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 a b s t r a c t

Understanding customer satisfaction in e-commerce is crucial for businesses to remain competitive. While tradi-
tional feedback analysis methods are labour-intensive and subjective, machine learning advances have enabled 
more efficient and scalable sentiment analysis. However, existing models struggle with aspect-based sentiment 
analysis (ABSA), particularly in detecting implicit aspects and handling mixed sentiments. This paper presents 
a multi-model machine learning pipeline designed to enhance ABSA by integrating fine-tuned Large Language 
Models (LLMs) with BERT and RoBERTa-based models. The pipeline consists of an LLM-generated synthesized 
annotated feedback model, a BERT-based aspect detection model, a RoBERTa-based ABSA model, and an LLM-
based ABSA model for handling implicit aspects and mixed sentiments. Additionally, a RoBERTa-based model 
is employed for overall sentiment detection. By leveraging both manually annotated and synthetic data, the 
pipeline improves sentiment classification accuracy and aspect coverage, even in data-scarce environments. The 
results demonstrate that combining multiple models enhances detection accuracy compared to single-model 
approaches. This study provides a scalable and effective solution for e-commerce feedback analysis, offering 
businesses valuable insights for improving customer experience and decision-making.

1.  Introduction

In the ever-evolving world of e-commerce, understanding the key 
factors influencing customer satisfaction and the online shopping expe-
rience is crucial for businesses to operate and stay competitive in the 
market (Rose et al., 2011). Convenience, reliability, transparency, and 
a seamless experience are important factors influencing customer satis-
faction, from browsing products on e-commerce platforms to the (post-) 
purchase stage (Kumar & Anjaly, 2017). Therefore, it is necessary to 
have a holistic approach to understanding what drives satisfaction and 
which pain points (aspects) can turn a positive shopping experience into 
a negative one (McColl-Kennedy et al., 2019). The identification of these 
influencing aspects not only provides insight into customer behaviour 
and preferences but also offers businesses the knowledge needed for op-
timising their services, improving user experience, and ultimately gain-
ing a competitive presence in the market (Grewal et al., 2009).

The rise of machine learning and data analytics has provided busi-
nesses with powerful tools to better understand customer behaviour and 
preferences through feedback analysis (Liu et al., 2020; Rane et al., 
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2024). Every review, rating, and piece of customer feedback is a rich 
source of information that, when analysed effectively, can reveal criti-
cal insights into what customers value most and where they encounter 
difficulties (Mudambi & Schuff, 2010). Analysing customers’ feedback 
allows businesses to go beyond sales numbers and better connect with 
the customer’s emotional experience, uncovering hidden issues that may 
not be easily known to business owners (Meyer & Schwager, 2007).

Traditional manual feedback analysis is time-consuming, labour-
intensive, and prone to subjective biases. Analysts may interpret cus-
tomer sentiment differently, leading to inconsistent results. Further-
more, as businesses scale, the amount of feedback becomes overwhelm-
ing, making it difficult to analyse all reviews effectively. While there are 
a number of models available for assessing overall customer sentiment 
of a customer review (Fang & Zhan, 2015), most of them often strug-
gle with aspect-based sentiment analysis (ABSA) (Nazir et al., 2020), 
particularly when customer reviews contain mixed sentiments (e.g., 
positive feedback about shipping but negative feedback about product 
quality) or implicit aspects (where a sentiment is implied but not ex-
plicitly stated). Addressing these challenges requires advanced machine
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learning models that can accurately detect aspects, classify sentiment, 
and provide structured insights.

Although several machine learning approaches have been developed 
for sentiment analysis (Do et al., 2019), many existing methods suffer 
from limited generalizability, low accuracy in aspect detection, and an 
inability to handle complex sentiment structures. Most feedback analy-
sis solutions rely on a single model, which may not capture all aspects of 
user sentiment effectively. This highlights the need for a comprehensive, 
multi-model approach that leverages the strengths of various machine 
learning models to enhance accuracy, scalability, and reliability in as-
pect detection and sentiment classification.

Despite the rapid adoption of machine learning in customer feed-
back analytics, current e-commerce sentiment analysis methods remain 
fragmented. Most studies address isolated subtasks such as sentiment 
polarity or explicit aspect extraction. This fragmentation leads to lim-
ited scalability, an inability to detect implicit opinions, and a lack of in-
terpretability across models. Hence, there is a pressing need for an inte-
grated, explainable pipeline that combines the complementary strengths 
of multiple models to extract both explicit and implicit customer sen-
timents in a unified framework. Based on these challenges, this study 
addresses the following research questions:

• RQ1. How can transformer-based and large language models be inte-
grated into a unified, end-to-end pipeline for automated aspect-based 
sentiment analysis in e-commerce?

• RQ2. To what extent does a multi-model architecture improve the 
accuracy, interpretability, and scalability of sentiment and aspect 
detection compared with single-model approaches?

To address these questions, we developed a comprehensive pipeline 
consisting of multiple machine learning models. This pipeline has the 
potential to empower businesses to gain detailed insights into cus-
tomer opinions at both granular and macro levels, enabling targeted 
improvements and strategic decision-making. The models employed in 
the pipeline are as follows (Psorakis et al., 2011):

• Large Language Model (LLM) for Generating Annotated Feedback: 
A fine-tuned model generates annotated customer feedback text, 
including detected aspects, facilitating the creation of synthetic 
datasets for training purposes.

• BERT-Based Aspect Detection Model: Utilizing the BERT_Review 
model to enhance aspect detection accuracy through deep contextual 
understanding and identifying aspects within customer feedback.

• RoBERTa-Based ABSA Model: A specialized model for identifying 
sentiments of different aspects within customer feedback.

• LLM-based ABSA Model: This fine-tuned LLM model processes raw 
customer text to output detected aspects, associated sentiments, and 
overall sentiment, combining aspect detection and sentiment anal-
ysis into a single step. We used this model to identify mixed senti-
ment in ABSA as it performs better than the base model. Moreover, 
the BERT_Review model identifies only explicit aspects in the text. 
Therefore, we used the fine-tuned ABSA LLM-based model to detect 
implicit aspects that BERT_Review might miss. Merging the outputs 
from both models results in a comprehensive set of aspects, enhanc-
ing overall coverage and accuracy in feedback analysis.

• RoBERTa-Based Model for Overall Sentiment Detection: A model de-
signed to determine the overall sentiment of customer feedback.

Through these steps, this pipeline provides a more effective approach 
to analysing e-commerce feedback compared to existing models, offer-
ing businesses a data-driven solution for improving customer experi-
ence. To evaluate this pipeline, customer reviews were collected from 
the Trustpilot platform. Using this data and the steps described above, 
the effectiveness of this approach is evaluated through extensive exper-
iments comparing model performances.

The rest of the paper is structured as follows: Section 2 presents a 
literature review and the necessary background. Section 3 outlines the 

methodology and dataset. Sections 4, 5, and 6 describe the three stages 
of the proposed pipeline. The final integrated pipeline is presented in 
Section 7. Finally, Section 8 discusses the findings, academic and prac-
tical contributions, and limitations.

2.  Literature review

This section provides a review of existing literature on customer 
feedback analysis, sentiment classification, and aspect detection, high-
lighting the limitations of current approaches and the need for a multi-
model machine learning pipeline for improved feedback analysis in e-
commerce.

2.1.  Understanding the role of customer feedback in E-commerce

Customer feedback analysis is an integral aspect of modern e-
commerce, serving as a vital tool for understanding consumer prefer-
ences, enhancing user experiences, and driving strategic business deci-
sions. The rapid growth of online retail has contributed to increasing the 
volume of customer feedback, making customer feedback increasingly 
valuable information for businesses to efficiently analyse this data to 
make strategic decisions and remain competitive in the market. More-
over, customer feedback is invaluable to e-commerce businesses for sev-
eral reasons.

Understanding customer opinions can help businesses tailor their 
services to meet customer expectations better (Gajewska et al., 2020). 
Consequently, this can lead to providing improved user interfaces, offer-
ing personalised shopping experiences, and enhancing customer service 
and loyalty (Ameen et al., 2021). Moreover, customer feedback towards 
product experience can inspire new product features or entirely new 
products, keeping businesses at the forefront of market trends and con-
sumer demands. Furthermore, the insights from customer feedback anal-
ysis can serve as a critical component of data-driven strategies, and busi-
nesses can make informed decisions regarding product development, 
marketing strategies, and overall business direction.

While the benefits of customer feedback are clear, the process of 
manual feedback analysis presents several significant challenges, such 
as inaccuracy, subjective opinion, and time required (Hemmatian & 
Sohrabi, 2019). As e-commerce platforms generate vast amounts of feed-
back daily, manual data exploration and actionable insight extraction 
are time-consuming and labour-intensive (Tsytsarau & Palpanas, 2012). 
Moreover, manual analysis of feedback with human involvement is in-
herently subjective, with the potential for bias. Most crucially, identi-
fying specific aspects in feedback (e.g., product features, delivery expe-
rience) and determining the sentiment associated with each aspect are 
complex tasks. Manual analysis might miss nuanced sentiments, such as 
mixed feelings within a single piece of feedback. In addition, the scala-
bility of data introduces critical issues. As businesses grow, the volume 
of feedback increases, making the manual analysis slow and impractical.

To address these challenges, businesses are increasingly turning to 
automated feedback analysis solutions (Lee & Bradlow, 2011; Yom-Tov 
et al., 2018). The adoption of automated feedback analysis technolo-
gies enables businesses to leverage the full potential of customer feed-
back for continuous improvement and strategic decision-making (Ak-
ter & Wamba, 2016; Kyaw et al., 2023). Solutions, such as advanced 
machine learning models, enable the processing and analysis of large 
volumes of feedback efficiently and accurately, and businesses can gain 
real-time insights, reduce the risk of bias, and handle the complexity 
and scale of modern e-commerce feedback (Chen et al., 2023; Newman, 
2013).

2.2.  How aspects influence the customer journey and experience

The analysis of customer feedback is not just about understanding 
what is working well but also about identifying pain points and gaps in 
the customer experience (McColl-Kennedy et al., 2019). A data-driven 
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approach helps businesses to determine specific issues, and detailed 
feedback analysis enables businesses to identify which aspects of the e-
commerce journey influence customers’ shopping experience. As such, 
this understanding helps companies to prioritise improvements that will 
have the most significant impact on customer satisfaction (Zineb et al., 
2021).

In an online shopping context, customers rely on different features 
and aspects when making their purchase and post-purchase decisions 
(Han & Ryu, 2012). Unlike traditional brick-and-mortar stores where 
shoppers can physically see, touch, and try products, online shopping 
is largely based on trust, convenience, and the information presented 
on the platform (Huyghe et al., 2017). Moreover, different stages are 
associated with online shopping and their impact on customer satisfac-
tion. For instance, how easily a customer can find what they need, the 
transparency of product information, the quality of customer service, 
the reliability of shipping, and the ease of returns all significantly influ-
ence their perception of the online shopping experience (Otim & Grover, 
2006; Pham & Ahammad, 2017).

By understanding how each aspect affects the overall customer ex-
perience, businesses can make informed decisions on where to invest 
resources. For example, if feedback suggests that a poor return process 
is a major source of dissatisfaction, efforts can be made to improve re-
turn policies and processes (Meyer & Schwager, 2007). All this informa-
tion can be used to provide, e.g., personalise recommendations, improve 
communication strategies, and tailor offerings to meet the needs of var-
ious customer groups better, thereby enhancing satisfaction and loyalty 
(Rane et al., 2023). Furthermore, these aspects of the e-commerce pro-
cess are interdependent, playing a role in forming customer perception 
and determining satisfaction level (Wang, 2008).

In other words, understanding the aspects that influence the on-
line customer journey helps companies to identify and address poten-
tial issues that may affect customer satisfaction (Lemon & Verhoef, 
2016). It also provides a competitive advantage by understanding their 
customers’ expectations, enabling them to differentiate their offerings 
through superior customer service, more transparent pricing, faster ship-
ping, or a better return process (Lindecrantz et al., 2020; Rane et al., 
2023).

In summary, the customer journey in e-commerce is multifaceted and 
influenced by various aspects, all of which play a crucial role in shaping 
customer experience and satisfaction (Wagner et al., 2020). Understand-
ing these aspects and analysing customer feedback provides a strategic 
advantage for businesses. Each identified aspect plays a crucial role at 
different stages of the e-commerce journey, encompassing both tangible 
and intangible elements that collectively impact customer satisfaction. 
Addressing these aspects in a customer-centric way can significantly en-
hance the overall online shopping experience (Sheth et al., 2023).

Beyond these aspects, human factors also add another layer of influ-
ence, shaping how customers experience, interpret, and respond to dif-
ferent elements of the online shopping journey. Human factors broadly 
refer to the study and application of knowledge about human behaviour, 
abilities, and limitations to improve the design of systems, tools, and en-
vironments for effective and safe human use (Strawderman & Koubek, 
2008). In service and logistics contexts, considering human factors is 
essential because both customers and employees are integral parts of 
the system; their cognitive, emotional, and behavioral responses directly 
affect performance, satisfaction, and operational outcomes (Sanders & 
McCormick, 1998). Moreover, beyond the technical and functional at-
tributes of e-commerce systems, the role of human factors, such as cog-
nitive effort, emotional response, and user interaction, also profoundly 
shapes the online shopping experience.

In service and logistics research, human factors are defined as the 
psychological, cognitive, and emotional characteristics that affect how 
individuals interact with technological systems, services, and organiza-
tions (Ali et al., 2025; Ogbeyemi et al., 2024). For instance, Ogbeyemi 
et al. (2024) highlight the importance of incorporating human-related 
variables such as worker fatigue and task engagement into distribution 

and service models. Meanwhile, Ali et al. (2025) emphasize emotional 
intelligence and interpersonal awareness as key drivers of supply chain 
collaboration and visibility. Together, these perspectives suggest that 
human cognitive and emotional processes deeply influence user experi-
ence in digital commerce. In this study, we focus on how these human 
factors are manifested through real customer feedback, examining how 
specific aspects, such as trust, customer service, and product quality, re-
flect customers’ authentic emotional and cognitive evaluations during 
the online shopping journey.

2.3.  Machine learning approaches in feedback analysis

Machine learning has revolutionised feedback analysis in e-
commerce by providing powerful tools for processing and interpret-
ing online customer data, identifying patterns, and creating a person-
alised experience (Policarpo et al., 2021). In e-commerce and customer 
feedback analysis, machine learning tools are used, and algorithms are 
employed to automate the analysis of customer feedback, significantly 
enhancing efficiency and accuracy (Koufaris et al., 2001). By leverag-
ing techniques such as natural language processing (Paik et al., 2001), 
sentiment analysis (Yi & Liu, 2020), and aspect-based sentiment anal-
ysis (Wankhade et al., 2022), these models can automatically identify 
key aspects of feedback, determine associated sentiments, and gener-
ate comprehensive insights. For instance, Zhao et al. (2018) proposed 
a knowledge-discovery process to mine affective words describing cus-
tomers’ emotional responses to apparel products. This early line of re-
search illustrates how sentiment analysis was traditionally approached 
through handcrafted lexicons and expert evaluation rather than large-
scale automated modelling.

Automation of customer feedback analysis provides several advan-
tages, such as reducing the time and resources needed for manual pro-
cessing (Niranjanamurthy et al., 2013), mitigation of human bias, and 
effortlessly scaling to handle increasing data volumes (Singh et al., 
2022). This automation not only provides real-time insights into cus-
tomer opinions but also enables businesses to quickly identify and re-
spond to emerging trends and issues, thereby improving customer satis-
faction and fostering a more responsive and adaptive business environ-
ment (Yom-Tov et al., 2018).

Recent studies have also demonstrated the potential of large lan-
guage models in service-oriented systems beyond e-commerce. For in-
stance, LLMs have been employed to model and improve human satisfac-
tion and emotional understanding in healthcare services (Rosario et al., 
2024; Xia et al., 2024). These studies illustrate how LLMs can interpret 
emotional tone, generate empathetic responses, and support personal-
ized service delivery, thereby transforming user interaction and satis-
faction analysis in complex service environments. In line with these de-
velopments, the present study extends the application of LLMs to the e-
commerce domain, where similar human-centred goals, understanding 
user sentiment, satisfaction, and trust, are pursued through automated 
feedback analysis. This parallel underscores the broader relevance of 
LLM-based approaches in extracting affective and contextual insights 
across different service sectors.

The development of machine learning models for feedback analysis 
in e-commerce leverages a variety of techniques and models, such as 
Support Vector Machines (Yu et al., 2011), Naïve Bayes classifiers (Bay-
haqy et al., 2018), and more sophisticated deep learning models like 
BERT and RoBERTa networks (Zalutska et al., 2023), to optimise accu-
racy and efficiency. These models are trained on large datasets to iden-
tify patterns and make predictions about the content of feedback. More-
over, deep learning models, especially transformer-based architectures 
such as BERT and its variants, have substantially advanced aspect-based 
sentiment analysis by capturing contextual and semantic relationships 
more effectively than traditional machine learning approaches. How-
ever, these improvements come with significant costs, as such models 
typically require large annotated datasets and considerable computa-
tional resources (Wankhade et al., 2024).

Expert Systems With Applications 306 (2026) 130865 

3 



L. Davoodi et al.

However, while deep learning models such as neural networks 
achieve strong predictive performance, they often lack transparency and 
interpretability. As noted by Wu et al. (2016), artificial neural networks 
are typically regarded as black-box models since their internal repre-
sentations are learned from input-output data rather than explicit rules. 
This lack of explainability motivates our modular design, which retains 
interpretability through separated model interfaces and transparent sen-
timent mapping.

Implementing a comprehensive machine learning pipeline for feed-
back analysis involves designing an end-to-end system that integrates 
multiple machine learning models to process and analyse customer feed-
back efficiently (Rachman et al., 2021; Van De Schoot et al., 2021). Prior 
studies have highlighted the importance of a well-structured pipeline 
that includes stages for data collection, pre-processing, model training, 
and evaluation (Biswas et al., 2022). This approach requires the integra-
tion of various models for different tasks: aspect detection and (aspect-
based and overall) sentiment classification. Workflow and data process-
ing steps are carefully orchestrated to ensure seamless transitions be-
tween stages, maximising the pipeline’s overall efficiency and accuracy. 
Implementing a machine learning pipeline enables businesses to harness 
the full potential of automated feedback analysis, providing real-time in-
sights and facilitating continuous improvement in customer satisfaction 
and operational effectiveness. In the following, we discuss the details of 
two main components of our pipeline: aspect detection and sentiment 
classification.

2.3.1.  Aspect detection in customer feedback
Aspect Term Extraction (ATE) in customer feedback is crucial for 

understanding detailed customer opinions. ATE is the process of identi-
fying specific components or features mentioned in reviews relevant to a 
domain (Kumar et al., 2022). The detection of aspects in customer feed-
back and the analysis of data enable businesses to identify strengths and 
weaknesses regarding various aspects of their product/service offerings 
(Bagheri et al., 2013). For instance, in the sentence “awful communi-
cation and slow dispatch”, the terms “communication” and “dispatch” 
are aspect terms. ATE generally consists of extracting all aspect-related 
terms (e.g., “dispatch”) from the text and grouping aspect terms with 
similar meanings into broader categories(Davoodi, 2023). Aspect terms 
are classified into two categories: explicit and implicit. Explicit aspects 
are directly mentioned in the text, while implicit aspects are inferred 
without direct mention (Alqaryouti et al., 2020).

Rana and Cheah (2016) classify ATE techniques into supervised (Shu 
et al., 2017), semi-supervised (Ansari et al., 2020), and unsupervised ap-
proaches (Tulkens & Van Cranenburgh, 2020). Existing research often 
relies on manual or semi-automatic methods for aspect annotation and 
aspect extraction, which can introduce subjectivity and inconsistency. 
Therefore, further exploration is needed to enhance automated aspect 
extraction algorithms, aiming to improve the precision and recall of as-
pect identification in e-commerce reviews (Dogra et al., 2024).

Unsupervised aspect extraction techniques utilize unannotated data 
to identify implicit and explicit aspects in reviews without the need for 
training. These methods, such as statistical analysis, topic modelling, 
and dependency parsing, are widely applied across different domains 
and languages. Semi-supervised techniques, on the other hand, leverage 
both labelled and unlabelled data to extract aspects, using methods like 
Recurrent Neural Networks (RNN) (Aydin & Güngör, 2020) and lexicon-
based approaches (Obaidat et al., 2015). Lastly, supervised techniques 
rely solely on labelled data for training, employing models like Condi-
tional Random Fields (CRF) (Rubtsova & Koshelnikov, 2015) and Long 
Short-Term Memory (LSTM) (Giannakopoulos et al., 2017) to extract 
both implicit and explicit aspects.

Recent advancements in aspect extraction have seen a shift towards 
transformer based models such as Bidirectional Encoder Representations 
from Transformers (BERT) (Devlin et al., 2018) and LLAMA (Touvron 
et al., 2023), which outperform traditional models due to their abil-
ity to capture contextual relationships more effectively. Research in-

dicates that BERT, with its bidirectional encoding, captures both for-
ward and backward contexts, making it particularly effective for nu-
anced aspect extraction tasks (Devlin et al., 2018). Pre-trained LLMs, 
such as LLAMA, designed with fewer resources but high efficiency, fur-
ther demonstrate that transformer- based models provide superior per-
formance, especially in low-resource settings, by leveraging pre-trained 
knowledge and fine-tuning for domain-specific tasks (Touvron et al., 
2023). These models not only improve accuracy but also require less 
domain-specific training data, making them more flexible and scalable 
across different domains.

In previous studies, various techniques have been used with LLMs, 
including prompt engineering (Brinkmann et al., 2023; Ma et al., 2023), 
and fine-tuning (Biana et al., 2024). Prompt engineering, such as one-
shot prompting, focuses on carefully crafting input prompts to guide the 
model in generating more accurate or relevant outputs without altering 
the model itself. In contrast, fine-tuning involves retraining the model 
on specific datasets to adjust its internal parameters, making it more 
specialized for specific tasks or domains. While prompt engineering is 
faster and more flexible, fine-tuning provides deeper customization and 
improved task-specific performance. Techniques like Low-Rank Adapta-
tion (LoRA) are used for parameter-efficient fine-tuning, reducing com-
putational costs while preserving model performance (Hu et al., 2021; 
Zhang et al., 2024c).

However, there has been limited published research specifically ex-
amining fine-tuning in the context of the e-commerce domain (Palen-
Michel et al., 2024). Zhou et al. (2023) used structured prompts to guide 
LLMs in identifying specific product attributes from customer queries. 
Each prompt consists of three components: assumption, example, and 
question. The LLM is prompted to assume the role of an e-commerce ex-
pert tasked with identifying attributes such as “Brand,” “Color,’ “Size,” 
and “Product Type” from a given query, with examples of correctly 
extracted attributes provided. Zhang et al. (2024a) developed a multi-
task e-commerce shopping assistant which leverages the power of large 
language models to address various online shopping tasks. These tasks 
include concept understanding, knowledge reasoning, user behaviour 
alignment, and multilingual abilities. The LLMs were enhanced using a 
specialized instruction dataset, EshopInstruct, containing 65,000 sam-
ples that reflect e-commerce scenarios. This dataset helped fine-tune 
the LLMs to handle specific domain knowledge, such as extracting at-
tributes, processing product-related queries, and making product rec-
ommendations.

2.3.2.  Sentiment analysis and aspect-based sentiment analysis in 
E-commerce

Sentiment analysis in e-commerce involves evaluating customer 
feedback to determine the overall sentiment, positive, negative, or neu-
tral, expressed in reviews (Zheng et al., 2014). The sentiment analysis 
technique provides businesses with a high-level understanding of cus-
tomer satisfaction, needs, demands, and areas needing improvement. 
Generally, sentiment analysis is categorized into three levels: document-
level, sentence-level, and entity/aspect-level analysis (Hu & Liu, 2004). 
Document-level sentiment analysis assesses the overall sentiment of an 
entire document, focusing on the sentiment expressed in the text as a 
whole rather than on individual sentences. The sentence-level analy-
sis predicts the sentiment of each sentence independently, treating each 
sentence as a distinct entity. ABSA goes a step further by identifying sen-
timents related to specific aspects of a product or service, offering a more 
nuanced view of customer opinions (Vanaja & Belwal, 2018). ABSA in-
cludes two subtasks as follows: aspect term extraction (ATE) and aspect 
sentiment classification (ASC). Combining aspect detection with senti-
ment analysis allows businesses to gain more profound knowledge on 
which features of a product/service are more appreciated or criticized, 
enabling targeted enhancements (Wankhade et al., 2022).

Several techniques have been proposed in the literature to perform 
ASC. These methods vary from traditional lexicon-based approaches to 
modern deep learning models, with each offering different levels of
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accuracy and efficiency depending on the context and data used. 
Lexicon-Based Approaches calculate sentiment by aggregating word po-
larities using sentiment dictionaries. Words are assigned a sentiment 
score, and the overall polarity for an aspect is derived based on these 
scores (Mowlaei et al., 2020; Siddiqua et al., 2024). However, these 
methods struggle with context and negation handling. To avoid this lim-
itation, machine learning models were introduced for ASC tasks. These 
models, including SVMs, random forests, and logistic regression, are 
widely applied to classify sentiments. In these methods, labelled aspect-
sentiment pairs are used to train classifiers that predict sentiment po-
larity (Arthamevia et al., 2021; Villaneau et al., 2018). However, tra-
ditional machine learning methods struggle to effectively capture the 
complex non-linear relationships between features and sentiment polar-
ity.

Recent work leverages deep neural networks, including LSTM, RNNs, 
and transformers, like BERT, and LLMs, which are fine-tuned to classify 
sentiment based on context (Hammi et al., 2023; Sirisha & Bolem, 2022; 
Šmíd et al., 2024; Sun et al., 2019). However, the LSTM and CNN mod-
els had two key limitations. Firstly, models trained on a specific dataset 
did not generalize well to other datasets or domains. Secondly, these 
models struggled to achieve high accuracy. As a result, transformer-
based models have gained prominence in recent years as more effec-
tive solutions for ABSA tasks(Mughal et al., 2024). With the advent of 
transfer learning and attention-based mechanisms, networks pre-trained 
on large datasets have demonstrated remarkable performance break-
throughs (Ruder et al., 2019; Troya et al., 2021; Vaswani et al., 2017). 
These models have significantly advanced the state of the art in ABSA by 
capturing deeper semantic and syntactic relationships. However, non-
fine-tuned LLMs perform adequately but lag behind specialized models 
in complex tasks such as ABSA (Simmering & Huoviala, 2023; Zhang 
et al., 2024b).

There are some proposals in the literature that use LLMs for ABSA 
tasks in customer reviews, but they are not explicitly focused on the 
e-commerce domain. For instance, Qian et al. (2024) used 8405 Tripad-
visor reviews of college football stadiums, spanning 2011 to 2023, anno-
tated with various customer experience constructs. The dataset was fur-
ther enriched with synthetic reviews generated by ChatGPT, enhancing 
the model’s training and ensuring accurate outputs. Two GPT-3.5 mod-
els were fine-tuned for AE to identify customer experience aspects, and 
another for Customer Experience Classification (CC) to categorize these 
aspects based on emotional and social responses. A fine-tuned RoBERTa 
model handled sentiment scoring, classifying experiences as positive, 
neutral, or negative (Qian et al., 2024).

2.4.  Data augmentation

Data Augmentation involves generating synthetic data from an exist-
ing dataset by introducing small variations or combining distant exam-
ples, which helps models remain invariant to certain changes. It plays a 
key role in the training of deep neural networks, as its transformations 
are interpretable and offer insights into model weaknesses, making it a 
valuable tool for improving model performance (Shorten et al., 2021). 
In the literature, various methods are employed to augment data and 
generate synthesized training data using machine learning. These tech-
niques are crucial in domains where labelled data are scarce, expensive, 
or time-consuming to collect. Training data is essential for the quality 
of supervised machine learning, where the addition of more data signif-
icantly improves the performance (Bayer et al., 2022).

Data augmentation methods widely used in computer vision (CV), 
such as flipping, cropping, or tilting, do not apply to NLP tasks. The 
main reason is that in textual data, the exact order of characters carries 
critical syntactic and semantic meaning (Zhang et al., 2015). Therefore, 
in terms of text augmentation, several practices are commonly used in 
the literature to enhance NLP models, especially when dealing with lim-
ited data. Wei and Zou (2019) introduced the EDA (Easy Data Augmen-
tation) technique, designed to improve performance in text classifica-

tion tasks. EDA is especially beneficial for smaller datasets, where train-
ing with only 50% of the available data using EDA achieves the same 
accuracy as training with the full dataset. Back-translation (Sennrich 
et al., 2016) is another technique used in the literature where a sen-
tence is translated into another language and then translated back into 
the original language. Contextual word embedding augmentation was 
introduced by (Kobayashi, 2018) to augment text data. This technique 
replaces words with contextually similar words using word embeddings. 
Pre-trained language models like BERT or GPT can be used to predict ap-
propriate replacements for words in the sentence (Kobayashi, 2018). An-
other commonly used techniques include paraphrasing (Prakash et al., 
2016), noise injection (Coulombe, 2018) or Adversarial Data Augmen-
tation (Gupta, 2019).

Furthermore, LLMs, such as GPT, can be used to generate new text 
samples based on existing examples due to their ability to generate high-
quality synthetic data that closely resembles human-generated text. Var-
ious techniques are used in the literature that employ LLMs to generate 
synthesized data. Prompt engineering is one of the standard techniques 
to instruct the LLM to generate synthetic data. This can involve provid-
ing a few examples (few-shot learning) or using specific instructions to 
guide the output (Maheshwari et al., 2024; Patil & Gudivada, 2024). 
Moreover, LLMs are used in combination with smaller, task-specific 
models. For instance, after generating synthetic reviews with an LLM, a 
secondary model might filter or refine the output to ensure it adheres to 
business-specific constraints or quality standards. These techniques are 
widely used to improve NLP models by diversifying the training data, 
making models more robust to variations in text input. Each method 
can be applied depending on the task, such as classification, machine 
translation, or question answering.

3.  Methodology and data

As shown in Fig. 1, this research is structured into several phases, 
combining various machine learning models and utilizing synthesized 
data to enhance the ABSA task. The first phase involves scraping cus-
tomer feedback data from the Trustpilot platform, followed by data pro-
cessing to clean the data for model training. Afterwards, feature extrac-
tion and aspect selection are conducted. The selected aspects are manu-
ally annotated, resulting in a dataset labelled for aspect terms and their 
associated sentiments. To enhance the dataset, synthetic data generation 
is employed using LLMs to produce additional annotated data, focusing 
on under-represented or infrequent aspects. The fine-tuning process is 
leveraged to generate synthesized customer feedback that contains pre-
defined entities relevant to the feedback.

Firstly, as shown in Fig. 2, a fine-tuned LLM generates synthetic feed-
back that mirrors real customer feedback. These generated data points 
are used to supplement the manually annotated dataset, expanding the 
overall dataset size and addressing the data scarcity problem. The model 
is fine-tuned to detect multiple aspects, including implicit ones, and the 
synthesized data serves as training material for downstream models.

Secondly, as presented in Figs. 3 and 7, the final integrated pipeline 
is built to automate the entire process, from scraping customer feedback 
to generating detailed aspect-based sentiment insights. Aspects such as 
Trust, Shipping, Product Availability, Pricing, and Overall Sentiment are 
identified, and the feedback is presented in a clear, actionable format 
for business decision-making. The final pipeline utilizes two models for 
aspect detection: the BERT_Review model detects explicit aspects within 
the text, while the Fine-Tuned ABSA LLM model focuses on identifying 
implicit aspects that the BERT model might miss. The union of the de-
tected aspects from both models is reported as the final set of detected 
aspects, improving coverage and accuracy in feedback analysis.

For sentiment detection, the pipeline employs two different models: 
a RoBERTa-based ABSA Model, efficient at detecting the sentiments as-
sociated with specific aspects, and a fine-tuned LLM ABSA model for 
handling more complex feedback that contains both positive and neg-
ative sentiments in the same entry. Finally, a separate RoBERTa-based 
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Fig. 1. Final pipeline.

model is used to detect the overall sentiment of the feedback. This model 
aggregates sentiment data from individual aspects to provide a holistic 
sentiment label, helping businesses quickly gauge overall customer sat-
isfaction. In the following section, we describe in detail the collected 
data and the models used in the pipeline.

3.1.  Data gathering and annotation

We used two different datasets for this research. The first dataset 
(Davoodi, 2023) is a manually annotated dataset designed for the aspect 
extraction task that uses IOB (Inside, Outside, Beginning) tagging 1. The 
second manually annotated dataset (Davoodi et al., 2025) is designed 
for the ABSA task and consists of the sentiments associated with each 
aspect and the overall sentiment of the feedback 2. The data used in the 
study was gathered from the leading online review platform, Trustpilot.

3.1.1.  The final set of aspects
In our research, based on the state-of-the-art literature on e-

commerce customer experience and feedback analysis, we have identi-
fied 14 key aspects that are deemed to shape the e-commerce customer 
experience and satisfaction collectively. The following aspects provide 
a comprehensive framework for businesses to better understand their 
customers.

1. Shipping: the speed, cost, and reliability of delivery (Huang et al., 
2019).

2. Trust: the perceived credibility and reliability of the store (Rita 
et al., 2019).

3. Item Quality: the inherent quality of products offered (Rita et al., 
2019).

4. Pricing: competitive and transparent pricing strategies (Rita et al., 
2019).

1 The data is available at https://doi.org/10.6084/m9.figshare.30411193
2 The data is available at https://doi.org/10.6084/m9.figshare.24980994.v1

5. Customer Service: the helpfulness and responsiveness of store rep-
resentatives (Mero, 2018).

6. Product Features: detailed product descriptions, accurate specifi-
cations, and clear images (Holloway & Beatty, 2008).

7. Delivered Product Status: the condition in which products arrive 
upon delivery (Holloway & Beatty, 2008).

8. Refund Process: efficiency and transparency in handling refunds 
(Martínez-López et al., 2022).

9. Return Process: the convenience and speed of returning products 
(Martínez-López et al., 2022).

10. Information: accuracy and availability of critical information for 
purchase decisions (Griva, 2022).

11. Product Availability: variety and availability of products or 
brands (Griva, 2022).

12. Packaging: the quality and attractiveness of product packaging 
(Arora, 2016).

13. Payment: a smooth, secure, and diverse payment process (Blut, 
2016).

14. App Experience: usability and functionality of the platform’s web-
site and mobile app (Blut, 2016).

3.1.2.  Aspect-Based sentiment analysis dataset
To create a dataset for modeling user-generated content and per-

forming ABSA tasks, Davoodi et al. (2025) collected 12,000 English 
reviews from Trustpilot between 2013 and 2021. A random selection 
of 3500 messages was used for aspect extraction and manual annota-
tion. After filtering out reviews that did not meet specific criteria, the 
final dataset consisted of 2782 data points from five online-only stores: 
Zalando (35%), Wish (24%), Boozt (20%), SHEIN (16%), and Nelly 
(5%). The reviews were labelled for the 14 aspects, and each aspect 
was assigned a polarity (positive or negative). Two annotators manu-
ally labelled the data, resolving disagreements through discussion. The 
aspects and their associated sentiments are presented in Fig. 4.

Additionally, each review was labelled with an overall sentiment 
(positive, negative, or mixed), providing a more holistic understanding 
of user feedback(shown in Fig. 5).

The cleaned data was pre-processed through several steps, including 
lowercasing, removing non-English text, and performing lemmatization, 
resulting in a vocabulary of 4580 unique words. This dataset serves as 
the foundation for further ABSA model training and testing.

3.1.3.  Aspect term extraction dataset
To generate synthesized ATE training data, we used the manu-

ally annotated dataset introduced by Davoodi (2023), which consists 
of 2782 data points designed for the Aspect Detection task. For per-
forming manual annotation, the position of each aspect in the text is 
determined, along with its associated positive or negative sentiment 
(Davoodi, 2023). The dataset used in this study is the same as the one 
employed for manual sentiment tagging of aspects. However, this time, 
the annotation process was extended to include the exact positions of 
the aspects within the text.

Prior to the manual annotation, Davoodi (2023) took several steps. 
First, the reviews were standardized using Python libraries such as con-
textualSpellCheck and Caribe to correct spelling and grammar errors. 
This preprocessing step ensured consistency in the data. Second, sev-
eral rules were established to convert implicit aspects into explicit ones, 
aiming to preserve the original wording as much as possible. Finally, 
following this standardization, two annotators independently worked to 
label the data. The focus was on identifying nouns and noun phrases that 
expressed sentiment towards aspects, specifically excluding any neutral 
sentiments (Samha et al., 2014).

To enhance the dataset’s suitability for aspect detection tasks even 
more, Davoodi (2023) expanded the scope of the annotations. This in-
volved considering a broader range of sentence components as potential 
aspects or opinions, with a particular focus on identifying positive or 
negative sentiments within individual sentences. For this purpose, the 
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Fig. 2. Generating synthesized data.

Fig. 3. App work flow.

IOB (Inside, Outside, Beginning) tagging system can be adopted. Dur-
ing the final annotation phase, specific labels were assigned to mark 
the beginning or continuation of an aspect mentioned, such as App_ex-
perience_B, App_experience_I, Trust_B, Trust_I, Customer_service_B, and 
Customer_service_I. This approach allowed for a thorough extraction 
of the aspect terms. The dataset ultimately includes 29 labels, con-
sisting of two labels per aspect and an ’O’ label for words not as-

sociated with any aspect. For instance, in the sentence “slow cus-
tomer service. I do not recommend this company,” the text was split 
into individual words, and each word was labelled accordingly. The 
resulting sequence of labels was [’O’, ’Shipping_B’, ’Shipping_I’, ’O’, 
’O’, ’O’, ’O’, ’O’, ’Company_B’]. Any discrepancies in the annotations 
were resolved through discussion, ensuring a consensus between the
annotators.
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Fig. 4. Aspects with their associated sentiments.

Fig. 5. The distribution of review sentiments.

Afterwards, to evaluate the aspect detection dataset, we selected 
three transformer-based models: BERT, RoBERTa, and BERT_Review. 
We employed cross-validation to provide a more robust estimate of the 
models’ performance. Among these, the BERT_Review model showed 
slightly better results, achieving an F1 score of 84%. Given that the 
dataset involved 29 different categories, this level of performance is en-
couraging. Further details about the modelling process can be found in 
Davoodi (2023).

4.  Pipeline stage 1: Aspect detection

This section explores methods for extracting aspects from customer 
feedback, comparing traditional approaches with transformer-based 
models like BERT and RoBERTa. It introduces our hybrid approach, 
combining BERT_Review and a fine-tuned LLM, and evaluates its per-
formance, including the impact of synthetic data augmentation.

In the context of e-commerce, annotated data for ABSA is often lim-
ited and costly to produce due to the need for manual labelling. Man-
ually annotating customer feedback with specific aspects and their cor-
responding sentiment polarity is time-consuming. As a result, there is a 
growing need for data augmentation techniques to generate synthetic 
annotated data, which can expand the training dataset and improve 
model performance while minimizing the reliance on expensive and 
labour-intensive manual annotation processes.

To address the challenge of ABSA in scenarios with limited labelled 
data, we propose to utilize prompt fine-tuning, first to extract aspects 
(typically nouns) from an unlabelled corpus and categorize them accord-
ing to sentiment. Subsequently, the LLM is used to generate synthetic 

data based on these extracted aspects, producing both single-aspect and 
mixed-aspect pseudodata. Each generated instance was paired with a 
corresponding sentiment label (positive, negative, or neutral). Finally, 
a discriminator was employed to assess the generated data for domain 
and sentiment relevance (Li et al., 2024).

The authors utilized GPT-2 for synthetic data generation by fine-
tuning the model on task-specific datasets, focusing on input data 
without class labels. After fine-tuning, GPT-2 was prompted with a 
beginning-of-sequence token to generate domain-specific text, ensuring 
diversity through top-k random sampling and random seed variation. 
This process produced a large and diverse set of synthetic text, some-
times up to 40 times larger than the original dataset. The generated 
text was subsequently annotated with pseudo-labels and used in a self-
training and knowledge distillation framework, enhancing model per-
formance across multiple NLP tasks (He et al., 2022). In contrast to this 
approach, we utilized an LLM to simultaneously annotate and tag the 
text, eliminating the need for a separate model for the Named Entity 
Recognition (NER) task.

To the best of our knowledge, no prior work in the e-commerce and 
customer feedback domain has focused on generating synthesized, an-
notated customer feedback. Previous research primarily concentrates 
on using LLMs to generate automated responses to customer reviews 
(Azov et al., 2024). As indicated in Fig. 5, the presence of infrequent 
aspects, such as payment, negatively affects the performance of aspect 
detection models. Therefore, we opted to generate additional synthe-
sized data rather than rely on manual annotation to expand our training 
dataset. Therefore, we decided to augment more training data without 
going through manual annotation by fine-tuning the TinyPixel/Llama-
2-7B model. For this purpose, to generate synthesized training data, we 
implemented prompts as follows:

• ### Instruction: Take entity types as input and generate customer 
feedback text containing entities. Place each entity inside entity type 
tags.

• ### Input: Return_process, App_experience
• ### Response: Very easy <Return_process >return process 
</Return_process>and <App_experience>ordering</App_expe-
rience>.

The rationale for creating this prompt was to exert control over the 
generated customer feedback by specifying the desired aspects within 
the text. By doing so, we could direct the model to focus on particular 
aspects, including those that may be less frequently mentioned in the 
original data. This approach allowed us to ensure the presence of specific 
entities in the output, thereby enabling the generation of feedback that 
reflects under-represented or infrequent aspects, ultimately improving 
the model’s ability to capture a broader range of customer experiences.

In a similar approach to our method for generating synthesized an-
notated data, Frei and Kramer (2023) employed prompt engineering 
within the medical domain rather than fine-tuning LLMs. Their method 
involved tagging sentences for Named Entity Recognition (NER) tasks 
by enclosing each word associated with a specific label 𝑙 within the tags
<class=‘‘𝑙’’> and </class>. In contrast, our method tags entity names 
in the sentence and fine-tunes the LLM using the same tagging system. 
The key advantage of our approach lies in the ability to control the enti-
ties generated and tagged by the model by manipulating the input, thus 
offering greater flexibility in entity generation.

The models used in this experiment were optimized using Google 
Colab Pro, and training took about 6 hours. We generated 1400 syn-
thesized annotated data points, predominantly featuring infrequent as-
pects, of which 1206 were shown to be of good quality after manual 
inspection. This inspection took around two days. Compared to the five 
months required for manual annotation, this approach was a significant 
success.

For model training, we divided the dataset into three subsets as fol-
lows: training (2,482 samples), test (200 samples), and validation (100 
samples). We used the test set for error analysis. We conducted an error 
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Table 1 
Examples of synthesized data.
Input True Response Generated Response
Pricing, Trust Wish has great <Pricing>deals</Pric-

ing>on anything you can think of. I love 
this <Company>site</Company>.

Excellent <Pricing>price</Pricing>. 
100% I am sure. I have no doubt. I am a 
loyal customer and I would never leave 
<Trust>Zalando</Trust>.

Shipping, Prod-
uct_features

Quick <Shipping>delivery</Ship-
ping>, <Product_features>product 
</Product_features>as described.

I have received the <Ship-
ping>item</Shipping>on the date 
provided. <Product_features>Item 
</Product_features>is just as described.

Item_quality Great service and <Item_quality>prod-
ucts </Item_quality>.

Everything is good, especially <Item_qual-
ity>sneakers </Item_quality>.

Shipping, Prod-
uct_ availability

Super fast <Shipping>delivery</Ship-
ping>and wide <Product_availabil-
ity>range of products</Product_avail-
ability>.

Fast <Shipping>delivery</Ship-
ping>and a big <Product_availabil-
ity>selection of clothes</Product_avail-
ability>.

Customer _ser-
vice

Really good <Customer_service>cus-
tomer service</Customer_service>.

Always willing to help. <Customer_ser-
vice>Zalando </Customer_service>al-
ways helps when it comes to ordering and 
getting things sorted.

Information Can someone please share the <In-
formation>customer service Email ad-
dress</Information>with me? I placed 
an order on 19 March and still have not 
received anything.

<Information>Information </Informa-
tion>on the website is confusing.

Table 2 
BERTScore evaluation on test set.
 Precision  Recall  F1 Score
 0.8954  0.8959  0.8955

Table 3 
ROUGE score evaluation on test set.
 ROUGE-1  ROUGE-2  ROUGE-L  ROUGE-Lsum
 0.38  0.15  0.31  0.31

analysis on the test set to identify common areas where the model’s gen-
erated responses deviated from the true responses. Examples of model 
output are presented in Table 1, illustrating the degree of variability in 
the accuracy of aspect inclusion and general fluency. While the model 
generally succeeded in embedding the correct aspects, some nuances, 
such as phrasing and detail level, were occasionally missed.

The performance of the model was evaluated using two key met-
rics: BERTScore and ROUGE score. BERTScore was calculated based on 
the precision, recall, and F1 scores to measure the semantic similar-
ity between the generated text and the true feedback responses. The 
BERTScore results are presented in Table 2. These results indicate that 
the fine-tuned model demonstrates strong alignment with the reference 
data, effectively capturing the specified entities in the generated feed-
back.

In addition to the BERTScore, the model’s performance was further 
assessed using the ROUGE score. The ROUGE-1, ROUGE-2, and ROUGE-
L scores reflect the overlap between the generated and reference text in 
terms of n-grams and longest common subsequences. The results are 
shown in Table 3. The low ROUGE score indicates that the generated 
text is not a direct replication of the original text but is instead syn-
thetically generated with the expected aspects as input. This diversity 
in the output is crucial when the goal is to produce synthesized data, 
particularly for sensitive data tagging tasks, where the generated text 
should maintain semantic relevance without being identical to the orig-
inal. This controlled divergence is a strength of the method, as it suggests 
that the model can create diverse yet relevant outputs without overfit-

Table 4 
Comparison between reference text and synthesized text.
 Input True Response Generated Response
 Product _features Some things need to 

be at least 3 <Prod-
uct_features>sizes 
</Product_fea-
tures>bigger.

<Product_features>Size 
</Product_features>is very 
good and it was cheaper than 
other places I looked at for 
the same.

ting the original data, which is beneficial in scenarios requiring privacy 
or sensitive data generation.

In conclusion, the fine-tuned TinyPixel/Llama-2-7B model success-
fully generated synthesized customer feedback based on specified as-
pects. It achieved strong semantic similarity to the reference data yet 
was different from the original text. As shown in Table 4, although both 
the reference and generated texts are semantically similar and focus on 
the “Product Features” aspect, the generated text is still notably differ-
ent from the reference. While the reference text discusses the need for 
larger sizes, the generated text praises the product size and compares its 
price to other places. This difference in content makes the generated text 
not completely identical to the reference, highlighting its potential as a 
valuable resource for data augmentation. Moreover, the BERT Score and 
ROUGE metrics highlight the model’s ability to capture relevant entities 
in the feedback accurately.

For improving the activebus BERT_Review model performance, we 
merged the manually annotated dataset with the synthesized data, re-
sulting in a total of 3988 annotated data points as presented in Fig. 6.

BERT_Review is specifically designed to address Review Reading 
Comprehension (RRC) based on a well-known benchmark for aspect-
based sentiment analysis (Xu et al., 2019). We combined our manually 
annotated dataset with the synthesized dataset consisting of 3430 data 
points. The Fig. 6 presents the final dataset after adding the synthesized 
data. To obtain a realistic assessment of the model’s performance, we 
conducted a 5-fold cross-validation and averaged the results of the five-
fold to report the final outcome. As shown in Table 5, performance im-
proved with the addition of more training data. Subsequently, we used 
a fixed training-test evaluation split and fine-tuned the model again to 
integrate it into the final pipeline for aspect detection. As demonstrated 
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Fig. 6. Comparison of Aspect Frequencies in Synthesized, Manual, and Combined Datasets.

Table 5 
Performance comparison of BERT_Review models.
 Method  Loss-validation set  Accuracy-validation set  F1-validation set  Execution time (in seconds)
 BERT_Review_annotated_data  0.104  0.972  0.841  3077
 BERT_Review_combined_data  0.1  0.974  0.86  2,733

in Table 5, these efforts led to an improvement in the aspect detection 
model’s performance, achieving an F1 score of 86%.

However, the weak point of this model is that it cannot identify as-
pects when they are not directly mentioned in the text in the form of 
nouns or noun phrases, such as “not refunded,” due to the method used 
for data annotation and fine-tuning the model. Therefore, we used the 
union output of the fine-tuned LLM-based ABSA model, described in 
Section 6, and the BERT_Review model to return the final aspects of the 
pipeline.

5.  Pipeline stage 2: Sentiment analysis

For this task, we used our annotated SA dataset with sentiments as 
follows: Positive, Negative, and Mixed (Davoodi & Mezei, 2022). We em-
ployed a comprehensive evaluation of various machine learning models. 
We found that RoBERTa significantly outperformed the traditional mod-
els and also BERT. RoBERTa achieved an accuracy of 98.8% on the test 
set, which was higher than the 92.1% accuracy of BERT. Naïve Bayes 
and SVM models also showed strong performance, with Naïve Bayes us-
ing BOW achieving an accuracy of 91.6% and SVM with TF-IDF achiev-
ing 90.5% accuracy. However, the transformer models consistently out-
performed traditional models, both in terms of accuracy and F1 score.

One important observation made during the evaluation is that the 
transformer-based models, particularly RoBERTa, demonstrated robust-
ness across different e-commerce platforms, achieving similarly high 
performance on all datasets. This highlights the potential of transformer 

models for real-world applications in sentiment analysis. Therefore, we 
chose the best model, RoBERTa, for detecting the overall sentiment of 
the feedback in the final pipeline because RoBERTa proved to be highly 
effective for sentiment classification tasks. The superior performance 
of RoBERTa, with an accuracy exceeding 98%, demonstrates the ad-
vancement in language models for natural language processing tasks. 
The study also suggests that companies should consider using such ad-
vanced models for better customer review analysis, as manual sentiment 
classification can be prone to error when relying solely on user ratings.

6.  Pipeline stage 3: Aspect-Based sentiment analysis

For the task, we fine-tuned two different models: RoBERTa and 
TinyPixel/Llama-2-7B. The rationale behind this approach was that 
while RoBERTa is faster at running inference, it struggled to detect sen-
timents in sentences with mixed sentiments accurately. On the other 
hand, Llama-2-7B excels at detecting mixed sentiment aspects but oper-
ates more slowly. Therefore, in the final pipeline, we only used the fine-
tuned Llama-2-7B model to detect the sentiment of each aspect when the 
overall sentiment was mixed. Otherwise, we used the RoBERTa model 
for aspect sentiment detection.

6.1.  RoBERTa-Based aspect-based sentiment analysis model

To test our ABSA dataset, a range of machine learning models 
were employed and evaluated for their performance in aspect-based
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sentiment classification. These models included a Long Short-Term 
Memory (LSTM) network and four transformer-based models: BERT, 
RoBERTa, DistilBERT, and XLNet. Given the relatively small size of the 
dataset, a 4-fold cross-validation approach was adopted, with each fold 
undergoing five epochs of training. Performance metrics such as accu-
racy, F1 score, and Area Under the Curve (AUC) were tracked to assess 
model effectiveness.

The LSTM model was implemented using TensorFlow and Keras, 
while the transformer-based models leveraged respective tokenizers, in-
cluding the AutoTokenizer for BERT and the RoBERTaTokenizer for 
RoBERTa. The Adam optimizer and categorical cross-entropy loss func-
tion were applied across models, with accuracy serving as the primary 
performance metric during training and validation. Among the evalu-
ated models, RoBERTa demonstrated the highest performance, achiev-
ing an accuracy of 89.56% and an F1 score of 0.89 during cross-
validation. BERT also performed well, obtaining an F1 score of 0.84, 
though its results were slightly lower in comparison to RoBERTa, par-
ticularly in the context of the dataset’s 29 distinct sentiment categories.

Although the LSTM model achieved a higher F1 score of 0.93 and a 
validation accuracy of 90.89% in one specific fold, RoBERTa was iden-
tified as the most consistent and effective model overall for fine-grained 
sentiment classification. Its ability to generalize across various aspects 
and sentiment polarities rendered it the most suitable model for ABSA 
within the context of this study. Finally, for implementing our pipeline 
to detect the sentiment of each aspect, we used the best model with 
our annotated ABSA dataset and fine-tuned the RoBERTa model with 
a fixed splitting. The RoBERTa model was trained again using optimal 
hyperparameters, including a learning rate of 1e-07, seven epochs, and 
a dropout rate of 0.5. The dataset was divided into three subsets: train-
ing (80%), validation (12%), and test (8%). The training set was used 
to train the RoBERTa model, while the validation set was utilized to 
fine-tune and assess the model’s performance during training. The test 
set was reserved solely for conducting error analysis after the model 
had been trained. We employed the final model to detect the sentiment 
of each aspect when the overall sentiment was not mixed. The model 
achieved an F1 score of 92% on the validation data.

6.2.  LLM-Based aspect-based sentiment analysis model

The fine-tuned LLM model processes raw customer text to output de-
tected aspects, associated sentiments, and overall sentiment, combining 
aspect detection and sentiment analysis into a single step. We used this 
model for identifying mixed sentiment in ABSA as it performs better 
than RoBERTa-based model. Moreover, the ABSA LLM model’s capabil-
ity extends to detecting aspects that were not even explicitly introduced 
during training, showcasing the robustness and adaptability of the LLM-
based models.

The training process employed for this project utilized the 
TinyPixel/Llama-2-7B-bf16-sharded model with parameter-efficient 
fine-tuning (PEFT). The model was trained on a dataset containing 2782 
customer reviews. The dataset was split into three subsets as follows: 
Training (2482), Validation (200), and Test (100) sets. Fine-tuning was 
performed using the Soft Prompt Tuning (SFT) technique with quantiza-
tion, making the model more computationally efficient while preserving 
its ability to learn complex patterns. The hyperparameters used for the 
training include Learning rate, Batch size, Epochs, Gradient accumula-
tion, LoRA dropout, and LoRA parameters.

Based on our manually annotated ABSA dataset, we used the follow-
ing prompt to fine-tune a Llama model:

• ### Instruction: Take customer feedback as input and iden-
tify key aspects discussed in the feedback. Categorize these as-
pects into predefined tags as follows ’Information’, ’Product_fea-
tures’, ’Item_quality’, ’App_experience’, ’Pricing’, ’Product_availabil-
ity’, ’Payment’, ’Packaging’, ’Delivered_product_status’, ’Shipping’, 
’Return_process’, ’Refund_process’, ’Customer_service’, and ’Trust’

Table 6 
ROUGE score evaluation on test set.
 ROUGE-1  ROUGE-2  ROUGE-L  ROUGE-Lsum
 0.88  0.84  0.88  0.88

Table 7 
BERT score evaluation on test set.
 Precision  Recall  F1 Score
 0.978  0.9762  0.9772

Table 8 
The generated sentiments and aspects by the model on the test set.
Input True Response Generated Response
They sent a totally 
different item, not 
what I ordered. Had 
to return everything.

Delivered_product 
_status: Negative

Delivered_product _sta-
tus: Negative

Oh so late! Shipping: Negative Shipping: Negative
You do not always 
get what you thought

Product_features: 
Negative

Delivered_product 
_status: Negative, Prod-
uct_features: Negative

• ### Input: Excellent and well organized. I will recommend this site 
to everyone.

• ### Response: Trust: Positive

After training, the model was evaluated on the test set (100 exam-
ples). The performance of the model was evaluated using two key met-
rics: ROUGE and BERT scores.

As shown in Table 6, the ROUGE scores represent the performance 
of the model in terms of n-gram overlap between the generated re-
sponses and the true responses. ROUGE-1 measures the overlap of uni-
grams (single words), ROUGE-2 measures the overlap of bigrams (pairs 
of consecutive words), and ROUGE-L focuses on the longest common 
subsequence between the two texts. The high values across all ROUGE 
scores indicate that the model produces highly accurate summaries that 
are close to the ground truth. Moreover, the high ROUGE-1, ROUGE-2, 
and ROUGE-L scores demonstrate that the model performs exception-
ally well in generating aspect-based sentiment annotations that overlap 
significantly with the ground truth. The near-perfect scores (above 0.88 
for all ROUGE metrics) indicate the model’s robust ability to extract the 
correct aspects and sentiments from customer feedback.

As presented in Table 7, the BERT score evaluates the semantic sim-
ilarity between the generated text of the model and the true reference. 
The high BERT scores demonstrate that the model captures not only the 
surface-level similarities but also the underlying meaning of the feed-
back and its corresponding aspect-based sentiments. This is particularly 
valuable for ensuring that the sentiment analysis task is not just syntacti-
cally but also semantically accurate. In other words, with a near-perfect 
F1 score of 0.977, the model accurately understands the exact mean-
ings in customer feedback and responds with highly relevant aspect-
based sentiment annotations. High precision and recall further suggest 
that the model outputs highly relevant predictions and captures a wide 
range of correct aspect-sentiment pairs.

Table 8 shows some examples generated by the model and the True 
answer annotated by the author. Inference results on the test set further 
corroborate the model’s strong performance. For instance, when given 
input feedback like “I am so pissed right now at SHEIN” the model cor-
rectly identifies the ’Trust’ as Negative, matching the true response.

As presented in Table 9, alongside BERT and ROUGE, we computed 
the F1 score and accuracy at both the overall level on the test set and 
separately for each aspect.

The performance of the fine-tuned model for the ABSA task shows a 
strong overall result. This indicates that the model is relatively effective 
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Table 9 
Overall performance for Aspect 
and Sentiment analysis.
 Metric  Aspect  Sentiment
 F1 Score  0.89  0.91
 Accuracy  0.88  0.90

at identifying the correct aspects from user feedback, although there is 
room for improvement in distinguishing some categories. On the senti-
ment side, the model performs slightly better, with an overall sentiment 
F1 score of 0.91 and an accuracy of 0.90. This suggests that the model 
is more adept at correctly classifying sentiment polarity (positive, neg-
ative) within feedback, which is essential for strong analysis in ABSA 
tasks.

In conclusion, the model, trained on customer feedback for aspect-
based sentiment analysis, performed exceptionally well, as indicated by 
the high ROUGE and BERT scores. Its ability to generate responses with 
strong semantic and syntactic overlap with true annotations demon-
strates its suitability for real-world applications in sentiment analysis 
tasks, particularly in categorizing and analysing customer feedback. 
Moreover, the model demonstrates an impressive ability to detect as-
pects that are not explicitly mentioned in the text through nouns and 
noun phrases, such as in the sentence “easy to use but takes long to 
come.” This capability significantly enhances the model’s performance 
in ABSA and aspect detection tasks, making it more robust and versatile 
in identifying implicit aspects.

7.  Final pipeline for feedback analysis automation

Despite the increasing importance of customer feedback analysis in 
e-commerce, few comprehensive pipelines have been proposed to ad-
dress the specific challenges of ABSA in the e-commerce domain. While 
some studies focus on individual components like aspect detection or 
sentiment analysis, the development of a fully integrated system that 
captures both explicit and implicit aspects and handles mixed sentiments 
remains limited in the literature. Our proposed pipeline could empower 
businesses to understand customer opinions better, enhance product of-
ferings, and improve overall customer satisfaction, making it a critical 
advancement in the field of e-commerce analytics.

7.1.  Existing solutions and their drawbacks

The PyABSA framework is an open-source, modular tool designed 
for ABSA, supporting tasks such as ATE and ASC (Yang et al., 2023). It 
integrates a variety of pre-built datasets, provides data augmentation 
tools, and supports multilingual modelling. The framework is highly 
customizable, allowing users to add models and datasets, and it sim-
plifies training and inference with minimal code. It also includes a Met-
ric Visualizer to track and visualize model performance metrics auto-
matically. However, a key weakness of PyABSA lies in its dependence 
on pre-existing datasets, which may lead to performance volatility in 
domain-specific applications. Additionally, while multilingual, its per-
formance may vary across languages, especially those with less training 
data. Further, complex sentiment nuances can still pose challenges for 
the framework (Yang & Li, 2022).

Lakatos et al. (2024) presents a machine learning-driven pipeline 
designed to extract insights from customer reviews in e-commerce. The 
pipeline integrates various natural language processing techniques, in-
cluding vector embedding-based keyword extraction, clustering, and 
sentiment analysis. Initially, the text data undergoes preprocessing to 
remove irrelevant elements, followed by keyword/keyphrase extraction 
using a combination of N-gram, dependency parsing, and embedding-
based methods like SBERT (Sentence-BERT). The extracted key phrases 
are then grouped using recursive hierarchical clustering to identify rele-
vant topics. Sentiment analysis is conducted using a modified BERT+R 

model with a regression layer to predict sentiment on a granular scale. 
The recursive clustering approach further enhances topic detection by 
reapplying clustering methods until optimal results are achieved. How-
ever, the model’s performance heavily relies on the quality of embed-
dings and is computationally demanding when applied to large datasets.

Maalej et al. (2025) outlines a machine learning and NLP-based 
pipeline to process large volumes of user feedback efficiently. The 
pipeline involves multiple stages, including feedback collection, pre-
processing (sentiment analysis, quality assessment), classification (e.g., 
bug reports, feature requests), and clustering for topic identification. It 
also includes summarization techniques to extract actionable insights 
and match feedback to development artifacts, like issue trackers. The 
model utilizes transformers such as BERT for classification in combi-
nation with clustering, with the summarization improved using LLMs. 
Despite advancements, challenges remain in accurately clustering and 
summarizing feedback due to its informal and complex nature, often 
requiring human intervention.

7.2.  The proposed pipeline

To address the need for an automated system for customer feed-
back analysis in the e-commerce sector, we propose a comprehensive 
machine-learning pipeline. While the mentioned previous works in e-
commerce often focus on either aspect extraction or sentiment anal-
ysis, we integrated LLMs, BERT, and RoBERTa models into a unified 
pipeline. Moreover, earlier studies, such as Modi et al. (2011), proposed 
a socially inspired framework for combining multiple inference algo-
rithms or ’experts’ through opinion aggregation principles to improve 
decision accuracy in human state inference. The idea that each model 
contributes partial expertise parallels our current study’s design philos-
ophy. However, unlike the rule-based expert integration in Modi et al.’s 
framework, our pipeline integrates transformer-based models in a se-
quential and data-driven manner, where each model’s output feeds into 
the next to enable automated, large-scale text understanding across mul-
tiple e-commerce dimensions. The purpose of this pipeline is to provide 
businesses with granular and macro-level insights into customer opin-
ions, thus enabling more informed decision-making and targeted im-
provements. This pipeline covers multiple layers of feedback analysis, 
from aspect detection to granular sentiment analysis, and even includes 
models for handling mixed sentiments. This level of integration offers 
a more nuanced understanding of feedback compared to pipelines that 
focus on either aspect detection or sentiment analysis in isolation. The 
pipeline comprises several key components:

1. LLM Model for Generating Augmented Annotated Feedback: The 
fine-tuned LLM generates annotated customer feedback, including 
the identification of various aspects within the text. The output 
serves as a synthetic dataset for training and testing purposes, im-
proving the performance of downstream models. This approach ad-
dresses the data scarcity challenge, especially in less frequent aspects 
such as “Packaging” or “Information,” which harm the performance 
of the machine learning models.

2. BERT-Based Aspect Detection Model: The BERT_Review model is uti-
lized for identifying specific aspects of customer feedback. Using a 
deep contextual understanding of BERT, this model accurately de-
tects various dimensions of customer experiences, such as product 
quality, delivery, or service-related aspects. Even though this model 
performs fast and has the ability to detect a wide range of aspects in 
the text, but has difficulty detecting implicit aspects. Therefore, we 
combined the aspects detected by this model with aspects detected 
by the fine-tuned ABSA LLM model, and we reported the union of 
the two models as the final set of aspects. The combination of BERT 
for explicit aspect detection and the fine-tuned LLM for implicit as-
pect detection helps overcome the limitations of previous models 
that struggled with implicit aspects. By leveraging both models and 
reporting their union, our pipeline ensures a more comprehensive 
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Table 10 
Number of misclassification in final pipeline.

 Aspect  Total number  Number of misclassification
 1  Payment  251  99
 2  Return_process  594  24
 3  Refund_process  628  32
 4  Delivered_product_status  701  89
 5  Information  710  137
 6  Packaging  804  103
 7  Product_availability  954  175
 8  Customer_service  1014  45
 9  Product_features  1046  80
 10  Pricing  1215  73
 11  Item_quality  1510  79
 12  App_experience  2187  237
 13  Trust  3431  79

aspect detection, addressing a common gap in the literature where 
implicit aspects are often overlooked.

3. RoBERTa-Based Aspect-Based Sentiment Analysis (ABSA) Model: 
This model focuses on identifying the sentiment associated with each 
aspect of customer feedback. It offers an enhanced sentiment classi-
fication that allows for differentiating between positive, negative, or 
neutral sentiments tied to specific aspects. However, this model has 
difficulty detecting the mixed sentiment correctly, there for when 
the overall sentiment of the sentence is mixed, we used the fine-
tuned LLM ABSA model for identifying the sentiments. A key ad-
vancement is the inclusion of the fine-tuned LLM-based ABSA model, 
which surpasses traditional models like RoBERTa in handling mixed 
sentiments. This is crucial in e-commerce feedback, where customer 
reviews often express both positive and negative sentiments in the 
same entry.

4. LLM-Based ABSA Model: This model integrates aspect detection and 
sentiment analysis in one step. The LLM is fine-tuned to process raw 
customer feedback and extract aspects, their associated sentiments, 
as well as the overall sentiment of the feedback. Notably, this model 
performs well in detecting mixed sentiments, surpassing the perfor-
mance of the RoBERTa-based ABSA model in handling complex feed-
back.

5. RoBERTa-Based Model for Overall Sentiment Detection: Designed to 
assess the overall sentiment of customer feedback, this model ag-

Fig. 7. A screenshot of the implementation of the pipeline with an example review.

gregates the sentiment data from individual aspects and generates a 
holistic sentiment label, helping businesses to gauge customer satis-
faction at a glance.

The final pipeline aims to facilitate the identification of dissatis-
faction or churn factors, ultimately accelerating managerial decision-
making. For instance, in a feedback like, “Even though I like their va-
riety of brands and prices, I won’t shop here again because of the late 
shipping”, the pipeline would analyze the feedback and generate the fol-
lowing aspects and associated sentiments: Trust - Negative; Shipping - 
Negative; Product Availability - Positive; Pricing - Positive; Overall Sen-
timent - Mixed. This pipeline ensures a detailed and automated under-
standing of customer feedback, providing actionable insights that busi-
nesses can use to refine their offerings, address pain points, and enhance 
overall customer satisfaction.

For a final test of the pipeline, we scraped 100,745 reviews from 
Trustpilot. We used the pipeline to predict the aspects and their associ-
ated aspects. We deleted the rows whose aspects were not detected, the 
final size of the dataset after cleaning is 100,650. To check the perfor-
mance of the pipeline, we randomly selected 3431 data points for man-
ual inspection, assuring that the infrequent aspects such as Information 
and Packaging are present in the pipeline. In Table 10, we present the 
number of misclassifications in each aspect. We have also implemented 
a pipeline as an application for testing purposes; a screenshot of the 
basic interface is presented in Fig. 7.

When comparing the pipeline’s performance against the original an-
notated dataset, it becomes evident that the model performs well on 
frequent aspects such as “Trust,” “App Experience,” and “Customer Ser-
vice,” showing low misclassification rates (e.g., Trust: 2.3%, App Ex-
perience: 10.8%). Infrequent aspects like “Packaging” and “Product 
Availability,” while more challenging for the model, still displayed ac-
ceptable performance, though with higher misclassification rates (e.g., 
Packaging: 12.8%, Product Availability: 18.3%). This indicates that 
while the pipeline can detect less frequent aspects, there is room for 
further refinement, particularly in improving accuracy for these under-
represented categories. Overall, the pipeline demonstrates robust perfor-
mance across the dataset, effectively balancing the detection of frequent 
and infrequent aspects and providing reliable insights for both granular 
and macro-level customer feedback analysis.

Moreover, in addition to the 14 original aspects presented to the 
model during the fine-tuning process, the pipeline also demonstrated 
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Table 11 
Comparison between PyABSA and the proposed pipeline.
Sentence PyABSA output Proposed pipeline output
The price was high but the loca-
tion is great.

price: Negative; location: Positive Pricing: Positive; App_experi-
ence/Location: Positive; Overall: 
Mixed

easy checkout, but bad customer 
service.

checkout: Positive; customer service: 
Negative

App_experience: Positive; Cus-
tomer_service: Negative; Overall: 
Mixed

not refunded. refunded: Negative Refund_process: Negative; Overall: 
Negative

terrible waiting time but good 
quality.

waiting time: Negative; quality: Pos-
itive

Shipping: Negative; Item_quality: 
Positive; Overall: Mixed

came late, but well packed. (no output or missing aspect) Packaging: Positive; Shipping: Nega-
tive; Overall: Mixed

can find everything, but late dis-
patch.

dispatch: Negative Product_availability: Positive; Ship-
ping: Negative; Overall: Mixed

good collection but bad shipping. shipping: Positive Product_availability: Positive; Ship-
ping: Negative; Overall: Mixed

No answer. answer: Negative Customer_service: Negative; Overall: 
Negative

I ordered a pair of boots online 
and they arrived well within the 
timescale . I was very pleased with 
them and would definitely use Za-
lando again . The price was very 
reasonable and the packaging was 
very smart and discreet .

price: Positive; packaging: Positive Shipping: Positive; Item_quality: Pos-
itive; Pricing: Positive; Trust: Pos-
itive; Packaging: Positive; Overall: 
Positive

the ability to detect various random aspects that were not explicitly 
part of the training set. These aspects included terms such as ’Communi-
cation,’ ’App,’ ’Search,’ ’Email,’ ’Filters,’ ’Deal,’ ’Inventory,’ ’Claim_han-
dling,’ ’Marketing,’ ’Input_error,’ ’Quality_control,’ ’Discount,’ ’Track-
ing,’ ’Guarantee,’ ’Advertisement,’ ’Privacy,’ and others. While this 
showcases the versatility and powerful aspect-detection capabilities 
of the LLM models, these additional aspects appeared sporadically 
throughout the dataset without showing any discernible pattern.

The appearance of these random aspects suggests that the model is 
highly sensitive to subtle and specific feedback, even detecting aspects 
that were not intended to be a focus during the fine-tuning process. 
However, the lack of consistency in these emergent aspects highlights 
the need for further model refinement to better filter or consolidate less 
relevant or one-off detections, ensuring that the pipeline focuses on ac-
tionable insights rather than generating noise in the form of isolated, 
infrequent aspects.

Moreover, to assess the practical value of the proposed pipeline be-
yond architectural description, we conducted a side-by-side comparison 
against a widely used open-source baseline PyABSA (Yang et al., 2023). 
Both systems were executed on a curated set of short review-like sen-
tences designed to stress common ABSA phenomena. We observed that 
the PyABSA baseline returns aspect terms with a single polarity per term; 
our pipeline (i) jointly identifies multiple aspects, (ii) assigns aspect-
level polarities while also producing an overall judgment when the sen-
tence contains conflicting cues, and (iii) maps raw aspects to a manage-
rial taxonomy (e.g., Shipping, Customer_service, Pricing, Packaging), 
which allows immediate aggregation for decision support. Across the 
examples, our proposed pipeline yields higher aspect coverage, demon-
strates greater polarity robustness under conjunctions and negations, 
and handles very short complaints (with implicit aspects) such as “not 
refunded” or “not responded”, for which PyABSA often returns a sin-
gle aspect without an overall assessment. Representative outputs are 
reported in Table 11. Taken together, these observations support the 
design choice of a multi-aspect, taxonomy-aware pipeline aimed at man-
agerial use, rather than a single-model ABSA baseline optimised primar-
ily for token-level extraction. We also acknowledge that our proposed 

pipeline is designed and tuned for customer-service contexts in online 
retail (e.g., shipping, delivery, returns, customer service, pricing, pack-
aging). In this domain, the ontology and training data yield high aspect 
coverage and stable polarity assignment. Outside this context, such as 
restaurant or venue reviews, performance may degrade because certain 
aspects are out of distribution relative to the training set. For exam-
ple, in the sentence “The food menu was very diverse but the parking 
was tight,” the system incorrectly mapped parking to App_experience 
rather than a logistics-style access/venue category. This error reflects a 
domain shift rather than a systematic flaw in the labeling logic, as the 
training corpus contains many e-commerce app and website mentions. 
In practice, we therefore recommend deploying the pipeline within on-
line shopping customer service-related settings.

7.3.  Interactions among pipeline components and comparative evaluation

To clarify how the different components of the proposed pipeline 
interact, Table 12 summarizes their connections, roles, and compara-
tive advantages. Rather than multiple independent pipelines, the sys-
tem consists of one unified end-to-end pipeline composed of sev-
eral complementary sub-modules. The LLM-based synthetic data gen-
erator supports both the Aspect Detection and ABSA components 
by increasing data diversity. The Aspect Detection module (BERT-
based) identifies explicit aspects, while the ABSA module (RoBERTa 
+ LLM) links those aspects to sentiment polarity, and the final Sen-
timent module aggregates all results into a holistic trust-satisfaction
measure.

These components operate sequentially and complementarily: syn-
thetic data generation improves training robustness; BERT ensures high-
precision explicit aspect tagging; the LLM handles implicit aspects and 
mixed emotions; and RoBERTa enables scalable sentiment classifica-
tion. Their integration reduces error propagation between subtasks and 
balances accuracy, interpretability, and computational efficiency, pro-
viding a coherent, explainable workflow rather than several isolated 
pipelines.
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Table 12 
Interactions among pipeline components and comparative evaluation.
Component Input Output Role / Connection Key Advantages Limitations

Synthetic Data 
Generation (LLM)

Raw customer feedback Synthesized, annotated 
customer feedback

Augments training data 
for Aspect Detection and 
ABSA; improves 
coverage of rare aspects 
and phrasing variants

Reduces manual labeling 
effort and increases data 
diversity

Requires quality control; 
risk of distribution drift 
for low-frequency 
aspects

Aspect Detection (BERT) Cleaned raw customer 
reviews

Explicit aspect terms or 
phrases

Feeds high-precision 
aspect spans to ABSA 
modules 
(RoBERTa/LLM)

High precision for 
explicit aspects; efficient 
inference

May miss implicit or 
context-dependent 
aspects

Aspect Detection (LLM) Raw customer reviews Implicit and inferred 
aspects

Complements BERT; 
union of BERT and LLM 
outputs maximizes recall

Captures non-lexical or 
implicit aspects and 
complex phrasing

Higher computational 
cost; slower inference; 
variable outputs

ABSA (RoBERTa) Aspect-review pairs or 
sentences

Sentiment per aspect 
(polarity)

Default ABSA stage when 
text is not highly mixed; 
consumes BERT/LLM 
aspect spans

Fast, scalable, and stable 
sentiment classification

Degrades in mixed or 
complex reviews

ABSA (LLM) Raw text (with or 
without aspects)

Aspect-sentiment tuples Fallback or parallel ABSA 
for mixed or ambiguous 
reviews; reconciled with 
RoBERTa outputs

Handles contradictions 
and long-range context; 
recovers missed pairs

Slower and more 
resource-intensive; 
requires prompt 
optimization

Overall Sentiment 
(RoBERTa)

Aspect-level sentiments 
or full review

Aggregated overall 
sentiment

Aggregates sentiment for 
dashboard KPIs and trust 
indicators.

Provides a robust 
managerial signal.

problem with 
mixed/contradicted 
sentiments

8.  Discussion and conclusions

This study presents a comprehensive machine learning pipeline for 
automated customer feedback analysis in e-commerce, addressing key 
challenges in aspect detection and sentiment classification. By integrat-
ing pre-trained transformer models with fine-tuned large language mod-
els and synthetic data augmentation, the proposed approach improves 
both accuracy and scalability. The results demonstrate that a multi-
model approach, rather than relying on a single model, provides a more 
robust method for analysing customer feedback, particularly in detect-
ing implicit aspects and mixed sentiments, which traditional models of-
ten struggle to handle.

One of the most important findings is the superior performance of the 
fine-tuned LLM-based model in ABSA tasks. The model effectively iden-
tifies aspects that are not explicitly mentioned in the text, such as issues 
related to refunds, service reliability, and delivery experiences. This sug-
gests that LLMs offer a deeper contextual understanding of customer sen-
timent compared to traditional transformer-based models, which tend 
to perform better in explicit aspect detection but fail to capture nu-
anced sentiment shifts within a single review. The hybrid approach im-
proves coverage and minimizes misclassification of aspects, particularly 
in under-represented categories.

Another notable contribution is the ability to generate synthetic an-
notated feedback to supplement manually labelled datasets. The use of 
fine-tuned LLMs for data augmentation addresses the challenge of imbal-
anced aspect representation, which was previously difficult for models 
to classify due to insufficient training data. The inclusion of this syn-
thetic data resulted in a more balanced dataset, reducing bias in aspect 
detection and improving the pipeline’s generalization to real-world cus-
tomer feedback.

Specifically, regarding our first RQ concerning the integration of 
transformer-based and large language models in a unified pipeline, 
we demonstrated that integrating transformer-based models (BERT and 
RoBERTa) with fine-tuned large language models (Llama-2-7B) signifi-
cantly improves the automation and depth of customer feedback anal-
ysis. The combined architecture allows explicit aspects to be detected 
efficiently through BERT, while implicit and mixed sentiments are cap-
tured through the LLM-based ABSA model. By merging their outputs and 
incorporating synthetic, LLM-generated annotated data, the pipeline 

achieves high accuracy and broad coverage of both frequent and infre-
quent aspects. The modular design also enhances explainability, as each 
component’s role, aspect detection, aspect-level sentiment analysis, and 
overall sentiment aggregation, remains transparent and interpretable.

As for the second RQ, regarding the effect of multi-model archi-
tecture, our results confirm that the proposed multi-model approach 
outperforms single-model and traditional data-mining methods in accu-
racy, interpretability, and scalability. Compared with single models, the 
pipeline shows improved robustness in detecting implicit aspects, mixed 
sentiments, and low-frequency categories. It also generalizes well to un-
seen data, correctly identifying relevant aspects beyond those explicitly 
included in the training set. Moreover, the layered structure enables ef-
ficient scaling and provides interpretable outputs that can be directly 
aggregated for managerial decision-making. The side-by-side compari-
son with the PyABSA baseline further supports the pipeline’s superiority 
in aspect coverage and polarity consistency, validating the effectiveness 
of a multi-model architecture for large-scale, domain-specific feedback 
analysis in e-commerce.

8.1.  Contributions

From an academic perspective, this study contributes to the ongo-
ing research in aspect-based sentiment analysis by demonstrating how 
a multi-model framework can overcome common limitations in exist-
ing approaches. Previous research has primarily relied on single-model 
architectures, which often struggle with mixed sentiment detection and 
fail to generalize well across different e-commerce domains. By imple-
menting a pipeline that integrates multiple models and synthetic data, 
this study provides a scalable and adaptable solution applicable beyond 
the e-commerce sector to other domains where feedback analysis is cru-
cial, such as healthcare and finance. Additionally, the study demon-
strates how fine-tuning LLMs with structured prompts can significantly 
enhance aspect extraction and sentiment classification, which remains 
an area of active research in natural language processing.

The findings also have practical implications for businesses and e-
commerce platforms that rely on customer feedback for decision-making 
and service optimization. The automated feedback analysis pipeline 
enables businesses to extract actionable insights at both granular and 
macro levels, providing a data-driven approach to improving customer 
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experience. Companies can quickly identify common pain points, such 
as delayed shipping or product quality concerns, and take proactive 
measures to enhance service offerings. By incorporating real-time feed-
back processing, businesses can improve customer retention by address-
ing issues before they escalate into widespread dissatisfaction. More-
over, the ability to detect mixed sentiments allows for a more nuanced 
understanding of customer experiences rather than simply classifying 
feedback as positive or negative.

8.2.  Limitations

While the pipeline demonstrates strong performance across multiple 
aspects, there are certain limitations. The misclassification rates for in-
frequent aspects indicate that even with synthetic data augmentation, 
some categories require further refinement. The detection of rare or am-
biguous aspects, such as “Privacy”, suggests that LLMs can identify new 
aspects beyond the predefined categories, but these aspects appear in-
consistently, making it challenging to derive structured insights. Future 
work could explore reinforcement learning techniques to refine aspect 
classification and improve the interpretability of aspect detection mod-
els.

Another challenge lies in computational efficiency. While fine-tuned 
LLMs outperform other models in detecting implicit aspects and mixed 
sentiments, their inference speed can be somewhat slower. Optimiz-
ing the trade-off between computational cost and performance remains 
a key area for improvement, particularly for deploying this pipeline 
in real-time applications. Future research could investigate the use 
of parameter-efficient fine-tuning methods to maintain high accuracy 
while reducing model complexity.
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