and decision trees, which improved classification accuracy by better handling high-dimensional

feature spaces and nonlinear decision boundaries [11] Subsequently, the integration of Natural Language Pro-

cessing (NLP) techniques enabled models to incorporate syntactic and semantic information, enhancing their

ability to interpret text beyond simple keyword matching. Deep learning architectures, notably Convolutional

Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), marked a major shift by automatically

learning hierarchical and sequential features from raw text data. CNNs effectively captured local patterns

such as n-grams, while RNNs modeled temporal dependencies in sentences, enabling improved performance

in tasks requiring contextual understanding [10].

10
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Figure 2: Bag-of-Words Representation of Text Data

2.3 The Critical Role of Data Quality in Machine Learning Systems

The foundation of robust machine learning systems depends on the quality and balance of training data.

The need for high-quality, well-balanced datasets is clear, as organizations face performance degradation,

extended development cycles, and operational failures stemming from inadequate data preparation. Recent

studies show that data quality issues represent one of the most significant barriers to successful AI deployment,

causing challenges that extend far beyond the initial training stage.

Contemporary research demonstrates that even state-of-the-art architectures remain vulnerable to degra-

dation when exposed to low-quality inputs, with error propagation manifesting across the model lifecycle. A

2024 study in Nature Digital Medicine introduced the METRIC framework, which quantifies 15 dimensions
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of medical data quality - including label accuracy, feature relevance, and temporal consistency - showing an

accuracy improvement in deep learning models when optimizing these parameters [12]. This aligns with the-

oretical analyses from computational learning theory, where the signal-to-noise ratio (SNR) of training data

directly bounds model performance through the deterministic-non-deterministic ratio (DDR) metric[13].

2.4 The Problem of Class Imbalance

Dataset imbalance is one of themost critical but often overlooked issues of data quality inmachine learning

applications. Unbalanced datasets occur when certain classes or categories are significantly underrepresented

compared to others, leading to biased models that perform poorly on minority classes even if overall accuracy

looks acceptable. [14][15]. The challenge becomes particularly acute in real-world applications where the

minority classes often represent the most critical cases requiring accurate prediction.

The mathematical foundations of machine learning algorithms inherently favor majority classes when

training on imbalanced data. Standard optimization objectives like accuracy maximization bias models toward

predicting the most frequent class, as this strategy yields the highest overall accuracy even while completely

failing to detect minority class instances [16]. This phenomenon explains why models trained on imbalanced

datasets often achieve high accuracy scores while demonstrating poor practical utility in detecting rare but

important events [14].

The implications of dataset imbalance extend throughout the entire machine learning pipeline, affecting

not only model training but also evaluation, deployment, and maintenance phases. Models trained on imbal-

anced data typically exhibit poor generalization to new data distributions, particularly when the test environ-

ment contains different class proportions than the training set [15]. This distribution shift creates significant

challenges for model deployment in production environments where data characteristics may evolve over time.

2.5 Synthetic Data Generation in Machine Learning

Synthetic data generation has emerged as a crucial technique in machine learning to address challenges

related to data scarcity, privacy, and data quality. It involves creating artificial data that preserves the statistical

properties and underlying patterns of real-world datasets, enabling model training without relying solely on

12
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limited or sensitive real data [17].

Several machine learning approaches have been developed for synthetic data generation. Among the most

prominent are generative models such as Generative Adversarial Networks (GANs), Variational Autoencoders

(VAEs), and large language models (LLMs). These models learn latent representations of the original data

distribution and generate new samples that mimic real data characteristics [18][19].For example, GANs pit

two neural networks against each other to produce realistic synthetic data, while VAEs encode data into a

latent space and decode it back to generate new samples [17].

The applications of synthetic data span multiple domains including computer vision, natural language

processing, healthcare, and business analytics. In text data specifically, synthetic data generation can augment

datasets to improve model robustness, especially in low-resource settings or when facing class imbalance.

Synthetic data can also facilitate privacy preservation by enabling data sharing without exposing sensitive

information.

Despite its advantages, synthetic data generation faces challenges such as computational complexity, train-

ing instability, and ensuring synthetic data’s fidelity and diversity. Moreover, ethical concerns arise regarding

biases embedded in synthetic data and potential misuse. Addressing these issues is critical for the broader

adoption and trustworthiness of synthetic data in machine learning workflows.

In summary, synthetic data generation using machine learning models, particularly generative models

and LLMs, offers a promising avenue to overcome data limitations and enhance model performance across

various tasks. Ongoing research continues to refine these techniques to balance data utility, privacy, and ethical

considerations [17].

2.5.1 Traditional Text Data Augmentation Techniques

Traditional text data augmentation techniques have long helped improve the performance of NLP models,

especially when labeled data is limited or imbalanced. Among the most widely used methods are synonym

replacement, random insertion and deletion, back translation and paraphrasing

Synonym replacement involves substituting words in a sentence with their synonyms, thereby creating

new versions of the text while keeping its meaning. This technique is straightforward and helps models be-

come less sensitive to specific word choices. However, its effectiveness can be inconsistent, as inappropriate
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synonym choices may change the intended meaning or make the sentence sound unnatural. Studies have found

that while synonym replacement can improve performance, its impact varies depending on the language, task,

and model architecture [20][21].

Random insertion and deletion refer to randomly adding or removing words within a sentence. These to-

ken level manipulations introduce noise and diversity into the training data, encouraging models to learn more

robust representations. These methods are effective for morphologically rich languages and some sequence

tagging tasks, though less useful for analytic languages [20].

Back-translation is a powerful augmentation technique where a sentence is translated into another lan-

guage and then translated back to the original language. This process often results in paraphrased versions of

the source text, adding linguistic diversity and helping to reduce overfitting. Empirical studies have shown

that back-translation significantly enhances classification accuracy and model robustness, particularly in low-

resource and fake news detection tasks [21][22].

Paraphrasing involves generating semantically similar sentences using rule-based or model-based ap-

proaches. While back translation is a form of paraphrasing, dedicated models or templates can also gener-

ate paraphrases. Paraphrasing expands the dataset with diverse expressions of the same underlying meaning,

which is beneficial for generalization and handling varied real world inputs [23][22].

Comparative studies indicate that the effectiveness of these traditional augmentation techniques depends

heavily on the specific NLP task, language characteristics, and the underlying model. For example, character

level and token level augmentations tend to be more effective for certain architectures, while syntactic and

semantic methods like back translation and paraphrasing usually givemore consistent improvements for higher

level tasks [20][23][22]. Overall, thesemethods form the foundation uponwhichmore advanced, model driven

augmentation strategies such as those using LLMs are built.

2.6 Large Language Models (LLMs) and Their Applications

Large Language Models (LLMs) have greatly advanced natural language processing (NLP) by enabling

machines to understand and generate human like text with strong fluency and coherence. LLMs are typically

based on deep learning architectures such as the Transformer, which use self attention mechanisms to capture

long range dependencies in text data efficiently.
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Prominent examples of LLMs include OpenAI’s GPT series [24], Google’s BERT [25], and more recent

models like GPT-4. These models are pretrained on massive amounts of text using unsupervised or self su-

pervised learning objectives, such as predicting masked tokens or the next word in a sequence. This extensive

pretraining enables LLMs to learn rich contextual representations that can be finetuned for a wide range of

downstream NLP tasks, including text classification, summarization, translation, and question answering.

One of the key applications of LLMs relevant to this thesis is synthetic text data generation. LLMs can

generate high quality, contextually relevant text samples that augment existing datasets and help address issues

such as data scarcity and class imbalance. For instance, GPT-based models have been successfully used to

create synthetic training data for text classification tasks, improving model performance and generalization.

Recent studies have also explored the use of LLMs for data augmentation in lowresource settings, demon-

strating that synthetic data generated by these models can rival or even surpass real data in effectiveness.

However, challenges remain, including ensuring diversity in generated samples and mitigating potential bi-

ases inherited from the training data [26].

LLMs represent a powerful tool for both understanding and generating natural language, with synthetic

data generation being a promising application for enhancing supervised learning tasks such as multiclass text

classification.

2.6.1 How Large Language Models Work

The design of Large Language Models (LLMs) is based on the Transformer architecture, introduced in

2017, which has become the backbone of modern NLP systems [27]. The process begins with the ingestion of

raw text, which is first tokenized, split into smaller units such as words or sub words, so they can be represented

numerically and processed efficiently by the model. Each token is then mapped to a dense vector in a high

dimensional space through an embedding layer, capturing semantic relationships between tokens and enabling

the model to recognize linguistic patterns.

Once embedded, these token representations are passed into a series of stacked Transformer blocks, each

composed of two primary sublayers: a multi head self-attention mechanism and a position-wise feed forward

neural network [27]. The self-attention mechanism computes attention scores between all pairs of tokens in the

sequence, capturing long-range dependencies and contextual relationships that help the model understand text.
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This mechanism is mathematically formulated as scaled dot-product attention, where each token’s representa-

tion is updated based on a weighted sum of all other tokens, with the weights determined by their contextual

relevance. Multi-head attention extends this idea by allowing the model to attend to information frommultiple

representation subspaces simultaneously, providing a richer contextual representation.

To retain information about the order of tokens, since the Transformer’s self-attention does not encode

word order, positional encodings are added to the embeddings at the input of each block [27]. After the self-

attention layer, the position-wise feed forward network applies nonlinear transformations independently to

each token’s representation, enhancing the model’s ability to capture complex features. Both sublayers are

wrapped with residual connections and followed by layer normalization, which stabilizes training and helps

the flow of gradients in deep networks.

The outputs from the final Transformer block are then passed into a task specific output layer, such as a

softmax classifier for language modeling or text classification. The entire model is trained end to end on large

scale corpora using objectives like next token prediction or masked language modeling, with optimization

performed via stochastic gradient descent and backpropagation. This training setup, combined with the archi-

tectural innovations of the Transformer, enables LLMs to learn context sensitive representations of language

and achieve strong performance across many NLP tasks [27].
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Figure 3: Transformer Model Architecture
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2.7 Comparing Traditional Text Augmentation Techniques with LLM-

Based Synthetic Data Generation

Large LanguageModel (LLM)-based synthetic data generation is a clear improvement over traditional text

augmentation techniques such as synonym replacement, random insertion/deletion, back-translation, para-

phrasing, and word embedding perturbation. Traditional methods primarily manipulate existing data at the

token or sentence level, often resulting in limited diversity and sometimes introducing unnatural or seman-

tically inconsistent variations. For example, synonym replacement and random insertion/deletion can help

increase data volume but may not capture the range of linguistic variation needed for strong model training.

Back-translation and paraphrasing offer more semantic diversity but are limited by the quality of translation

systems and paraphrase models, and may not always give contextually appropriate results [28].

In contrast, LLM-based synthetic data generation uses the generative capabilities of models like GPT-3,

GPT-4, and Gemini to create entirely new text samples that closely mimic the distribution and complexity

of real-world data. LLMs can generate contextually rich and coherent examples tailored to specific tasks

or underrepresented classes, which is especially beneficial in addressing class imbalance and data scarcity

[28][29]. Studies have shown that integrating LLM-generated synthetic data can improve model performance,

particularly for minority classes, and enhance generalization across diverse tasks and domains. For instance, in

emotion classification, augmenting minority classes with LLM-generated samples led to clear improvements

in classification accuracy and robustness, outperforming traditional balancing techniques like undersampling

and oversampling [28].

LLMs can also create domain-specific synthetic datasets, as demonstrated in specialized fields such as le-

gal document analysis, where curriculum learning and synthetic data generation with LLMs improved bench-

mark performance compared to traditional augmentation and fine-tuning approaches. LLM-generated data

also shows greater adaptability and can be fine-tuned or prompted to produce samples with desired properties,

making them more useful for machine learning applications.
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2.8 Impact of Synthetic Data on Model Performance

The use of synthetic data in machine learning has gained attention as a strategy to improve model perfor-

mance, especially in scenarios where real data is limited, imbalanced, or costly to obtain. Numerous studies

have investigated how synthetic data influences accuracy, generalization, and robustness of models across

various domains, including text classification.

Synthetic data can help mitigate the problem of data scarcity by augmenting training datasets, which helps

models learn more representative features. For instance, it has been demonstrated that synthetic data generated

via GANs can have improved classification accuracy in medical imaging by increasing the diversity of training

samples [30]. Similarly, in natural language processing, synthetic text generated by language models has been

shown to enhance classifier performance, particularly for underrepresented classes [31].

Comparative analyses between models trained on real, synthetic, and mixed datasets reveal that while

models trained only on synthetic data often achieve reasonable baseline performance, combining synthetic

with real data typically yields superior results. This is attributed to the complementary nature of synthetic

data, which can fill gaps in the real data distribution and reduce overfitting [32].

However, the effectiveness of synthetic data depends on its quality and diversity. Poorly generated syn-

thetic samples can introduce noise or bias, potentially degrading model performance [33]. Moreover, synthetic

data may not fully capture complex real-world distributions, limiting its usefulness in some contexts.

Overall, synthetic data has a positive impact on model performance by enhancing data diversity and ad-

dressing imbalance, especially when used

in conjunction with real data. Ongoing research focuses on improving generation techniques to maximize the

benefits of synthetic data while minimizing its limitations.

3 Methodology

3.1 Overview of Experiment

The goal of this experiment is to investigate the impact of synthetic text data, generated by a Large Lan-

guage Model (LLM), on the performance of machine learning models in a multiclass text classification task.

19

Institutional Repository - Library & Information Centre - University of Thessaly
05/09/2026 11:47:56 EEST - 216.73.216.250



To achieve this, three separate datasets were constructed and evaluated under identical conditions: one com-

posed exclusively of real-world book descriptions, one generated entirely by the LLM, and a third combining

equal parts of both.

Each dataset was preprocessed using the same pipeline and used to train identical model architectures.

This way, any observed differences in performance can be attributed to the source and nature of the data.

The models were evaluated using standard classification metrics, with a focus on accuracy and generalization

across all seven classes.

This experimental setup allows for a direct comparison between real and synthetic data and enables an

assessment of whether a combination of both can improve classification outcomes. By isolating the data

type as the only variable, this design aims to provide a clear understanding of the benefits and limitations of

incorporating LLM-generated synthetic data into supervised learning tasks.

3.2 Dataset Description

The dataset for this study comes from the Amazon Books Reviews dataset on Kaggle [34], which contains

metadata and user reviews for a wide variety of books. The initial dataset consists of 143,962 book descriptions

prior to any filtering or preprocessing. Each entry contains a textual description of a book, and each book is

assigned to one of multiple distinct categories. These categories represent different genres or thematic classes,

supporting a multiclass classification framework.

The distribution of book descriptions across categories containing more than 2500 entries is illustrated

in Figure 4. As shown, the dataset contains many entries in several major categories, with Fiction being

the most prevalent at over 22,000 entries. Other categories include Religion and History, each with around

10,000 entries, followed by Juvenile Fiction, Biography and Autobiography, Business and Economics, and

Computers. Additional categories such as Social Science, Juvenile Nonfiction, Science, Education, Cooking,

and Sports and Recreation are also well represented, each with more than 2,500 entries.

This distribution highlights a clear class imbalance within the dataset, where some genres, particularly

Fiction, dominate, while others have much fewer samples. Such imbalance is typical of real-world book col-

lections and presents challenges for supervised classification, as models may become biased toward majority

classes.
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To address these challenges and ensure a focused multiclass classification task, seven distinct categories

were selected from among the most populated and thematically clear classes in the dataset. The selection pro-

cess aimed to balance the number of samples per class as much as possible while maintaining clear distinctions

between genres. By narrowing the scope to these seven categories, the study keeps both practical relevance

and manageable complexity for evaluating the impact of synthetic data augmentation on classification perfor-

mance.

Figure 4: Categories containing more than 2500 entries

3.3 Dataset Preprocessing

To prepare the Amazon Books Reviews dataset for the multiclass text classification task, a preprocessing

pipeline was implemented to ensure data quality and consistency, since the original dataset often contained

multiple categories per book with overlapping labels.
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Entries with missing category information were removed to keep the dataset consistent. The categories

column was converted to string type to facilitate pattern matching. A custom function, assign_category, was

applied to each entry’s category list to assign a single category based on the presence of any of the mapped

substrings using case-insensitive regular expression matching. Entries that did not match the seven predefined

categories were removed.

Subsequently, entries missing either the book description or title were dropped to keep the textual data

complete for classification. The final filtered dataset retained only the columns relevant to the task: description,

categories, and Title.

This preprocessing resulted in a cleaner, more focused dataset suitable for training and evaluation. The

distribution of samples across the seven selected categories after preprocessing is visualized in Figure 5, which

displays a bar chart of category counts. This figure highlights the remaining class imbalance, with some

categories having far more samples than others, reinforcing the need for augmentation strategies in subsequent

experiments.
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Figure 5: Categories after data cleaning

3.4 Construction of Synthetic Dataset

The synthetic book descriptions were generated using the GPT-4 Large Language Model. The generation

process involved iterating over each entry in the filtered real dataset, which contains book titles and their

assigned categories.

For each book, a prompt was constructed to instruct GPT-4 to generate a unique and original synopsis. The
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prompt explicitly specified the book’s title and its genre category to guide the model in producing a relevant

description. The prompt used was:

”Generate a captivating and original book synopsis for a book belonging in the ’{category}’

genre titled ’{book_title}’. Ensure the content is unique and does not include any information or

references from existing works with the same title. The synopsis should introduce compelling

topics, a fascinating narrative, and a vivid setting, making it engaging and appealing to potential

readers. Emphasize originality and creativity in crafting a narrative that fits the title and genre,

ensuring the synopsis highlights how the book exemplifies its genre.”

This prompt was specifically designed to prevent the model from reproducing actual existing descriptions

associated with the book title. Since GPT-4 sometimes recognizes well known book titles and generates their

real descriptions from its training data, the prompt explicitly instructs the model to avoid including any infor-

mation or references from existing works. This ensures that all synthetic descriptions are entirely original and

do not replicate real book content.

The synthetic dataset was generated by producing one synthetic description for each real book entry in

the filtered dataset. This resulted in a synthetic dataset with the same number of samples and class distribution

as the real dataset, enabling direct comparison between models trained on real, synthetic, and mixed datasets.

The number of the synthetic samples per class equal those of the original dataset as they were created one to

one.

3.5 Text Preprocessing and Feature Engineering

3.5.1 Text Cleaning and Normalization

The text cleaning and normalization process was applied to both the real book descriptions and the syn-

thetic descriptions to prepare the dataset for analysis. Initially, all text entries were converted to lowercase to

keep the text uniform and reduce the vocabulary size. Following this, special characters such as line breaks and

possessive suffixes were removed, and only alphabetic characters and whitespace were retained. Numbers,

punctuation, and other symbols were removed to avoid noise.
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Tokenization was then performed using the word_tokenize function from the NLTK library, which split

the text into individual words. To further refine the text, common English stop words were removed using

NLTK’s predefined list, keeping the dataset focused on terms more relevant to classification.

In addition, a frequency-based filtering step was applied to exclude words that appeared too rarely or

too frequently. Specifically, words occurring fewer than two times across the entire dataset were removed to

eliminate rare terms that were unlikely to contribute to the model. Conversely, words appearing in more than

80% of the documents were also filtered out to avoid overly common terms that could weaken the features.

Finally, the Porter stemming algorithm was applied to reduce words to their root forms, consolidating dif-

ferent morphological variants of a word into a single representation. This preprocessing pipeline was wrapped

in a custom function named cleanDescriptions, which was applied to the description and responses columns.

The resulting cleaned and normalized text formed the basis for subsequent tokenization and feature extraction

steps.

def cleanDescriptions(df, column_name ,ps,stop_words ,min_freq=2, max_freq

=0.8):

"""Preprocess a text column in a DataFrame."""

df[column_name] = df[column_name].astype(str)

df[column_name] = df[column_name].apply(normalize_text)

df[column_name] = df[column_name].apply(lambda x: x.lower())

df[column_name] = df[column_name].apply(lambda x: x.replace('\r\n',

''))

df[column_name] = df[column_name].apply(lambda x: x.replace("'s", ''

))

df[column_name] = df[column_name].apply(lambda x: ''.join(c for c in

x if c.isalpha() or c.isspace()))

df[column_name] = df[column_name].apply(word_tokenize)

df[column_name] = df[column_name].apply(lambda x: [word for word in

x if word not in string.punctuation])

df[column_name] = df[column_name].apply(lambda x: [word for word in

25

Institutional Repository - Library & Information Centre - University of Thessaly
05/09/2026 11:47:56 EEST - 216.73.216.250



x if word not in stop_words])

all_words = [word for tokens in df[column_name] for word in tokens]

word_counts = Counter(all_words)

total_docs = len(df)

# Filter based on word frequencies

def filter_by_frequency(tokens):

return [

word for word in tokens

if min_freq <= word_counts[word] <= max_freq * total_docs

]

df[column_name] = df[column_name].apply(filter_by_frequency)

df[column_name] = df[column_name].apply(lambda x: ' '.join(ps.stem(

word) for word in x))

return df

Listing 1: Clean Descriptions Function

3.5.2 Creation of the Mixed Dataset

To address class imbalance in the real dataset, a mixed dataset was created by augmenting underrepre-

sented categories with synthetic descriptions generated by the LLM.

Starting from the filtered real dataset containing book descriptions (description column) and their assigned

categories, the distribution of samples per category was analyzed. Categories with fewer than 5,000 entries

were identified as needing augmentation.

For each such category, additional synthetic samples were drawn by randomly sampling with replacement

from the synthetic descriptions stored in the responses column of the original dataset. These synthetic samples

were then renamed to align with the description field and appended to the real dataset. This process increased

the number of samples in each underrepresented category to at least 5,000.
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As a result, the mixed dataset contains a combination of real book descriptions and synthetic descriptions,

with the synthetic data specifically used to balance the classes. This dataset enables evaluation of classification

models trained on a blend of real and synthetic data, providing insight into the effectiveness of synthetic data

augmentation for addressing class imbalance.
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mixed_df = df[['description', 'categories']].copy()

# Check which categories have less than 5000 entries

category_counts = df['categories'].value_counts()

categories_to_balance = category_counts[category_counts < 5000]

# Fill up categories to reach 5000 entries in `mixed_df `

for category , count in categories_to_balance.items():

# Calculate the number of entries needed

needed = 5000 - count

# Extract additional rows from the original dataset (`responses ` and

`categories `)

additional_rows = df[df['categories'] == category][['responses', '

categories']].sample(needed , replace=True)

additional_rows.rename(columns={'responses': 'description'}, inplace

=True)

# Append these rows to the `mixed_df `

mixed_df = pd.concat([mixed_df , additional_rows], ignore_index=True)

Listing 2: Creation of the Mixed Dataset

3.5.3 Tokenization and Word Embedding

The tokenization process began by creating a unified vocabulary that encompassed all textual data from

the real book descriptions, synthetic descriptions, and the mixed dataset. This was achieved by combining the

text from the description and responses columns of the original dataset along with the description column of

the mixed dataset. The purpose of this step was to ensure that the tokenizer captured the full range of words
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appearing across all datasets, keeping word-to-index mappings consistent during training and evaluation.

Using Keras’ Tokenizer class, each unique word was assigned a unique integer index, with more frequent

words receiving lower indices. This frequency-based indexing makes representation efficient and gives pri-

ority to common terms during training. Subsequently, each text entry was converted into a sequence of these

integer indices, representing the tokenized form of the text.

Since neural network models require inputs of uniform length, the tokenized sequences were padded to

match the length of the longest sequence in the dataset. Padding ensures that shorter sequences are extended

with zeros, so batch processing works without losing information or creating bias from variable-length inputs.

To convert these tokenized sequences into numerical features with semantic meaning, pre-trained GloVe

embeddings were loaded. The GloVe embeddings were read from a text file containing word vectors, where

each line corresponds to a word followed by its embedding values. The loading function iterated through each

line, splitting it into the word and its associated vector, which was then stored in a dictionary mapping words

to their respective embedding vectors. This dictionary, known as the embeddings index, serves as a lookup

table for retrieving vector representations during embedding matrix construction.

An embedding matrix was then created with dimensions corresponding to the size of the tokenizer’s vo-

cabulary plus one (to account for padding) and the embedding dimensions. For each word in the tokenizer’s

vocabulary, the corresponding GloVe vector was retrieved from the embeddings index and placed in the em-

beddingmatrix at the rowmatching the word’s index. Words not found in the GloVe embeddings were assigned

zero vectors, which treated them as out-of-vocabulary words. This embedding matrix enables the model to

map token indices to dense vector representations that capture semantic relationships.

By integrating tokenization with pre-trained embeddings, the model benefits from both consistent text

representation across datasets and semantic information encoded in the GloVe vectors, helping the model

better understand and classify book descriptions.

The use of pre-trained GloVe embeddings uses semantic relationships learned from large bodies of text,

helping the model understand word meanings and context [35].

def createVocabulary(df, mixed_df):

all_descriptions_responses = df['description'].tolist() + df['

responses'].tolist() + mixed_df['description'].tolist()
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tokenizer = Tokenizer()

tokenizer.fit_on_texts(all_descriptions_responses)

total_words = len(tokenizer.word_index)

return tokenizer , total_words

Listing 3: Vocabulary creation function
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def tokenizeDesc(descriptions ,tokenizer):

sequences = tokenizer.texts_to_sequences(descriptions)

# Find the max sequence length and pad sequences to this length

max_sequence_length = max(len(seq) for seq in sequences)

padded_sequences = pad_sequences(sequences , maxlen=

max_sequence_length)

return padded_sequences

Listing 4: Tokenization function

3.6 Model Architecture

The text classification model used in this study is based on a bidirectional Long Short-Term Memory

(BiLSTM) architecture, a specialized form of recurrent neural network (RNN) designed to capture contextual

information from sequences in both forward and backward directions. This bidirectional processing enables

the model to better understand the semantic dependencies and word order within book descriptions, which is

crucial for accurate classification. BiLSTM architectures have been widely adopted in recent text classification

research due to their effectiveness in capturing long-range dependencies and contextual nuances in text data.
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Figure 6: Structure of BiLSTM

The model begins with an embedding layer initialized with pre-trained GloVe vectors, which provide

dense, semantically rich representations of words based on large-scale text. These embeddings are trainable,

allowing the model to fine-tune them for the specific book classification task. Following the embedding layer,

the network includes two stacked bidirectional LSTM layers: the first with 128 units returning sequences, and

the second with 64 units producing a fixed-length output. Both layers incorporate L2 regularization to reduce

overfitting, a common challenge in deep learning models

Dropout layers with a rate of 0.3 are applied after each BiLSTM layer to further mitigate overfitting

by randomly deactivating neurons during training. Additionally, layer normalization is employed after the

first dropout to stabilize and accelerate training convergence. The final dense layer uses a softmax activation

function to output probabilities across the seven book categories.
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Figure 7: Model Architecture

3.7 Data Splitting and Label Encoding

Prior to model training, the dataset was systematically partitioned into training, validation, and test subsets

to ensure robust evaluation and prevent data leakage. The splitting procedure was implemented using a custom

function that leveraged stratified random sampling tomaintain representative class distributions across subsets.

Specifically, 70% of the data was allocated for training, while the remaining 30%was equally divided between

validation and test sets, resulting in 15% for each.

The splitting process involved two sequential steps: initially, the dataset was divided into a training set
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and a temporary set (comprising validation and test samples). Subsequently, the temporary set was split evenly

to form the validation and test sets. This approach ensured balanced and randomized partitions, controlled by

a fixed random seed for reproducibility.

Following the data split, label encoding was performed to transform categorical class labels into a numer-

ical format suitable for model training. A label encoder was first applied to convert string labels into integer

representations. These integer labels were then transformed into one-hot encoded vectors, which are required

by the categorical cross-entropy loss function used during training. This encoding was consistently applied

across training, validation, and test labels.

def split_data(real_padded_sequences , labels , test_size=0.3,

random_state=42):

"""Split data into training , validation , and test sets."""

X_train , X_temp , y_train , y_temp = train_test_split(

real_padded_sequences , labels , test_size=test_size , random_state

=random_state

)

X_val , X_test , y_val , y_test = train_test_split(

X_temp , y_temp , test_size=0.5, random_state=random_state

)

return X_train , X_val , X_test , y_train , y_val , y_test

Listing 5: Splitting Data function
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def encode_labels(y_train , y_val , y_test):

"""Encode labels using label encoding and one-hot encoding."""

encoder = LabelEncoder()

# Perform label encoding

y_train_encoded = encoder.fit_transform(y_train)

y_val_encoded = encoder.transform(y_val)

y_test_encoded = encoder.transform(y_test)

# Convert labels to one-hot encoding

y_train_onehot = to_categorical(y_train_encoded , num_classes=len(

encoder.classes_))

y_val_onehot = to_categorical(y_val_encoded , num_classes=len(encoder

.classes_))

y_test_onehot = to_categorical(y_test_encoded , num_classes=len(

encoder.classes_))

return y_train_onehot , y_val_onehot , y_test_onehot , encoder

Listing 6: Encoding Labels function

3.8 Training Procedure and Hyperparameters

The model training process was conducted using the TensorFlow deep learning framework, specifically

leveraging the Keras API for model construction and training. The Adam optimizer was adopted due to its

adaptive learning rate mechanism and consistent performance across a range of classification tasks. The learn-

ing rate remained at the default setting provided by the Adam implementation, as no custom learning rate

schedule was introduced during the experiments.

Categorical cross-entropy was selected as the loss function, which is well-suited for multi-class classi-
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fication problems involving one-hot encoded target labels. The training was configured for a maximum of

15 epochs, with a batch size of 128 samples per iteration. To mitigate the risk of overfitting and to enhance

generalization, an early stopping strategy was employed. This involved monitoring the validation loss and

terminating training if no improvement was observed over four consecutive epochs, with the best performing

model weights restored upon completion.

The dataset was partitioned into training, validation, and test sets using a custom data splitting function.

The validation set served exclusively for monitoring model performance during training, while the test set was

reserved for the final evaluation phase, adhering to the standard train-validation-test split methodology. All

experiments were executed on Google Colab, utilizing a T4 GPU.
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# Define early stopping callback

early_stopping = EarlyStopping(monitor='val_loss', patience=4,

restore_best_weights=True)

# Train the model

epochs = 15

batch_size = 128

history_real = model_realData.fit(X_train_real , y_train_onehot_real ,

validation_data=(X_val_real , y_val_onehot_real), epochs=epochs ,

batch_size=batch_size , callbacks=[early_stopping])

Listing 7: Training the Model

3.9 Evaluation Metrics

The evaluation of the model’s performance was conducted by calculating accuracy and assessing gener-

alization using the test dataset. Accuracy was determined by comparing the predicted class labels generated

by the model against the true labels of the test samples. Specifically, the model outputs probability distri-

butions over the classes for each input, which were then converted into discrete predictions by selecting the

class with the highest probability. The true labels, originally one-hot encoded, were decoded back to their

categorical form to enable direct comparison. Accuracy was computed as the proportion of correct predictions

relative to the total number of test samples, providing a clear and interpretable measure of overall classification

performance.

To complement this metric, the training and validation loss values recorded during the training process

were visualized to monitor the model’s learning dynamics. Plotting these loss curves across epochs allowed

for the detection of overfitting or underfitting behaviors, as a divergence between training and validation loss

typically indicates poor generalization [36]. The model’s generalization capability was further evaluated by

applying it to the held-out test set, which was not used during training or validation phases. Performance on
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this unseen data reflects the model’s ability to apply learned patterns beyond the training examples.

Additionally, a confusion matrix was generated to provide a detailed view of the model’s classification

performance across all classes. This matrix highlights the distribution of true versus predicted labels, identi-

fying specific classes where the model excels or struggles. Alongside the confusion matrix, a classification

report was produced, summarizing precision, recall, and F1-score for each class, thereby offering a nuanced

understanding of the model’s strengths and weaknesses beyond overall accuracy.

def evaluate_model_performance(true_genres , predicted_genres ,

encoder):

"""Display confusion matrix and classification report."""

from sklearn.metrics import confusion_matrix

confusion_mtx = confusion_matrix(true_genres , predicted_genres)

plt.figure(figsize=(10, 8))

sns.heatmap(confusion_mtx , annot=True , fmt='d', cmap='Blues', cbar=

False)

plt.xlabel('Predicted Genres')

plt.ylabel('True Genres')

plt.title('Confusion Matrix')

plt.xticks(ticks=np.arange(len(encoder.classes_)), labels=encoder.

classes_ , rotation=90)

plt.yticks(ticks=np.arange(len(encoder.classes_)), labels=encoder.

classes_ , rotation=0)

plt.show()

classification_rep = classification_report(true_genres ,

predicted_genres , target_names=encoder.classes_)

print("Classification Report:")
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print(classification_rep)

Listing 8: Function for generating confusion matrix and classification report

4 Results

4.1 Real Dataset

4.1.1 Training

The model was trained on the real dataset for 10 epochs, with performance monitored at each epoch on

the training and validation sets. The training process showed a steady decrease in loss values, along with

improvements in accuracy, as shown in Table 1 and Figure 8.

At epoch 1, training accuracy was 51.91%with a high loss of 9.2805, while validation accuracy was higher

at 74.38% with a loss of 2.4569. Over the course of training, the training accuracy increased steadily, reaching

95.82% with a loss of 0.2828 by epoch 10. Validation accuracy peaked at 81.02% during epochs 5 and 6, with

corresponding validation losses of 0.8460 and 0.8174. This shows learning while maintaining generalization

to validation data. After epoch 6, validation accuracy showed slight fluctuations and a mild decrease, while

validation loss moved between 0.81 and 0.91, suggesting the start of overfitting, which is common in deep

learning models.
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Epoch Accuracy Loss Val Accuracy Val Loss

1 0.5191 9.2805 0.7438 2.4569

2 0.7735 1.9864 0.7869 1.2980

3 0.8310 1.1062 0.8000 1.0171

4 0.8560 0.8270 0.7737 1.0111

5 0.8848 0.6605 0.8102 0.8460

6 0.9129 0.5077 0.8102 0.8174

7 0.9286 0.4238 0.7981 0.8418

8 0.9384 0.3731 0.8085 0.8236

9 0.9449 0.3302 0.8039 0.8440

10 0.9582 0.2888 0.7903 0.9114

Table 1: Training and validation performance of real data.

The loss curves in Figure 8 confirm these observations, revealing a downward trend in training loss

throughout the epochs and a validation loss curve that stabilizes but does not significantly decrease past epoch

6. Such patterns often imply that the model is capturing increasingly complex data patterns in training, while

its capacity to generalize may plateau or degrade slightly.
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Figure 8: Training and Validation loss curves of real data

4.1.2 Predictions

The confusion matrix (Figure 9) shows classification outcomes on the test set across seven genres. The

model shows high true positive rates in categories such as Computers and Cooking, while some confusion

persists between related genres like Biography and History. This is also reflected in the per-class metrics

summarized in the classification report (Table 2), where precision and recall range from moderate to high.

For instance, Cooking achieves the highest F1-score of 0.94, while History has a lower precision of 0.62 but

a higher recall of 0.82.

Overall, these results show that the model trained on real data reaches about 80% overall accuracy and

learns features that distinguish genres well. The gradual convergence of training and validation losses, along-
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side consistent classification metrics, suggest the model generalizes well, with minor signs of overfitting in

later epochs.

Figure 9: Confusion matrix of real data predictions
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Class Precision Recall F1-score Support

Biography 0.72 0.66 0.69 771

Business 0.84 0.83 0.83 751

Computers 0.94 0.87 0.90 617

Cooking 0.95 0.93 0.94 346

Fiction 0.85 0.74 0.79 727

History 0.62 0.82 0.70 744

Religion 0.87 0.84 0.85 755

Accuracy 0.80 4711

Macro Avg 0.83 0.81 0.82 4711

Weighted Avg 0.81 0.80 0.80 4711

Table 2: Classification report of real data predictions

4.2 Synthetic Dataset

4.2.1 Training

The model was trained on the synthetic dataset for 15 epochs, and its performance was recorded on the

training and validation sets at each epoch. The epoch-wise training metrics are presented in Table 3, and the

corresponding loss curves are shown in Figure 9.

At epoch 1, training accuracy was 52.36% with a loss of 9.3171. Validation accuracy started at 85.97%

with a loss of 2.2912. By the next epoch, results improved quickly. At epoch 2, training accuracy increased to

85.68% and the training loss dropped to 1.8998, while validation accuracy reached 89.2% and validation loss

decreased to 1.1413.

Training accuracy continued to rise, reaching 98.07% by epoch 15, with the corresponding training loss

dropping to 0.1687. Validation accuracy stayed high throughout, peaking at 93.10% (epoch 14), and validation

loss declined steadily to 0.4011 at the final epoch.
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Across all epochs, both training and validation losses showed a steady downward trend. Training accuracy

improved with each epoch, while validation accuracy hadminor fluctuations but stayed above 90% from epoch

3 onward. The complete statistics for each epoch are on the table below:

Epoch Accuracy Loss Val Accuracy Val Loss

1 0.5236 9.3171 0.8597 2.2912

2 0.8568 1.8998 0.8922 1.1413

3 0.8998 1.0448 0.9091 0.8475

4 0.9227 0.7726 0.9162 0.6796

5 0.9346 0.6075 0.9251 0.6106

6 0.9436 0.5146 0.9263 0.5187

7 0.9523 0.4179 0.9255 0.4721

8 0.9583 0.3547 0.9191 0.4651

9 0.9622 0.3219 0.9096 0.4801

10 0.9667 0.2772 0.9132 0.4694

11 0.9656 0.2738 0.9274 0.4107

12 0.9761 0.2211 0.9242 0.4202

13 0.9721 0.2201 0.9310 0.3872

14 0.9845 0.1665 0.9242 0.3994

15 0.9807 0.1687 0.9259 0.4011

Table 3: Training and validation performance of synthetic data.

The loss curves in Figure 10 illustrate the decline in both training and validation loss throughout the

epochs, with validation loss maintaining a steady decrease alongside increasing stability in accuracy results.
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Figure 10: Training and Validation loss curves of synthetic data

4.2.2 Predictions on Synthetic Dataset

Following training, the model’s predictive performance was evaluated on the synthetic test set. Outcomes

are summarized in the confusion matrix (Figure 11) and the corresponding classification report (Table 4).

The confusion matrix details the distribution of true versus predicted genres on the synthetic test data. The

model achieved high correct classification counts across all seven classes. For example, the Computers genre

recorded 556 true positives, while Biography and Business attained 688 and 692 correct predictions, respec-

tively. Misclassifications were generally low; for instance, the Computers class had 54 samples misclassified

as Business and only 2 as Religion. Genres such as Cooking and Religion demonstrated very few off-diagonal

misclassifications, indicative of precise predictions.
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Figure 11: Confusion matrix of synthetic data predictions on synthetic data
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Class Precision Recall F1-score Support

Biography 0.94 0.89 0.92 771

Business 0.89 0.92 0.91 751

Computers 0.95 0.90 0.93 617

Cooking 0.96 0.97 0.96 346

Fiction 0.92 0.94 0.93 727

History 0.87 0.90 0.88 744

Religion 0.93 0.93 0.93 755

Accuracy - - 0.92 4711

Macro Avg 0.92 0.92 0.92 4711

Weighted Avg 0.92 0.92 0.92 4711

Table 4: Classification report on the synthetic data set prediction.

4.2.3 Predictions on Real Dataset

To assess cross domain generalization, the model trained exclusively on synthetic data was evaluated on

the held-out real test dataset. The resulting predictive performance is summarized in the confusion matrix

(Figure 12) and the classification report (Table 5).

The classification report (Table 5) presents precision, recall, F1-score, and support for each genre as

well as macro and weighted averages. Precision values ranged from 0.50 (History) to 0.79 (Religion), while

recall values varied between 0.35 (Biography) and 0.92 (Cooking). The highest F1-score was achieved in the

Computers (0.81) and Cooking (0.77) genres, while the lowest was observed for Biography (0.47) and History

(0.57). The overall accuracy on the real test data was measured at 0.67. Both macro and weighted averages

for precision, recall, and F1-score were approximately 0.68, 0.69, and 0.66, respectively, indicating moderate

generalization of the synthetic-trained model to real-world data.
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Figure 12: Confusion matrix of synthetic data predictions on real data
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Class Precision Recall F1-score Support

Biography 0.72 0.35 0.47 771

Business 0.70 0.75 0.72 751

Computers 0.77 0.87 0.81 617

Cooking 0.66 0.92 0.77 346

Fiction 0.63 0.61 0.62 727

History 0.50 0.67 0.57 744

Religion 0.79 0.69 0.73 755

Accuracy - - 0.67 4711

Macro Avg 0.68 0.69 0.67 4711

Weighted Avg 0.68 0.67 0.66 4711

Table 5: Classification report of synthetic model on real dataset.

4.3 Mixed Dataset

4.3.1 Training

The model was trained on the mixed dataset, combining real data with synthetic samples to address class

imbalance, for 15 epochs. Training and validation performance metrics were recorded for each epoch and are

recorded in Table 6. The associated training and validation loss curves are visualized in Figure 13.

At epoch 1, training accuracy was 53.64% with a loss of 9.0114, while validation accuracy reached

78.19% and validation loss was 2.1442. Substantial gains in accuracy and loss reduction followed in sub-

sequent epochs. By epoch 5, training accuracy had risen to 89.74% with a loss of 0.5956; validation accuracy

simultaneously reached 82.76% and validation loss fell to 0.7425.

The highest validation accuracy (83.33%) occurred at epoch 6, while validation loss was minimized to

0.7308. Training accuracy continued to climb, reaching 97.79% with a loss of 0.1580 at epoch 15. Thereafter,

validation accuracy remained in the range of 81–83%, and validation loss values stabilized between 0.73 and

49

Institutional Repository - Library & Information Centre - University of Thessaly
05/09/2026 11:47:56 EEST - 216.73.216.250



0.88.

Figure 13: Training and Validation loss curves of mixed data
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Epoch Accuracy Loss Val Accuracy Val Loss

1 0.5364 9.0114 0.7819 2.1442

2 0.7965 1.7701 0.8025 1.1679

3 0.8413 1.0149 0.8223 0.9037

4 0.8765 0.7262 0.8255 0.8063

5 0.8974 0.5956 0.8276 0.7425

6 0.9215 0.4673 0.8333 0.7308

7 0.9325 0.3975 0.8192 0.7465

8 0.9457 0.3381 0.8242 0.7611

9 0.9510 0.3192 0.8244 0.7806

10 0.9612 0.2536 0.8272 0.7500

11 0.9618 0.2428 0.8095 0.8376

12 0.9610 0.2396 0.8282 0.7905

13 0.9742 0.1838 0.8181 0.8048

14 0.9709 0.1917 0.8192 0.8120

15 0.9779 0.1580 0.8114 0.8840

Table 6: Training and validation performance of the mixed dataset.

4.3.2 Predictions on Mixed Dataset

Following training on the mixed dataset, comprising real data with synthetic samples augmenting the

imbalanced classes, the model’s performance was evaluated on the mixed test set. The results are summarized

in the confusion matrix (Figure 14) and the per-class classification metrics in Table 7.

The confusion matrix (Figure 14) illustrates the model’s ability to correctly classify samples across the

seven genre categories. The largest number of true positives was observed in the Cooking (709), Comput-

ers (708), and Fiction (586) classes, showing good performance in these categories. Misclassifications were
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present, with the most confusion occurring between Biography and History, as well as some overlap between

Business and Computers.

Detailed evaluationmetrics are provided in Table 7. Precision values ranged from 0.64 (Biography) to 0.96

(Cooking), while recall spanned 0.68 (History) to 0.94 (Computers). The highest F1-score was achieved for

Cooking (0.95), showing a good balance between precision and recall in this genre. Overall test set accuracy

was 0.81. Both macro and weighted averages for precision, recall, and F1-score were 0.81, showing consistent

performance across all classes.

The model trained on the mixed dataset achieved an overall accuracy of 81% and maintained high pre-

cision, recall, and F1-score values across most genres. The addition of synthetic samples to address class

imbalance helped generalization, especially in underrepresented categories.
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Figure 14: Confusion matrix of mixed data predictions on mixed data
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Class Precision Recall F1-score Support

Biography 0.64 0.69 0.67 762

Business 0.85 0.76 0.80 762

Computers 0.84 0.94 0.89 751

Cooking 0.96 0.93 0.95 759

Fiction 0.80 0.81 0.80 724

History 0.70 0.68 0.69 754

Religion 0.87 0.82 0.85 738

Accuracy - - 0.81 5250

Macro Avg 0.81 0.81 0.81 5250

Weighted Avg 0.81 0.81 0.81 5250

Table 7: Classification report for the mixed dataset on the mixed test set.

4.3.3 Predictions on Real Dataset

The generalization capability of the model trained on the mixed dataset was evaluated on the held-out real

test set. Predictive results are summarized in the confusion matrix (Figure 15) and the corresponding per-class

classification report (Table 8).

The confusion matrix (Figure 15) illustrates model predictions for each of the seven genres. The results

show high true positive rates across all categories, with the largest counts observed for Fiction (652), Com-

puters (592), and Religion (703). Off-diagonal entries indicate relatively few misclassifications, with little

overlap between most genres.

The performance metrics for each class are presented in Table 8. Precision values ranged from 0.81 (His-

tory) to 0.95 (Cooking), while recall values spanned 0.76 (Biography) to 0.97 (Cooking). Cooking exhibited

the highest F1-score (0.96), showing both high precision and recall. The overall test set accuracy achieved

by the model was 0.87. Macro and weighted averages for precision, recall, and F1-score were 0.88 and 0.87,

respectively, showing balanced classification performance across all genres.
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In summary, the mixed-trained model generalized well when evaluated on real data, achieving 87% accu-

racy with consistently high per-class precision, recall, and F1-score. These results confirm that incorporating

synthetic samples to balance the training dataset helps model performance on real data.

Figure 15: Confusion matrix of mixed data predictions on real data
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Class Precision Recall F1-score Support

Biography 0.82 0.76 0.79 771

Business 0.90 0.78 0.84 751

Computers 0.86 0.96 0.91 617

Cooking 0.95 0.97 0.96 346

Fiction 0.88 0.90 0.89 727

History 0.81 0.86 0.83 744

Religion 0.92 0.93 0.93 755

Accuracy - - 0.87 4711

Macro Avg 0.88 0.88 0.88 4711

Weighted Avg 0.87 0.87 0.87 4711

Table 8: Classification report on the real test set.

5 Analysis

5.1 Comparative Performance Across Datasets

The comparative evaluation of the different training and prediction setups shows differences in perfor-

mance across in-domain and cross-domain settings. Overall, the mixed dataset generalized best to the real test

set, reaching an accuracy of 87%. This result outperformed both the real-only model (approximately 80%) and

the synthetic-only model (67%), suggesting that the combination of synthetic and real data gives an advantage

when models are applied to real-world samples.

5.1.1 In-domain performance

When evaluated on their respective test sets, the synthetic-trained model achieved the highest in-domain

accuracy (92%), surpassing both the real-only (80%) and mixed models (81%). This shows that synthetic data
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is easy to learn within its own distribution, likely because LLM-generated descriptions are more uniform in

structure and style than human-written text. However, such improvements in synthetic in-domain performance

do not directly translate to stronger results on real data.

5.1.2 Cross-domain generalization

The main outcome appears when looking at transfer to the real test set. The synthetic-only model showed

a sharp performance drop (accuracy 67%), highlighting a distribution gap between generated and human-

authored descriptions. The real-only model established a baseline of 80% accuracy, but the mixed model

surpassed both, attaining 87%. This improvement comes mainly from the class balancing procedure: by

augmenting minority classes with synthetic examples, the mixed dataset reduced the bias toward majority cat-

egories present in the real dataset. In addition, exposure to both synthetic and real linguistic styles diversified

the model’s training data, making it more robust to variation and less prone to overfitting.

5.1.3 Per-class trends

At the per-class level, Cooking consistently achieved the highest F1-scores across all settings (0.94 with

real-only, 0.96 with synthetic-only, and 0.96 with mixed→real). This stability suggests that the genre’s lexical

and thematic cues are distinct enough to be captured regardless of data source. Computers also benefited

in the mixed→real setting, achieving a recall of 0.96, which reflects the model’s increased sensitivity after

augmentation. By contrast, Biography and History remained difficult to disentangle. These two categories

are inherently similar: a biography often contains historical context, while history texts often focus on the

lives of key figures. This semantic overlap explains the persistent confusion between the two, even after class

balancing.

5.1.4 Training dynamics

Training behaviors further reflect these tendencies. The real-only model peaked around epoch 5–6 in

validation accuracy before mild overfitting appeared, as indicated by increasing validation loss. The synthetic-

only model, instead, quickly reached high validation accuracy and kept it, though this stability masked poor

transferability to real-world text. The mixed model balanced these extremes: it stabilized around 81–83%
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validation accuracy and showed no significant decline, suggesting a favorable compromise between fit and

generalization.

5.1.5 Summary

In summary, synthetic data alone yields strong in-domain performance but suffers from a distribution

gap when applied to real data. Real-only training provides a reliable baseline, but the mixed dataset, through

balancing and linguistic diversification, achieves the best results. These findings confirm that LLM-generated

data works best when used to complement real-world samples, particularly for underrepresented classes.

5.2 Impact of Class Imbalance and Synthetic Balancing

Akey challenge in the real dataset is the skewed distribution of samples across genres, with categories such

as Fiction containing tens of thousands of entries while others, like Cooking or Computers, are comparatively

underrepresented. This imbalance introduces a strong bias during training: themodel is more likely to optimize

toward majority classes, achieving high overall accuracy while misclassifying minority categories.

5.2.1 Effect of imbalance in the real-only model

The results from the real-only model show this issue clearly. While overall accuracy reached 80%, mi-

nority categories exhibited weaker per-class performance. For instance, Cooking and Computers performed

adequately due to their distinctive lexical cues, but Biography and History were more prone to misclassifica-

tion. The confusionmatrix highlighted this, with Biography samples frequently predicted as History, reflecting

both class overlap and the reduced representation of Biography relative to dominant classes.

5.2.2 Synthetic balancing in the mixed dataset

The mixed dataset directly addressed this limitation by supplementing underrepresented classes with

LLM-generated descriptions until each class contained at least 5,000 entries. This balancing procedure equal-

ized the number of samples per genre, ensuring that the model received a comparable training signal across all

categories. The result was a clear increase in classification consistency: the mixed-to-real evaluation achieved
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87% accuracy with both macro and weighted averages converging at 0.88, indicating that minority classes

were no longer overshadowed by majority genres.

5.2.3 Why balancing works

Balancing improved performance for two reasons. First, the presence of additional synthetic samples

prevented the model from defaulting to majority-class predictions, which raised recall for previously disad-

vantaged categories. Second, the synthetic descriptions, while cleaner than real text, provided typical examples

of minority classes. These reinforced the semantic boundaries between categories, enabling the model to dis-

tinguish them more clearly during training. The improvements seen in recall for Computers (0.96) and in the

overall F1-scores for Biography and History in the mixed model exemplify this effect.

5.2.4 Summary

In summary, the augmentation of minority classes with synthetic data was an important factor in the better

performance of the mixed dataset. By mitigating imbalance, the model trained on mixed data avoided bias

toward majority genres and achieved greater uniformity in classification quality across categories. This shows

that one of the most useful applications of LLM-generated text is as a scalable balancing tool when real-world

data is unevenly distributed.

5.3 Error Analysis and Genre Overlap

While aggregate accuracy and macro-level metrics provide a global view of performance, a closer inspec-

tion of the confusion matrices reveals systematic misclassifications that expose deeper challenges in genre

separation. These errors are not random; rather, they follow meaningful semantic overlaps between certain

classes.

5.3.1 Biography and History overlap

The most persistent source of error occurred between the Biography and History categories. In both the

real-only and mixed models, a substantial number of Biography entries were misclassified as History, and
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vice versa. This confusion arises from the intrinsic similarity of the two genres: a biography often situates

an individual’s life story within its historical context, while a history book may focus extensively on the lives

and contributions of prominent figures. Consequently, the lexical and thematic boundaries between these

genres are porous, making it difficult for the model to separate them even when class balancing is applied.

This observation suggests that classification errors here are not solely a data imbalance problem but reflect an

inherent semantic ambiguity in the categories themselves.

5.3.2 Minor misclassifications

Other genres such as Cooking and Religion were more clearly delineated, with consistently high F1-scores

and minimal misclassifications. Cooking in particular achieved near-perfect separation across all models due

to its unique culinary terminology, which distinguishes it sharply from other categories. Religion also main-

tained relatively distinct boundaries, although a small degree of confusion with History occasionally appeared,

reflecting their shared narrative and cultural focus.

5.3.3 Summary

Error analysis demonstrates that the majority of misclassifications are not random noise but are concen-

trated among semantically or topically adjacent genres. This suggests that future work in classification should

consider hierarchical or multi-label approaches, where texts can belong to overlapping categories simultane-

ously. Such strategies may more accurately reflect the inherent complexity of literary genres, where rigid

categorical boundaries are often artificial.

6 Conclusion
This thesis investigated the role of Large Language Model (LLM)-generated synthetic data in multiclass

text classification, using real, synthetic, and mixed datasets derived from book descriptions. The analysis

revealed three key findings. First, synthetic data alone is highly learnable and achieves excellent in-domain

performance (92% accuracy), but exhibits weaker transferability to real-world text (67%). Second, models

trained exclusively on real data achieve reliable performance (80%) but remain constrained by class imbalance
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and data noise. Third, the mixed dataset, which combined real and synthetic samples, consistently delivered

the best results, reaching 87% accuracy on the real test set and achieving balanced precision and recall across

all categories. These outcomes demonstrate that synthetic data is most effective when used to complement,

rather than replace, real data.

6.1 Strengths and limitations of LLM-generated data

The results confirm the utility of LLMs in addressing data scarcity and imbalance. Synthetic augmenta-

tion successfully equalized class distributions, mitigated overfitting, and improved the sensitivity of models

to minority categories. Furthermore, synthetic samples provided prototypical examples that reinforced se-

mantic boundaries between genres, making the model more robust to variation. However, limitations remain.

Synthetic text often exhibits stylistic homogeneity, which reduces its realism and hinders cross-domain gen-

eralization. Additionally, semantically adjacent genres such as Biography and History remain difficult to

separate, underscoring that some classification errors arise from intrinsic category overlap rather than data

quality alone.

6.2 Implications for practical applications

These findings have direct implications for domains where real data are scarce, sensitive, or imbalanced.

In medical or legal contexts, for example, LLM-generated text could be used to augment training corpora

without exposing confidential information, thereby enhancing model robustness while preserving privacy.

Similarly, in business and scientific domains, synthetic augmentation could mitigate the bottleneck of lim-

ited annotated datasets. Nonetheless, the adoption of synthetic data requires careful quality control to avoid

reinforcing biases or introducing artificial linguistic artifacts.

6.3 Future work

Several directions for future research emerge from this study. First, exploring alternative LLMs, em-

beddings, and network architectures may further improve the integration of synthetic data. Second, adaptive

prompt engineering could generate domain-specific synthetic samples with higher fidelity. Third, quantitative
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metrics for evaluating the quality and diversity of synthetic data remain an open challenge and would pro-

vide a principled basis for deciding when and how to integrate synthetic augmentation. Finally, hierarchical

or multi-label classification frameworks may better capture the semantic overlap observed between certain

genres, addressing limitations revealed by this work.

6.4 Closing remarks

In conclusion, LLM-generated synthetic data represents a powerful tool for enhancing machine learning

tasks, particularly when used to balance and enrich real-world datasets. While synthetic data alone does not yet

replace the complexity of authentic human text, its strategic integration offers a pathway toward more robust,

generalizable, and equitable machine learning models.
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