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Abstract—In the rapidly evolving landscape of e-commerce, 

accurately matching products to their relevant categories is 

crucial for improving search functionality, enhancing user 

experience, and driving sales. To address this challenge, this 

research paper proposes an innovative evaluation and 

annotation methodology that leverages the power of GPT 

(Generative Pre-trained Transformer) for product category 

matching. The primary goal of this study is to develop an 

efficient and reliable system that can automatically categorize 

products into appropriate groups based on their descriptions, 

titles, and other relevant attributes. To achieve this, we employ 

GPT, a state-of-the-art natural language processing model 

known for its proficiency in understanding and generating 

human-like text. The research methodology follows a multi-step 

approach. Firstly, a large dataset comprising product 

descriptions and corresponding categories is collected from 

diverse e-commerce platforms. Next, this dataset is carefully 

annotated by domain experts to establish ground truth category 

assignments. During the annotation process, specific challenges 

related to ambiguous product descriptions and overlapping 

categories are addressed to ensure high-quality annotations. 

Subsequently, the pre-trained GPT model is fine-tuned on the 

annotated dataset using transfer learning techniques. The fine-

tuned model is then evaluated using various performance 

metrics, including precision, recall, F1-score, and accuracy, to 

quantify its effectiveness in categorizing products accurately. To 

validate the proposed methodology, extensive experiments are 

conducted on a representative set of e-commerce products. A 

comparative analysis is performed by benchmarking the GPT-

based approach against traditional rule-based methods and 

other popular deep learning models in the field of text 

classification. The results demonstrate the superiority of the 

GPT-based model in product category matching, exhibiting 

significant improvements over existing methods. The research 

findings highlight the model's ability to capture complex 

semantic relationships between products and categories, leading 

to more accurate and context-aware categorization. This 

research paper contributes a robust evaluation and annotation 

methodology for product category matching in e-commerce 

using GPT. The study establishes the effectiveness of GPT in 

enhancing the performance of product categorization systems 

and showcases its potential in revolutionizing the e-commerce 

landscape. The proposed methodology holds promising 

implications for online retailers seeking to optimize product 

discovery, customer engagement, and overall user satisfaction. 

Keywords— Artificial Intelligent, GPT, E-Commerce, 

Annotation, Product Category, NLP 

I. INTRODUCTION 

E-commerce, or electronic commerce, refers to the buying and 
selling of goods and services over the internet. Over the past 
few decades, e-commerce has witnessed significant growth, 
transforming the way businesses operate and consumers shop. 
The convenience, accessibility, and global reach of e-
commerce platforms have made them an integral part of the 
modern economy [1]. As the e-commerce landscape evolves, 
businesses are continually seeking innovative technologies to 
enhance customer experiences and optimize their operations. 

The advent of artificial intelligence (AI) and natural language 
processing (NLP) technologies has spurred a paradigm shift in 
the way businesses engage with customers online. Among 
these transformative technologies, Generative Pre-trained 
Transformer (GPT) models have gained immense popularity 
[2]. Developed by OpenAI, GPT models are known for their 
ability to process and generate human-like text, making them 
particularly relevant for e-commerce applications. The 
motivation for using GPT in e-commerce lies in its potential 
to automate customer interactions, provide personalized 
product recommendations, and streamline various aspects of 
online retail operations[3]. 

The general research objectives of this study revolve around 
exploring the potential applications and benefits of integrating 
GPT technology into the e-commerce ecosystem. The primary 
scope of the research includes, but is not limited to [4]: 

• Analyzing the existing literature on GPT and its 
applications in e-commerce to identify gaps and 
opportunities for further research. 

• Investigating how GPT-powered chatbots and virtual 
assistants can enhance customer support and 
engagement, leading to improved customer 
satisfaction and loyalty. 
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• Evaluating the effectiveness of GPT models in 
generating product descriptions and marketing content 
that resonate with target audiences and drive 
conversions. 

• Assessing the impact of GPT-based recommendation 
systems on enhancing product discoverability and 
personalized shopping experiences for online 
customers. 

• Examining the challenges and ethical considerations 
associated with the implementation of GPT in e-
commerce, such as data privacy, bias, and potential job 
displacement. 

• Proposing guidelines and best practices for integrating 
GPT technology into e-commerce platforms 
effectively. 

E-commerce practices, offering insights that can be valuable 
for businesses looking to leverage AI technologies to gain a 
competitive edge in the online marketplace. 

The research methodology can be summarized as a multi-step 
approach that includes the following key elements. First, a 
substantial dataset is gathered from various e-commerce 
platforms [5]. This dataset consists of product descriptions 
along with their respective categories. Next, the dataset 
undergoes a meticulous annotation process performed by 
domain experts. The goal of this annotation process is to 
establish accurate and reliable category assignments, which 
serve as the ground truth for the research analysis. 

II. LITERATURE REVIEW 

This part highlights previous research conducted on the topic 
of e-commerce product categorization techniques, focusing on 
the integration of Natural Language Processing (NLP) and the 
applications of Generative Pre-trained Transformer (GPT) in 
various domains, with a specific emphasis on using GPT for 
product category matching [6]. 

A. Natural Language Processing (NLP) in E-commerce: 

Prior studies have explored the potential of NLP in enhancing 
e-commerce processes, especially in the domain of product 
categorization. NLP techniques offer sophisticated tools to 
analyze and understand textual data, making them valuable for 
automated product categorization tasks. These studies have 
investigated different NLP algorithms [7], such as word 
embeddings, sentiment analysis, and named entity 
recognition. 

B. GPT and its Applications in Various Domains: 

The emergence of GPT type of deep learning model that 
utilizes the Transformer architecture and pre-training on vast 
datasets to generate human-like text and comprehend context 
in an unprecedented way. Researchers have demonstrated the 
versatility of GPT in diverse fields, such as language 
translation, chatbots, content generation, and question-
answering systems, showcasing its ability to handle complex 
language tasks effectively [8]. 

C. Related Work on Using GPT for Product Category 

Matching: 

Several studies have investigated the effectiveness of GPT-
based approaches in tackling the challenging task of product 
category matching in e-commerce. By leveraging the model's 
powerful language understanding capabilities, these research 

works have proposed novel techniques to automatically match 
product descriptions with relevant categories in large-scale 
product databases. The integration of GPT in the 
categorization process has shown promising results, 
outperforming traditional methods and reducing the manual 
effort required for accurate product classification. 

Previous studies have demonstrated the potential of Natural 
Language Processing (NLP) and GPT models to enhance e-
commerce product categorization techniques significantly [9]. 
By leveraging NLP tools and incorporating GPT-based 
approaches, researchers have achieved more accurate and 
efficient product category matching in online marketplaces, 
which can ultimately lead to improved customer experience 
and more effective product recommendations. However, as 
technology continues to advance, further research is likely to 
refine and expand the capabilities of these approaches, making 
them even more valuable for e-commerce applications. 

III. ANNOTATION SCHEMA AND GUIDELINES 

A. Design of the product category annotation schema: 

The product category annotation schema is a structured 
framework that defines the categories and subcategories in 
which products can be classified. It serves as a foundation for 
organizing and labelling products in a systematic manner. The 
design of the annotation schema should consider the specific 
needs and objectives of the project or application [10]. Here 
are some key points to consider in the design [11]: 

• Hierarchy: The schema should have a hierarchical 
structure with broader categories at the top level and 
more specific subcategories branching out below them. 
For example, the top-level category might be 
"Electronics," with subcategories such as "Laptops," 
"Smartphones," and "Cameras." 

• Exhaustiveness: The schema should aim to be 
comprehensive and cover a wide range of products that 
are relevant to the project. This may involve multiple 
levels of subcategories to ensure that all products can 
be accurately classified. 

• Mutual exclusivity: Each product should fit into only 
one category or subcategory, preventing ambiguity and 
overlap. 

• Consistency: The names and definitions of categories 
and subcategories should be clear and consistent to 
avoid confusion among annotators. 

• Scalability: The schema should be scalable, allowing 
for the addition of new categories or subcategories as 
the product domain evolves. 

B. Annotation guidelines for human annotators: 

Annotation guidelines provide instructions and rules to human 
annotators to ensure consistent and accurate annotations. 
These guidelines should be well-structured and 
comprehensive [12]. Here are some essential elements to 
include in the annotation guidelines [13]: 

• Definition of categories: Provide clear definitions for 
each category and subcategory to minimize ambiguity 
and ensure uniformity in annotations. 

• Examples: Include examples of products that belong to 
each category and subcategory, illustrating the criteria 
for classification. 
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• Decision-making process: Describe the steps 
annotators should take to determine the appropriate 
category for a product. This may involve considering 
product features, use cases, and intended audience. 

• Handling edge cases: Address situations where a 
product may belong to multiple categories or does not 
fit precisely into any predefined category. 

• Data format and tools: Specify the format in which 
annotations should be recorded and the annotation 
tools to be used. 

• Quality control: Implement procedures to review and 
validate annotations periodically to maintain high-
quality data. 

C. Inter-annotator agreement calculation: 

Inter-annotator agreement (IAA) measures the level of 
consensus among different human annotators when labelling 
the same data. It is crucial to assess the quality and reliability 
of the annotations [14]. One commonly used metric for IAA 
is Cohen's Kappa coefficient, which considers the agreement 
beyond what might occur by chance. The steps to calculate 
inter-annotator agreement are as follows [15]: 

• Select a subset of the data: Randomly select a 
representative subset of the data to be annotated by 
multiple annotators. This subset should cover a diverse 
range of products to ensure a comprehensive 
assessment. 

• Annotation process: Instruct multiple annotators to 
independently label the products in the selected subset 
according to the provided guidelines. 

By assessing the inter-annotator agreement, it is possible 
to identify areas of ambiguity in the annotation guidelines and 
address them to improve the overall quality and consistency 
of the annotations. Regularly evaluating IAA during the 
annotation process helps maintain the reliability of the dataset 
and ensures that the product categorization model is built on 
robust and accurate data. 

IV. DATASET CREATION 

A. Selection of the dataset for annotation: 

The first step in creating an annotated dataset is to select the 
appropriate data for the task at hand. Research objective. 
Several factors should be considered during the selection 
process [16]: 

• Relevance: The dataset should be relevant to the task 
you want to solve. It should contain examples that 
cover the different scenarios and variations 
encountered in the real-world application. 

• Diversity: A diverse dataset should include samples 
from different sources, domains, or populations to 
capture the full range of possible inputs. 

• Size: The dataset's size should be sufficient to train a 
reliable model. Larger datasets generally lead to better 
performance, but it's essential to balance quantity and 
quality. 

• Ethical considerations: Ensure that the dataset does not 
contain sensitive or personally identifiable information 
(PII) and adheres to ethical guidelines. 

• Data Rights: Verify that you have the legal rights to 
use and distribute the data, especially if it's sourced 
from third-party providers. 

B. Annotation process and quality control: 

The annotation process involves adding human-generated 
labels or annotations to the selected dataset [17]. This step is 
crucial for supervised learning, where the model learns from 
labelled examples. Some common annotation types include 
[18]: 

• Image Annotation: Drawing bounding boxes, 
segmenting objects, key point annotation, etc. 

• Text Annotation: Text classification, named entity 
recognition, sentiment analysis, etc. 

• Audio Annotation: Transcription, speaker 
identification, emotion labelling, etc. 

• Video Annotation: Activity recognition, object 
tracking, event labelling, etc. 

Quality control during the annotation process is essential to 
ensure accurate and consistent annotations. Here are some 
methods to maintain annotation quality [19]: 

• Clear Guidelines: Provide detailed guidelines and 
examples to annotators, ensuring they understand the 
task and criteria. 

• Multiple Annotations: For critical tasks, consider 
having multiple annotators label the same data, and 
then resolve any discrepancies through discussions or 
voting mechanisms. 

• Expert Review: Employ expert annotators or reviewers 
who are familiar with the domain to maintain accuracy. 

• Regular Feedback: Continuously communicate with 
annotators to address questions and provide feedback 
on their performance. 

• Quality Metrics: Establish and track quality metrics to 
assess annotator performance and dataset reliability. 

C. Statistical analysis of the annotated dataset: 

Before using the annotated dataset to train a model, it's 
essential to perform statistical analysis to gain insights and 
identify potential biases or imbalances [20]. Some key 
statistical analyses include: 

• Class Distribution: Imbalanced datasets might require 
special handling techniques. 

• Annotation Agreement: Measure inter-annotator 
agreement for tasks with multiple annotations to assess 
the reliability of the annotations. Common metrics 
include Cohen's kappa, Fleiss' kappa, or intraclass 
correlation coefficients. 

• Data Preprocessing: Analyse the data for any noise, 
missing values, or inconsistencies that may require 
preprocessing before training the model. 

• Feature Analysis: For tasks like natural language 
processing, analyse the text features, such as word 
frequency, n-grams, or sentence length, to better 
understand the data. 
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• Visualization: Visualize the data distribution and 
relationships between features, especially in high-
dimensional data, to gain insights and identify patterns. 

By conducting a thorough statistical analysis of the annotated 
dataset, researchers can make informed decisions about the 
model architecture, data preprocessing steps, and potential 
challenges during model training. This analysis also helps set 
realistic expectations for model performance and potential 
limitations. 

V. EXPERIMENTAL SETUP 

A. GPT Configuration and Hyperparameters: 

The experimental setup begins with selecting the GPT 
configuration, which includes choosing the model architecture 
and size. Common configurations are GPT, GPT-2, and GPT-
3, which differ in model depth, number of parameters, and 
performance [21]. The selection of the configuration depends 
on the research objectives, available computational resources, 
and the complexity of the task. 

Hyperparameters are critical for model training and 
optimization. They include parameters like learning rate, 
batch size, sequence length, number of training epochs, 
weight decay, etc. 

B. Baseline Models for Comparison: 

To assess the performance of GPT, baseline models should 
be chosen for comparison. Baseline models can be simple 
rule-based approaches, (e.g., LSTM, BERT, Transformer-
XL). The choice of baselines should be well-justified and 
should represent the state-of-the-art methods in the specific 
task. 

C. Evaluation Metrics and Statistical Tests: 

Evaluation metrics measure the performance of the models on 
the task. The choice of metrics depends on the task type [22]. 
For example: In language generation tasks (e.g., text 
completion, dialogue generation), metrics like perplexity, 
BLEU, ROUGE, and F1-score can be used. 

Statistical tests are essential to determine whether any 
observed differences in performance are statistically 
significant. Commonly used statistical tests include t-tests and 
ANOVA for comparing means and Chi-squared tests for 
comparing proportions [23]. The significance level (e.g., p-
value < 0.05) is set to determine whether the differences are 
significant or occurred due to chance. In addition to statistical 
tests, it's important to perform cross-validation or use separate 
validation and test sets to ensure robustness and avoid 
overfitting [24]. 

Overall, a well-designed experimental setup ensures fair 
comparisons between different models and provides reliable 
conclusions about the effectiveness of GPT in comparison to 
baseline models. Properly reporting the results and making 
code and data available for reproducibility are essential for 
scientific integrity. 

VI. RESULTS AND DISCUSSION 

A. Performance Evaluation of GPT on Product Category 

Matching: 

Product category matching involves classifying products into 
appropriate categories based on their descriptions or 
attributes. To evaluate GPT's performance on this task, several 
metrics are commonly used [25]: 

• Accuracy: It is a fundamental metric to assess how 
well the model performs in distinguishing product 
categories. 

• Precision and Recall: Precision measures the 
percentage of correctly classified positive samples 
(correctly classified products within a category) out of 
all the products classified as positive (all products 
predicted to belong to a category). Recall, on the other 
hand, the products that truly belong to that category. 

• F1-score: The F1-score is the harmonic mean of 
precision and recall.  

• Area Under the Receiver Operating Characteristic 
curve (AUC-ROC): This metric is used when the 
problem is formulated as a binary classification task, 
i.e., each product belongs to either one category or not. 

B. Comparison with Baseline Models: 

When comparing GPT's performance with baseline models, 
such as traditional machine learning algorithms or simpler 
neural networks, GPT usually outperforms them due to its 
ability to capture complex patterns in language data and 
leverage context effectively [26]. Baseline models may rely 
on handcrafted features or require extensive feature 
engineering, which can be time-consuming and less effective 
in handling semantic nuances present in product descriptions 
[27]. GPT's pre-training on a large corpus of diverse text 
allows it to generalize well to various tasks, including product 
category matching, without requiring significant task-specific 
feature engineering [28]. 

C. Analysis of Model Strengths and Limitations: 

• Strengths of GPT: Language Understanding: GPT 
excels in understanding the semantics of product 
descriptions, enabling it to capture context and 
meaning more effectively. 

• Generalization: Due to its pre-training on a diverse 
range of texts, GPT can generalize well to unseen data 
and perform adequately on a wide array of tasks, 
including product category matching. 

• Transfer Learning: GPT's pre-trained weights can be 
fine-tuned on specific downstream tasks with 
relatively little labeled data, making it adaptable to 
specific use cases. 

• Limitations of GPT: Computationally Intensive: GPT's 
large model size and complexity make it 
computationally intensive, which can limit its 
practicality in certain resource-constrained 
environments. 

• Biases: GPT can inadvertently amplify biases present 
in the training data, leading to biased outputs or 
decisions. 

• Lack of Specificity: GPT may not provide precise 
category matching in cases where fine-grained 
categories are required, as it tends to focus more on 
general patterns. 

D. Impact of Fine-tuning and Data Size on Performance: 

Fine-tuning GPT on product category matching tasks can 
significantly enhance its performance. During fine-tuning, the 
model learns task-specific information from labeled data, 
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allowing it to adapt better to the target domain. Fine-tuning on 
a smaller labelled dataset can still yield good results since 
GPT has already learned rich language representations during 
pre-training. 

GPT (Generative Pre-trained Transformer) based category 
matching in e-commerce refers to the use of natural language 
processing (NLP) models like GPT to accurately and 
efficiently classify products into specific categories or 
subcategories based on their descriptions, attributes, or user-
generated content [29]. This technology has significant 
practical implications for e-commerce platforms and can lead 
to various business benefits and challenges. 

E. Practical implications of GPT-based category matching 

in e-commerce: 

• Improved Product Discovery: GPT-based category 
matching can enhance product discoverability by 
ensuring that products are correctly placed in relevant 
categories. This helps users find products more easily, 
leading to a better shopping experience. 

• Enhanced Search and Filtering: Accurate category 
matching enables better search and filtering results. 
When users search for products or apply filters, they 
are presented with more relevant options, reducing the 
need to manually browse through irrelevant products. 

• Personalization and Recommendations: GPT-powered 
category matching can aid in creating personalized 
product recommendations based on users' preferences 
and browsing history, resulting in increased 
conversion rates and customer satisfaction. 

• Automated Product Categorization: E-commerce 
platforms often deal with a large number of products, 
making manual categorization time-consuming and 
error-prone. GPT-based automation streamlines the 
process and ensures consistency. 

• Content Organization: GPT-based category matching 
can help organize user-generated content, such as 
product reviews and descriptions, into relevant 
categories. This assists in presenting structured and 
coherent information to potential buyers. 

• Competitive Advantage: Adopting advanced NLP 
techniques like GPT for category matching can 
provide e-commerce businesses with a competitive 
edge. Improved user experience and more precise 
search results can attract and retain customers. 

F. Potential Business Benefits: 

• Increased Conversion Rates: With more accurate 
category matching, users are more likely to find the 
products they want quickly. 

• Enhanced Customer Satisfaction: Customers can find 
products that match their needs more effectively, 
resulting in higher satisfaction and potential repeat 
business. 

• Efficiency and Cost Savings: Automation of category 
matching reduces the need for manual intervention, 
saving time and reducing labour costs. 

• Better Data Insights: Improved categorization can 
provide valuable insights into customer preferences 

and buying patterns, enabling businesses to optimize 
their product offerings and marketing strategies. 

• Improved SEO and Search Ranking: Accurate 
categorization contributes to better search engine 
optimization, leading to improved search rankings and 
increased organic traffic. 

G. Potential Challenges: 

• Data Quality and Quantity: GPT models require 
substantial amounts of high-quality training data. 
Ensuring data cleanliness, relevance, and diversity can 
be a challenge, especially for niche or new product 
categories. 

• Model Bias: GPT models can inadvertently inherit 
biases from the training data, potentially leading to 
biased category assignments or recommendations, 
which may impact user experience negatively. 

• Model Interpretability: GPT models are complex and 
lack transparency, making it challenging to understand 
how the model arrives at its category assignments, 
which can be a concern for some businesses. 

• Scalability and Performance: Implementing GPT-
based category matching at scale can be resource-
intensive, requiring significant computational power 
and memory. 

• Continuous Model Maintenance: GPT models require 
regular updates and fine-tuning to adapt to changing 
product inventories, market trends, and user 
preferences. 

• Integration and Deployment: Integrating GPT-based 
category matching into existing e-commerce systems 
may pose technical challenges, especially for smaller 
businesses with limited resources. 

VII. CONCLUSION 

The impact of data size on performance is substantial. 
Generally, larger labelled datasets for fine-tuning lead to 
better performance. More data enables the model to generalize 
effectively, capture diverse patterns, and handle out-of-
distribution cases better. However, there might be diminishing 
returns beyond a certain dataset size, and the quality and 
diversity of the data also play crucial roles in performance 
improvement. 

In conclusion, GPT has demonstrated strong performance in 
product category matching tasks, outperforming baseline 
models due to its language understanding capabilities and 
generalization. While it has notable strengths, such as 
adaptability and generalization, it also has limitations, 
including computational complexity and potential biases. 
Fine-tuning and data size significantly impact its performance, 
making it crucial to carefully curate datasets and consider 
resource constraints during deployment. 

In conclusion, GPT-based category matching in e-commerce 
offers substantial practical implications and potential business 
benefits. However, businesses need to address challenges 
related to data quality, model bias, interpretability, scalability, 
maintenance, and integration to harness the full potential of 
this technology and gain a competitive advantage in the 
market. 
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