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change because online shoppers cannot physically feel products and
rely heavily on customer reviews for evaluations. However, the lack
of structured textual data poses challenges in sifting through
numerous, diverse, and sometimes contradictory comments to make
informed purchasing decisions. This study proposes a multi-step
system for autonomously and intelligently analyzing customer
comments to organize comment sections, utilizing general-purpose
large language models. First, the proposed system automatically
separates comments discussing online shop services from those
specifically related to products by tagging them. Then, it extracts
various product aspects discussed across all comments. Finally, these
comments are categorized based on the extracted aspects.
Additionally, a new labeled non-English dataset has been created as a
benchmark dataset featuring tagged online-shop-related comments.
The experimental results show that the best-performing model was

Qwen 2.5, achieving an accuracy of 91.7%.

1. Introduction

In recent years, online shopping has experienced a
significant surge in popularity. The COVID-19
pandemic has accelerated the trend of online
shopping. A survey on this matter reported that
only 11.6% of its participants shopped online in the
fall of 2019, while the percentage increased to
51.2% during the pandemic, indicating a
substantial rise [1]. Predictions indicate that by
2040, 95% of business transactions will be
conducted online [2, 3]. However, online shoppers
do not have the opportunity to evaluate product
characteristics such as size, texture, and build
quality through direct physical inspection, which
makes it challenging for them to gauge product
quality directly. As a result, online shoppers seek
indirect evaluations, including reviews and
experiences of other customers.

Research shows that most customers actively write
reviews [4, 5], and half of them do so multiple
times per month [6]; consequently, the number of
reviews is increasing. Reviews and ratings from
customers have become the most accessible
method for assessing a product's characteristics in
online shopping [7].

These reviews provide valuable insights into the
product's characteristics and reflect the overall
satisfaction of a diverse range of customers,
effectively augmenting the in-store experience [8].
Most online shoppers browse reviews before
making a purchase. According to a comprehensive
study by PowerReviews [6], 95% of customers
read reviews during their online shopping journey,
with 72% of them doing so multiple times a month.
All these findings highlight the critical role that
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user reviews play in the customer decision-making
process [9]. Nevertheless, research indicates that
each customer reads only an average of ten
comments before making a purchase, which can
lead to inaccurate conclusions. Therefore, e-
commerce platforms must display the most
relevant and informative comments to potential
customers in the most effective way possible.

The comment section is important not only for
customers but also for shop owners, who benefit
from structured review analysis. It is a space where
e-commerce platforms and users can build a
connection and mutual trust. A recent survey shows
that customers favor online shops that respond
promptly to criticism and are twice as likely to
purchase from them as from shops that do not
respond to comments at all [4]. However, to
achieve this, staff of e-commerce platforms need to
sift through hundreds or even thousands of
comments and differentiate between criticisms of
the shop and product-related comments, which is a
time-consuming task [10].

A common challenge is the unorganized nature of
comments. All parties struggle with the large
volume of feedback, and the lack of effective
categorization makes it difficult to locate relevant
and important feedback. Additionally, each party
may require different information from the same
comment section. This difficulty in filtering
diverse content to find specific details or patterns
can complicate the process of drawing meaningful
conclusions from the available data [11].

To address these challenges, researchers have
increasingly employed sentiment analysis, which
automatically identifies opinions and emotions
expressed in textual data. Early studies primarily
focused on sentiment polarity classification, where
an entire review or sentence is categorized as
positive, negative, or neutral. While this approach
provides a general indication of customer
satisfaction, it fails to reveal which specific product
features are praised or criticized. Consequently,
aspect-based sentiment analysis (ABSA) has
emerged as a more fine-grained approach that
identifies individual aspects mentioned in a review
and determines the sentiment expressed toward
each aspect. Despite rapid advances in ABSA,
most existing studies have been conducted on
English-language datasets, largely due to the
abundance of publicly available annotated corpora
and linguistic resources. Research on non-English
languages remains relatively limited because of the
scarcity of labeled datasets and language-specific
resources, making the development of accurate
ABSA systems for these languages considerably
more challenging [14].
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Additionally, research on low-resource languages
such as Persian has primarily focused on sentiment
polarity prediction. While identifying whether an
aspect is expressed positively or negatively is
valuable, it does not solve the practical problem of
organizing large comment sections. To our
knowledge, no previous Persian ABSA study has
utilized aspect-level sentiment information to
automatically  categorize customer reviews
according to the product aspects they discuss,
despite the significant benefits such organization
offers for both customers and e-commerce platform
OWners.

This paper introduces a system to automatically
extract aspects from product-related comments in
an online shop, considering that it can be employed
across different online shops, is language-
independent, and utilizes pre-trained models within
the proposed framework. This approach ensures
that the system does not require significant
computational resources and can be easily updated.
While existing comment analysis methods often
treat reviews monolithically or require extensive
task-specific supervised training data (which is
especially limiting for non-English, low-resource
domains), they fail to provide an autonomous,
structured mechanism for breaking down mixed
feedback. To fill this gap, the proposed system
introduces a multi-stage framework that first
separates shop-service-related feedback from
product-related feedback, then systematically
extracts and categorizes specific product aspects.
Furthermore, the system is a fully autonomous,
zero-shot framework leveraging general-purpose
large language models (LLMs) that operates
without manual training data annotations. Another
challenge is the lack of a suitable Persian
benchmark dataset containing comments and their
related aspects. Therefore, a new labeled dataset
has been created in this research and is available in
[15]. To ensure rigorous evaluation, the benchmark
dataset was intentionally constructed to include
highly complex real-world text, such as sarcastic
remarks and comments with non-standard
grammar. The strong performance of the
framework across these samples demonstrates its
empirical robustness. Although zero-shot LLM
outputs are inherently probabilistic, these results
suggest that the proposed system can reliably
handle conversational noise and implicit
sentiments in practical deployment contexts. We
conduct extensive experiments to assess the
system's performance with unaltered real-world
data, focusing on its ability to understand
structured comments and identify discussions
about shop responsibilities. We also evaluate
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aspect identification within comments and

investigate the integration of different popular

LLMs. The results indicate significant potential for

accurately processing user-generated content in

complex languages like Persian, demonstrating the
system's effectiveness for practical applications.

In brief, this study makes the following

contributions:

1. We propose a system for organizing Persian
online shopping comments without task-
specific training.

2. We introduce a comment -categorization
pipeline that first distinguishes online-shop-
related comments from product-related
comments before aspect analysis.

3. We construct a new benchmark dataset
containing Persian product reviews annotated
with both shop-service labels and generalized
aspect labels.

4. We demonstrate that instruction-tuned LLMs
effectively transfer semantic knowledge to
Persian, enabling competitive aspect extraction
without fine-tuning.

The remainder of the paper is outlined as follows:

Section 2 reviews the literature on aspect-based

sentiment analysis methods and discusses their

advantages and disadvantages. In Section 3, the
design of the proposed system is explained in
detail. The results, including comparison results,
are presented and discussed in Section 4. Finally,
in Section 5, the paper is concluded, and the

challenges of the proposed system, along with
suggestions for improvements, are discussed.

2. Literature Review

The global field of sentiment analysis began in the
early 2000s, with the first works focusing on
polarity detection at the document and sentence
levels [12, 13]. A significant change occurred
around 2010 with the first uses of the term aspect-
based sentiment analysis (ABSA). ABSA involves
extracting key information from written text and is
amore fine-grained type of sentiment analysis [14].
While standard sentiment analysis identifies the
overall feeling of a text, ABSA dives deeper. It
pinpoints specific features or "aspects" within the
text and determines the sentiment expressed
towards each one individually. Early methods
relied on traditional machine learning, but by the
mid-2010s, deep learning began to predominate
due to the availability of more benchmark datasets
[15, 16]. Some research has implemented recurrent
neural networks (RNNs) to capture long-term
dependencies [17]. , though they suffer from
sequential bottlenecks and high training times.
Meanwhile, convolutional neural networks
effectively extract local n-gram features [18] but
struggle with long-range context. Subsequently,
transformer models like BERT [19] resolved
context issues but require extensive task-specific
fine-tuning and annotated data.

<{ o ‘ Aspect-Category-Opinion- Sentiment
Quadruple Extraction
Aspect-Category-Sentiment Detection
H Triplet Extraction ‘—

{ Compound ABSA Tasks }J

Aspect Sentiment Triplet Extraction

‘| Pair Extraction |—

Aspect Category Sentiment Analyses

ABSA

Aspect-Opinion Pair Extraction

A A N N N B

Aspect-Sentiment Pair Extraction ‘

Aspect Sentiment Classification (ASC)

Aspect Category Detection (ACD)

{ Single ABSA Tasks

Aspect Term Extraction (ATE)

Opinion Term Extraction (OTE) ‘

Figure 1. Taxonomy and relationships of Aspect-Based Sentiment Analysis (ABSA) tasks, illustrating the hierarchical
division between single tasks and compound tasks.

Aspect-based sentiment analysis (ABSA) tasks can
be organized into two categories of single and
compound, each addressing different facets of
sentiment analysis [20] (see Figure 1). Single
ABSA tasks focus on extracting a specific
component within a text. For instance, the Aspect
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Term Extraction (ATE) task focuses on identifying
a key term related to a specific aspect (such as a
product attribute), while Opinion Term Extraction
(OTE) seeks to extract a term expressing an
opinion. Aspect Category Detection (ACD) task is
related to classifying an opinion term into a
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predefined category, and Aspect Sentiment
Classification (ASC) aims to determine the
sentiment (positive, negative or neutral) associated
with an aspect. For example, consider the sentence
"The battery life is excellent." as a comment.
Considering single ABSA tasks, the term "battery
life" can be identified as an aspect, it can be
classified, and the sentiment towards this aspect
can be determined as positive. Compound ABSA
tasks combine several individual ABSA tasks
which are shown in Figure 1.

The emergence of transformer-based architectures,
in particular LLMSs, has driven a paradigm shift in
natural language understanding and sentiment
analysis. For example, BERT [19] introduced deep,
bidirectional ~ contextualized  representations
pretrained on large unmarked datasets and then
fine-tuned on the target task. Current instruction-
tuned models such as FLAN-T5 and GPT-3 exhibit
high performance even under few-shot or zero-shot
settings without requiring any additional parameter
updates [21]. Recently, a paradigm shift occurred
as Generative Pre-trained Transformer (GPT)
models introduced instruction-following
generative pipelines for ABSA. Rather than relying
solely on traditional token-classification
architectures, these models can perform joint
aspect extraction and categorization through
prompt design. It was found in [22] that practical
prompt engineering allows GPT-4 to outperform
BERT models in few-shot settings.

However, unlike the global field, the aspect-based
sentiment analysis in Persian was first utilized in
deep learning around 2018-2019, primarily due to
challenges such as the limited availability of
labeled datasets and the language's complexity.
Some studies have achieved an acceptable
accuracy on a new product dataset using that
approach [23-26]. Following global trends,
researchers adopted transformer-based models,
leading to the creation of ParsBERT, a
monolingual BERT model trained on a large
Persian corpus, which outperformed multilingual
models [27, 28]. Other BERT-based approaches
like [29] also exist and recently some studies used
GPT for text classification [30]. It is worth
mentioning that the Pars-ABSA and FABSA
datasets, compiled from reviews on the Iranian
platforms, became a key benchmark [31] There is
a limited number of datasets for Persian ABSA,
and none of them have online-shop-related
comments labeled to separate them from other
comments, prompting us to develop a new dataset.
The application of GPT-based generative models to
the Persian ABSA task is largely unexplored.
Initial Persian research shifted focus to BERT
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architectures due to the unavailability of powerful
models like GPT-3. Recent studies have primarily
focused on coarse-grained sentiment analysis.
Recent papers highlight that GPT models on
Persian ABSA have been overlooked, underscoring
a research gap [32]. To mitigate data scarcity,
recent studies like [32] introduced cross-lingual
deep learning frameworks to transfer models from
high-resource languages (like English) to Persian
using cross-lingual embeddings. While effective at
bridging the resource gap, these traditional
approaches typically require task-specific fine-
tuned classifiers and annotated parallel data,
limiting their adaptability to novel, unobserved
domains or zero-shot conversational styles.

This study proposes a multi-step framework using
Large Language Models for review processing,
focusing on Aspect Term Extraction (ATE) and
Aspect Category Detection (ACD) in online
shopping comments. By structuring unstructured
user feedback into targeted aspect terms and
predefined categories, the framework enables
efficient opinion organization without requiring
full sentiment polarity classification. In this study,
an end-to-end, zero-shot framework utilizing freely
available multilingual LLMs specifically for
hierarchical aspect term extraction and aspect
category detection in Persian online shopping
reviews are presented. We also introduce a novel
hierarchical aspect tagging system that goes
beyond the standard ABSA task in e-commerce.
While previous work, like the Pars-ABSA dataset,
extracts a flat list of product-related aspects (e.g.,
"camera," "quality"), it lacks direct utility for
business intelligence. Our system tags aspects that
are business-relevant, such as Shipping and
Logistics, and Customer Service, and extracts
aspects related to the product, such as Price and
Value. Recognizing the lack of comprehensive
datasets in this area, especially the version with
tagged online shop related comments, we also
developed a new database to support other
researchers in this field. We discuss the
characteristics of this dataset in detail in the dataset
section. This study can transform the standard
comment section into a more organized and usable
area, enabling online retailers to directly link
customer feedback to operational departments and
pinpoint structural strengths and weaknesses.

3. Proposed Method

This paper addresses three main objectives:

1) Identifying product aspects discussed in
reviews

2) How can the different product aspects
expressed in product reviews be categorized?
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3) How can the answers to the first two research
questions be utilized to benefit all parties
involved in online shopping, including
customers, online shops, and manufacturers?

To this end, the primary focus of this paper is on

extracting aspect terms and identifying aspect

categories, which incorporate two primary tasks of

ATE and ACD (see Figure 2, as an example). An

LLM is employed in the process of implementing

the proposed system, which plays an important role

in the two mentioned primary tasks.

We chose to use the newly released LLM by Meta,

named Llama3. Llama3 is an open-source model,

which can be freely downloaded.The precise
adjustment of parameters, which greatly affects
both the training speed and the output quality, is
vital for an LLM. The adjustment of parameters of
an LLM should be done in a way that strikes a good
balance between its efficiency and performance.

The parameter settings of the LLM which is used
in the proposed system are outlined in Table 1.
Figure 3 illustrates the proposed system
architecture.  Additionally, the consolidated
pipeline workflow is summarized step-by-step in
Algorithm 1.

Table 1. The parameters of the LLM in the proposed

method.

Parameter Value Description

N-Ctx 5900 Maximum number of tokens

Temp 0 Adjusts randomness and diversity of
generated predictions

Seed 42 Controls randomness, ensuring reproducible
results

Prompting Zero-shot

strategy

Precision FP16 (16-bit)

Top-p 1.0

Top-k 40

The battery life is good but the fact that | can charge in 0 to 80 in less than 50 minutes is even better.

Aspect Term Extraction:
Battery life

]

Aspect Term Extraction:
Charging speed

Aspect Category Detection:
Battery performance

Figure 2. An example of Aspect Term Extraction (ATE) and Aspect Category Detection (ACD).

Algorithm 1. Pseudocode of the proposed pipeline.

Input:

C: Customer comments

S: Shop service descriptions
M: Instruction-tuned LLM

Output:
D: Aspect-annotated dataset
# Procedure
1 Collect comments C from online shopping websites.
2 for each comment ¢; € C do
3 shop tag < LLM (ci, Prompt_shop, S)
4 aspects_specific—LLM (c;, Prompt_extract)
5 end for
6 Aggregate all extracted aspects.
7 Merge synonymous aspects using LLM.
8 Select generalized aspect list A.
9 for each comment ¢; € C do
10 for each aspect aj € A do
11 Label (ci, aj) < LLM (ci, Prompt_classify, a;)
12 end for
13 end for

14 Human annotators independently verify generated labels.

15  Retain samples with unanimous agreement.

16  Evaluate predictions using Accuracy, Precision, Recall,
and F1-score.

17 Return D.

While a single monolithic prompt could
theoretically handle extraction, decomposing the
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workflow into sequential modular stages (service
filtration followed by aspect consolidation) is
intentionally designed to isolate domain noise,
prevent LLM hallucinations in low-resource
settings, and manage context window constraints.
The schematic encompasses the initial stages of
raw comment acquisition from existing online
shops to the final analysis of the system's output.
The results are then compared against a benchmark
dataset that was independently annotated by a
three-person team. It is worth noting that, although
the multi-step pipeline achieves high accuracy, it
incurs a cumulative computational and latency
overhead due to multiple sequential APl/inference
calls per comment. All prompts were engineered
following standard zero-shot instruction principles.
A detailed explanation of all stages is provided
below:

Step 1: Customers submit comments after
purchasing products from online shopping
websites. These comments contain information
about product characteristics as well as online-shop
services (e.g., delivery, packaging, or customer
support). Such comments provide valuable
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feedback for customers, online shops, and
manufacturers, supporting purchasing decisions,
service improvements, and product quality
assessments.

Step 2: Customer comments are collected either
directly from online shop owners or via web
crawling, where permitted. The dataset includes
reviews of multiple product categories—such as
guitars, laptops, and mobile phones—collected

Customers

Leave comments

Online Shop
Website

Users submit comments
on the websites

Gather all comments
(Web Crawler / API)

@ Gathering comments

from several Iranian e-commerce websites to
ensure diversity in products and user opinions.
Step 3: A prompt containing the online shop's
name, services, and responsibilities is provided to
the LLM. For each comment, the LLM determines
whether it discusses any shop-related service or
responsibility and returns a binary response ("yes"
or "no"). This step separates shop-related
comments from product-related comments. The
prompt is presented in Table 2.

Provide product
context if needed

Human Analyst

Tags comients with

Extract specific features Consolidates list into relevant general "
C from product comments generalized aspects elevant general aspects
C Aspectl | Aspect2
Comment 1 LLM LLM Comment | LLM
Comment 2 Comment 2
Extract every specific Consolidate list into : T
feature distinct, generalized relgvant general aspects
("aspect") aspects
LLM
Is the comment about the —>{__Coneat 'Concatenation |
online shop’s services? Comments | Shop-Related _J C Aspectl | Aspect2
Comment 1 YES Comment 1 YES NO
Comment 2 NO Comment2 | YES YES
Differentiates shop comments
from produ¢t comments.
3x Human Analyst C ts | Shop-Related | Aspectl | Aspect2
Human Analyst (Complete the same Comment 1 YES YES NO
task by human mind) Comment 2 NO YES YES
Provide context :
about online shop
il spomsilitiing: ' Comparisqn and Al-tagged dataset is subjected
C ts | Shop-Related | Aspect1 | Aspect2 | Evaluation l to human verification.
Comment | YES YES NO |}
Com’f‘em 2 NO NO NIES Evaluation result

Figure 3. The graphical diagram of the proposed system.

Table 2. The prompts related to the steps of the proposed system.

Step Task Prompt

3 Determining the Comment: {comment} I provide you with a comment about a {product} on {website name}. The services of
online shop-related  {website name} are {services}, and its responsibilities are {responsibility}. Determine if the comment is related to
comments {website name}'s services or responsibilities. Respond with one word only: (Yes) or (No).

4 Aspect extraction I'm giving you a comment from a buyer. I want you to identify the most general and different aspects mentioned about

the product in the comment for aspect-based sentiment analysis. Make sure those aspects are not about the e-commerce
site, return policy, or delivery. Please provide the aspects only, without specific details or further explanation. The aspects
should be short and precise. The aspects should not be about the online shop and should only be about the product. The

comment is as follows:
Comment: \{comment\}

5 Categorizing the
extracted aspects

Categorize the list I give you and give me the most repeated categories. The list is: \{list of aspects\}

6 Finding the
categorized aspects
in each comment

Comment: \{comment\}

about \{aspect\} of the product.

I have a comment from my online shop post, along with an aspect. Please determine if this comment mentions anything

Respond with one word either (Yes) or (No) without any explanation.

Step 4: Each product-related comment is submitted
to the LLM with a prompt requesting all aspects
mentioned in the comment. The extracted aspects
are stored for each product, and the process is
repeated for all products in the dataset. The
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corresponding prompt is shown in Table 2. To
investigate the effect of prompt design, two prompt
configurations are evaluated. The first includes
additional product information (brand and
category), while the second uses only the comment
text. Their performance is compared in the



Categorization and Aspect Extraction of Online Shopping Comments Using Large Language Models

experimental section to determine whether the
additional context improves aspect extraction.
Step 5: The extracted aspects of each product are
consolidated into a set of generalized aspects. Since
semantically similar aspects (e.g., battery and
battery life) are often extracted separately in Step
4, the 15 most frequent aspects are first selected
and provided to the LLM. The model is then
instructed to merge semantically related aspects
and produce a list of generalized aspects.
Restricting input to the most frequent dataset-
derived aspects constrains the model to semantic
organization rather than free generation, reducing
hallucinations and  subjective  bias. The
corresponding prompt is presented in Table 2.
Step 6: For each product-related comment, a
prompt containing the comment and the
generalized aspect list obtained in Step 5 is
submitted to the LLM. The model identifies all
aspects from the predefined list mentioned in the
comment. Repeating this process for every
comment produces the final aspect-annotated
dataset, linking comments with the generalized
aspects of 19 products. The prompt is shown in
Table 2.

Step 7: In this step, the dataset of comments
generated previously, along with their associated
aspects, was independently distributed to three
annotators who were asked whether a specific
aspect is discussed in the related comment or not.
The annotators were blinded to the Al-generated
outputs from Step 6 and had no access to the aspect
assignments produced by the LLM. For example,
the comment “it has good quality but terrible
camera” was sent to them, and they were asked if
any of the aspects “quality”, “camera”, ”sound”,
and “design” is discussed in the comment or not.
We followed a Double-Blind, Independent
Annotation Protocol with a Majority-Vote
Consensus (2/3 rule). To guarantee objective
annotations, the three human annotators worked
completely independently without any
communication during the annotation process and
were fully blinded to both each other's inputs and
the model predictions. The human majority labels
were used as the gold-standard benchmark to
evaluate the model's independent binary
predictions, enabling an unbiased evaluation of
Precision, Recall, and F1-score. The Llama model,
as well as several other prominent LLMs, is used in
Steps 4, 5, and 6, and the performance is evaluated
which can be viewed in Section 4.

4. Experimental Results
In this section, we present experimental results,
providing a comprehensive overview of our
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findings. We begin by detailing the dataset created
in this research, offering insights into its
composition and significance. Subsequently, we
evaluate the performance of the proposed system
from various perspectives, highlighting its
strengths and areas for improvement. Finally, the
performance of the proposed system, when
considering some different popular LLMs within
its framework, is investigated.

4.1. Dataset

One of the main challenges in performing natural
language processing tasks for non-English
documents is the shortage of high-quality datasets
in the related language. For example, one of the
primary goals of this paper is to analyze comments
related to different products on various online
shops and identify the aspects of the products
discussed in each comment. As previously
mentioned, the paper aims to do this for comments
written in Persian. However, no standard
benchmark dataset exists in which comments are in
Persian and their related aspects are available. One
possible reason for this shortcoming is that Persian
utilizes a rich system of morphology and syntax,
which can lead to a high degree of ambiguity in
natural language processing tasks. The language
features complex verb conjugations, diverse
affixes, and a significant use of idiomatic
expressions, which are difficult to interpret
correctly without extensive understanding of
cultural and contextual nuances. Additionally,
performing text preprocessing tasks such as
tokenization and stemming for Persian documents
is complicated, especially because the language's
writing system is right-to-left and has a cursive
style. The lack of large labeled datasets in Persian
for training machine learning models further
exacerbates the difficulty of developing accurate
automatic aspect identification tools for comments
in Persian, making it a particularly challenging
endeavor in the field of computational linguistics.
In order to overcome the problem explained above,
a new labeled dataset is created in this research, in
which the comments about different products
(related to an Iranian online shop) along with their
related aspects are available. Naturally, all
comments in this dataset are written in Persian. The
dataset has some unique features. For example, the
comments, in which online shop responsibilities or
services were discussed, are separated from those
specifically related to the products, by the related
tags. This dataset facilitates the training and fine-
tuning of different machine learning models,
designed for performing different natural language
processing tasks considering Persian language,
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with the aim of enhancing their accuracy and
effectiveness. On the other hand, the dataset can be
considered a benchmark for other researchers to
test and evaluate the performance of their proposed
systems in analyzing Persian comments.

To construct such a dataset, in this research,
initially, a web crawler was used to collect the
comments from the related online shop websites.
To evaluate the system’s performance objectively
and avoid any automation or confirmation bias, an
independent, double-blind annotation process was
conducted to establish the ground-truth baseline.
The 1338 raw comments were distributed to three
human annotators along with a blanket list of
candidates generalized aspects for that product
category (e.g., quality, camera, sound, design),
without any labels. For each candidate aspect, the
annotators answered a binary question: "Does this
comment discuss this specific aspect?” Crucially,
the annotators were completely blinded to the Al-
generated outputs from Step 6 and had no
knowledge of whether the LLM had predicted a
"Yes" or "No" for any given aspect. To ensure
human annotation quality, Inter-Annotator
Agreement (IAA) was computed across all 1338
annotated comments, yielding a Fleiss’ Kappa of
x =0.671 (Substantial Agreement). To create a
high-fidelity ground-truth evaluation set, we
retained only the 998 comments that achieved
unanimous consensus (3/3 agreement), excluding
the 390 comments with split decisions Finally, the
human consensus labels were used as the gold-
standard benchmark to evaluate the model's
independent binary classifications, allowing for an
unbiased assessment of Precision, Recall, and F1-
score. Several comments included in the final
dataset contain defects, such as grammatical or
phonetic issues, elements of sarcasm, ambiguity
and implicit references to aspects. Since the goal of
the research was to test the proposed system under
real conditions, no corrections were made to the
mentioned comments. Analyzing such comments is
more challenging compared to working with pre-
processed cleaned ones. By preserving the original
comments in the final dataset, it can be accurately
assessed how well the proposed system can handle
the unaltered real-world data while considering
their challenges and complexities. Also, the
acceptable performance of the proposed system in
processing such complicated data can be
considered as a reliable indicator of the system's
performance in practical applications.

Additional characteristics of the final dataset are
presented in Tables 3, 4, and 5. Specifically, Table
3 shows the distribution of comments across
product categories, Table 4 summarizes the
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annotated aspects for each category, and Table 5
reports descriptive statistics of the dataset,
including the total number of comments, total
number of words, and average comment length.

Table 3. Approved and Rejected comments counts for 19

products.

Product Name Approved Rejected
Samsung A54 110 77
Beats Headphone 29 21
Canon Camera 21 11
Tent 40 7
Zigma Espresso Machine 181 56
Guitar 29 5
Vacuum Cleaner 44 2
Shoe 31 9
Keyboard 19 11
Backpack 25 21
Washing Machine 37 13
Refrigerator 41 21
Samsung S24 39 11
Sunscreen 32 17
Watch 92 6
Pressure Cooker 106 17
Portable Modem 59 21
Power Bank 29 13
Printer 24 11

Table 4. Product Categories and Corresponding
Annotation Aspects.

Product Annotation Schema (Evaluated Aspects)

Category

A54 Phone Quality, Price and Value, Phone

(Smartphone) Hardware, Phone Performance, Packaging and
Delivery

Backpack Quality and Performance, Physical
Characteristics, Practicality

Beats Sound-related aspects, Comfort and ergonomics

(Headphones) aspects, Build and design aspects, Battery and
power aspects

Canon Product Quality, Beginner-Friendliness, Price

(Camera) and Value, Image Quality

Espresso Quality-related aspects, Price and value,

Machine Performance and functionality, Design and
features, Ease of use and usability

pressure Quality, Performance, Design, Price, Ease of use

Cooker

Guitar Quality, Packaging, Price, Accessories

Keyboard Quality/Product  quality,  Price, = Value,
Performance

Portable Quality, Battery, Performance, Price/Value,

Modem Design/Physical

Power-bank Quality-related, Charging-related, Battery-

related, Design and Build, Performance-related

Printer Quality-related aspects, Cartridge and Ink
aspects, Cost and Price aspects

Refrigerator Price, Quality, Installation, Cooling, Size

S24 Quality, Design, Performance, Camera, Price

(Smartphone)

Shoes Quality, Size, Price, Comfort, Material

Sunscreen Physical Properties, Economic and Practical,
Performance, Ingredients

Tent Quality, Size, Material, Price, Design

Vacuum Performance, Design and Appearance, Quality

Cleaner and Durability, Practicality and Convenience,
Power and Battery

Washing Quality, Size, Performance, Price

Machine

Watch Quality, Price, Appearance, Performance,

Comfort, Water resistance
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Table 5. Some characteristics of the final Dataset.

Data Numbers
Words per aspects 17.95
Total No. of Words in Dataset 39401
Total No. of Aspects in Comments 76
Average No. of Aspects in Comments 2.22
Total Number of Products 19

Total Number of Shops 19

Total Number of comments 998
Average No. of Words in each Comment 33

Vocabulary Size (Unique Words)

4943 Comments per
Product

Most Frequent Aspect Category price
Overall Total Positive Responses 2,193
Opverall Total Negative Responses 2,572

4.2. Results

In this sub-section, the performance of the
proposed system is analyzed from different points
of view. Thus, first, it is examined whether the
proposed system is capable of understanding the
purpose of the comments with a special kind of
structure. Then, the performance of the proposed
system in identifying the comments, in which
online shop responsibilities or services were
discussed, is evaluated. Finally, the performance of
the proposed system in properly identifying the
aspects of the product-related comments is
analyzed.

4.2.1. The capability to understand comments
with complex language structures

The proposed system is capable of understanding
the purpose of comments with complex negative
structures, as illustrated in Table 6-Example 1.
Additionally, it demonstrated good performance in
understanding comments in which the presence of
a negative verb alters the semantic interpretation of
a sentence, as shown in Table 6-Example 2. Thus,
considering this example, we can conclude that the
proposed system has a notable ability to understand
the complex linguistic structures of the Persian
language.

Table 6. The capability of the proposed system in
understanding complex linguistic structure of Persian

language.
Example 1
Sentence Ol a5 S 5550 50 ddiel poy 5 03
Meaning 1 just bought it, so I can't comment on the quality yet.
Result The proposed system understood that the quality was
not discussed because of a negative verb.
Example 2
Sentence o Rl 0 50 50wl (Jg o5 s> (o555
Meaning It was a good phone, but I couldn't help leaving a
negative comment about its warranty.
Result The proposed system understood that the warranty was

discussed in a situation where a negative verb was
used.
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4.2.2. Identifying online shop related comments
In this part, the performance of the system in
identifying comments discussing online shop
responsibilities or services is evaluated (for more
information, please refer to Step 3 of the proposed
system). For this reason, the four metrics of
Accuracy, Precision, Recall, and F1-Score were
calculated:
TP + TN
Accuracy = )
TP + TN + FN + FP

TP

Precision = —— (2)
TP + FP
P
Recall = —— (3)
TP + FN

Precision x Recall
Fl-score = 2 x ——————— (4)
Precision + Recall

where TP (True Positives) is the number of
instances the model correctly predicted as positive,
TN (True Negatives) is the number of instances the
model correctly predicted as negative, FP (False
Positives) is the number of instances the model
incorrectly predicted as positive, and FN (False
Negatives) is the number of instances the model
incorrectly predicted as negative.

As illustrated in Figure 4, the model achieved high
classification performance in the mentioned task by
reaching a Precision of 97.04%, Recall of 93.28%,
Fl-score of 94.91%, and Accuracy of 98.18%.
Thus, it can be concluded that the proposed system
is capable of reliably distinguishing comments
discussing online shop responsibilities or services
from those specifically related to the products.

Model Performance Metrics
100

98.18
98
97.04

96
94.91

9 93.28

Percentage (%)

92

90 2 =
Precision Recall F1Score Accuracy

Figure 4. The performance of the system on identifying
online shop or product related comments.

4.2.3. Identifying the aspects of the product-
related comments

The performance of truly identifying the aspects in
product-related comments is evaluated in two
scenarios, which are explained in Step 4 of the
proposed system (for more information, see
Section 3). In the first scenario, the aspect
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extraction prompt was accompanied by additional
information about the product to enhance the
system's performance. It should be noted that this
extra information also made the prompt more
complex and labor-intensive, requiring human
intervention to input the details. This information
concerned the brand and the category of the related
product. In the second scenario, no extra
information was included in the aspect extraction
prompt of the system.

The impact of considering these two scenarios on
the aspect identification performance of the
proposed system in product-related comments is
presented in Table 7. The results demonstrate that

appending extra information about the product to
the prompt mostly led to worse results compared to
the scenario where no additional information was
included. Even in the Llama 3.3 model, where
providing additional information to the model
improved performance, the differences were not
statistically significant, as indicated by a z-score of
1.21 and a p-value of approximately 0.2261.

By evaluating the performance of the proposed
system, it can be concluded that the system has a
considerable potential in reliably and accurately
processing user-generated content for e-commerce
applications and other related domains.

Table 7. Details of the aspect identification performance of the proposed system in product-related comments, from the two
scenarios, separately listed for each 19 products of the final dataset.

No extra info was considered in the related prompt

Extra info was considered in the related prompt

Dataset

Precision Recall F1 Score Accuracy Precision Recall F1 Score Accuracy
Pressure Cooker 9491 75.09 83.84 85.09 96.30 75.09 84.38 85.47
Watch 89.92 78.11 83.60 83.51 91.09 83.33 87.04 87.32
Sunscreen 98.70 80.00 88.37 84.38 98.70 80.00 88.37 84.38
Samsung S24 89.61 80.23 84.66 87.18 87.01 79.76 83.23 86.15
Refrigerator 94.12 84.21 88.89 90.24 96.47 84.54 90.11 91.22
Printer 98.04 87.72 92.59 88.89 98.04 89.29 93.46 90.28
Power Bank 100.0 73.58 84.78 80.69 97.44 69.72 81.28 75.86
Portable Modem 96.58 86.50 91.26 90.85 94.52 85.19 89.61 89.15
Washing Machine 96.61 75.00 84.44 85.81 98.31 7733 86.57 87.84
Backpack 96.08 77.78 85.96 78.67 94.12 78.69 85.71 78.67
Keyboard 97.22 76.09 85.37 84.21 86.11 79.49 82.67 82.89
Shoe 93.69 71.23 80.93 77.73 95.65 81.48 88.00 88.39
Vacuum Cleaner 82.88 85.98 84.40 84.55 98.31 7733 86.57 87.84
Guitar 98.28 87.69 92.68 92.24 87.93 96.23 91.89 92.24
Zigma Espresso Machine 95.75 68.70 80.00 77.59 96.23 71.20 81.85 80.00
Tent 88.46 77.53 82.63 85.07 94.87 77.89 85.55 87.50
Canon Camera 85.71 80.00 82.76 85.14 85.71 85.71 85.71 85.71
Beats Headphone 92.19 83.10 87.41 85.93 95.31 85.92 90.37 88.79
Samsung A54 9343 69.34 79.6 92.96 92.16 71.48 80.82 8291
Average 93.80 78.84 85.48 84.30 93.91 80.51 86.48 85.93

4.2.4. Considering other well-known LLMs in
the framework of the proposed system

Among the evaluated LLMs, Llama 3.3 and Qwen
2.5 achieved higher Precision values compared
with the other evaluated scenarios, demonstrating
their stronger capability to accurately identify
relevant aspects from product-related comments.
However, the high Precision achieved by Llama
3.3 was accompanied by a relatively lower Recall,
which limited its overall performance and resulted
in lower final Accuracy. In contrast, Qwen 2.5
provided a more balanced performance by
maintaining comparable Precision while achieving
substantially higher Recall (87.8% compared with
78.8% for Llama 3.3), leading to superior overall
performance (Accuracy of 91.7%). Therefore,
among the evaluated models without additional
product information, Qwen 2.5 demonstrated the
most effective balance between correctly
identifying relevant aspects and minimizing missed
aspects. A comprehensive comparison of all

evaluation metrics across the different evaluated
LLMs is presented in Figure 5. In addition, the
statistical significance analyses for different LLMs
are given in Table 8.

Table 8. Pairwise model performance comparisons with z-
scores and corresponding p-values.

Model Z- _value Significance
Comparison Statistic p (0=0.0167)
Llama 3.3 0

vs. Qwen 6.28 330x10 True

2.5

Llama 3.3 19

vs. Mistral 9.0 2289 %10 True
Large

Qwen 2.5

vs. Mistral 2.76 0.00586 True
Large
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Figure S. Results of considering some different popular LLMs in the framework of the proposed system.

5. Conclusion

In this paper, a system has been introduced with the
purpose of automatic extraction of aspects from
product-related comments of an online shop. In
order to achieve the mentioned goal, the proposed
system employs a large language model (LLM). In
addition to aspect extraction, the proposed system
is capable of separating the comments, in which
online shop responsibilities or services were
discussed, from those specifically related to the
products, in the early stages of the system, by
tagging them. Also, the proposed system can
analyze the comments that are in Persian (which is
a complex natural language), even in conditions
such that they include grammatical or phonetic
issues, elements of sarcasm, ambiguity and implicit
references to aspects. Furthermore, to address the
challenge of the lack of a suitable benchmark
dataset, in which the comments are in Persian and
their related aspects are available, a new labeled
dataset was created in this research, as the output
of the proposed system, in which the comments (in
Persian) about different products (related to an
Iranian online shop) along with their related
aspects are available.

Extensive experiments were conducted in this
research in order to evaluate the performance of the
proposed system in handling unaltered real-world
data while considering their challenges and
complexities. First, it was examined whether the
proposed system is capable of understanding the
purpose of the comments with special kind of
structures. Then, the performance of the proposed
system in identifying the comments, in which
online shop responsibilities or services were
discussed, was evaluated. After that, the

429

performance of the proposed system in properly
identifying the aspects discussed in each comment
was analyzed. Finally, the performance of the
proposed system, when some different popular
LLMs were considered in its framework, was
investigated. The experimental results indicated the
considerable potential of the proposed system in
reliably and accurately processing user-generated
content in complex natural language (such as
Persian), which can be considered as a reliable
indicator of the system's performance in practical
applications.

Data Availability Statement

The data that support the findings of this study are
openly available on Github at:
https://github.com/mehtix1/PABSA-GPT.
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