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Abstract. With the tremendous increase in product alternatives these days, many
businesses rely heavily on recommender systems to limit the number of options
they display to their customers on the front end. Many companies use the col-
laborative filtering algorithm and provide suggestions based on other consumers’
choices, like the active user. However, this approach faces a cold start problem
and is not suitable for one-time transactions. Thus, this research aims to create a
recommender system that uses online customer reviews in the loT framework to
match the attributes of a product important to the shopper. The algorithm makes
recommendations by firstidentifying the product’s features essential to a customer.
It then performs aspect-based sentiment analysis to identify those features in cus-
tomer reviews and give them a sentiment score. Each customer review is weighted
based on its creditably. As the impact of the recommender systems varies with the
product type, an experimental study will be carried out to study the effect of the
proposed algorithm differs with hedonic and utilitarian products.

Keywords: Aspect-based sentiment analysis - Recommender systems - Product
reviews - Review characteristics - Hedonic product - Utilitarian product

1 Introduction

Due to the current COVID-19 pandemic, lockdown and social distancing laws have
pushed a substantial portion of economic activity online. A report by Australian Post
showed that in the year 2020, online sales increased up to 57%, with 1.36 million
Australians purchasing online for the first time. The emergence of eCommerce as a
primary mode of shopping has increased consumers’ dependence on product reviews
to supplement their knowledge of the product or service being sold (Gao et al. 2022).
Several studies have confirmed the importance of customer review on the purchase
intention (Jalilvand and Samiei 2012).
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These reviews are often in an unstructured textual format, explaining consumers’
opinions on different aspects of products based on their own experience (Hussain and
Merigé 2022). It offers fine-grained sentiment preferences of various facets of a single
object that cannot be extracted from average ratings (Zhang et al. 2015). However, they
are in a massive volume making it impossible for an average human reader to monitor and
comprehend consumer feedback to find the right product that fits the user’s preference.
An automated sentiment analysis approach could be used to find what the previous
customers have written about the features that the active user is looking for to overcome
this issue.

Sentiment analysis uses Natural Language Possessing (NLP) and text analytics to
extract attributes and components of the item to assess the polarity of consumers’ com-
ments (positive, negative, or neutral). Sentiment analysis is divided into three levels,
document, sentence, and aspect. However, sentence and document level consider only
one topic is expressed in the text, which is not always the case. For example, the sen-
tence “I love all the shades of this eyeshadow palette although I think the pigmentation
can be improved.” However, it sounds positive, but we cannot evaluate the sentence
to be entirely positive as the sentence is optimistic about the palette’s shades but pes-
simistic about the pigmentation of the shades. Aspect based sentiment analysis can help
to address the problem. The technique analyzes the user review by categorizing it by
aspect and identifying the sentiment associated with them.

Sentiments associated with aspects of the product, unstructured data is converted to
structured data, which can be used for qualitative and quantitative assessments.

Nevertheless, the content of the review is not the only variable that influences
customers’ purchase intention. Several studies have demonstrated how features such
as review recency, quality, length, platform, and reviewer characteristics impact the
consumer decision-making process (Jia and Lu 2018; Shah and Jha 2021).

The goal of the RS is to filter, prioritize, and effectively deliver personalized content
to the user using techniques such as machine learning (Shoja and Tabrizi 2019). Many
studies have found that recommender systems significantly affect buyer choice and
lead to increased purchase volume. Different organizations use different algorithms to
search through a vast amount of dynamically generated data to provide consumers,
products that might interest them. Howeyver, the collaborative filtering technique is the
most successful algorithm (Osman et al. 2019), which generates suggestions based on
inter-user comparisons by locating other users who have seen or bought similar products
to the user (Hosanagar and Lee 2015; Hussain et al. 2017a; Hussain et al. 2017b). While
collaborative filtering is the most promising recommendation technique, its use in e-
commerce has revealed well-known shortcomings, sparsity, and cold start (Chen et al.
2015). These problems are caused when customer ratings are insufficient in number to
identify similarities in customer interest.

To overcome the sparsity problem, researchers have suggested using the valuable
information from customer feedback to improve the performance of the current RS (Chen
et al. 2015; Osman et al. 2019). They believe that the rich information embedded in the
reviews can enhance the overall recommendation quality. Thus, having a more significant
impact on the customer’s decision-making process. Nonetheless, many studies have
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shown that the product’s attribute (Utilitarian vs. Hedonic) moderates the impact of the
recommender system (Lee and Hosanagar 2016).

By considering the importance of product attributes in the recommender systems, in
this research, we will study the impact of RS developed using the output of aspect-based
sentiment analysis on customer feedback and other characteristics of product reviews
on purchase intentions. We also aim to investigate how the effect of user review-based
recommender systems varies with different product types, such as utilitarian vs. hedonic.

2 Background and Relevant Work

In this section we will discuss the literature that is related to the framework. The section
has been divided into seven sub-sections:

— Electronic word of mouth

Sentiment analysis

— Characteristics of review

Recommender systems

Applications of recommender systems in [oT

— Utilitarian and hedonic product selection

Recommender based on Sentiment Analysis and Review Characteristic.

A comparative analysis of all approaches are presented at the end of the section to
analyze and compare all approaches based on different parameters. The discussion of
each approaches are discussed as follows:

2.1 Electronic Word of Mouth

The emergence of social and eCommerce media has promoted consumers to share their
experiences of specific products or services. These electronic words of mouth (eWOM)
have become an integral part of eCommerce. They significantly impact the potential
consumer’s attitude and behaviour towards the product and other information on the
website. Unlike traditional word of mouth (WOM), they are not restricted to the inner
consumer circle but target a wider audience. Electronic WOM may be thought of as a
social marketing and promotion tool that boosts retailers’ knowledge-sharing practices
at no expense.

Numerous studies have studied the importance of eWOM in eCommerce and its
effect on purchase intention and sales. For instance, Hussain et al. in 2017 found that
eWOM tends to reduce perceived risk. According to Jalilvand and Samiei (2012), e-
WOM is one of the most potent factors affecting brand image and purchasing intention
in the automobile industry. A study by Baber et al. in 2016 showed the effect of online
word-of-mouth by a reliable and knowledgeable source on the buying intentions of the
recipient is influenced by purchasing attitude. Similarly, another study in 2019 revealed
that positive sentiment has a significant impact on sales. When investigating the impact
on performance, sales of tablets vary with sentiments expressed in the review and their
study (Li et al. 2019).



224 A. Tahira et al.

2.2 Sentiment Analysis

Sentiment Analysis (SA) uses Natural Language Processing technique to detect and
extract sentiment from textual data (Hussain et al. 2022). Its application has expanded
to nearly every possible domain, from consumer goods, utilities, hospitals, and financial
services to social events and political campaigns. A system was proposed with an accu-
racy of 90% that utilized SA on product reviews to classify the comments into different
categories, good or bad (Grabner et al. 2012).

Sentiment Analysis is studied at three levels: Document, Sentence, and Aspect.
Document-level and sentence level determine that each document or sentence respec-
tively expresses opinion for a single entity. However, this is not always the case. Aspect-
based sentiment analysis techniques consist of two steps: aspect extraction and sentiment
classification.

Many studies have previously highlighted that implementing aspect-based sentiment
analysis (ABSA) on customer reviews is an effective technique to understand people’s
preferences about the product. Another study used SA to analyze movie reviews on
discussion boards to identify different sentiments associated with movies, such as cast,
story, director. (Thet et al. 2010).

2.3 Characteristics of Review

Different product review characteristics have a different impact on purchase intention.
Features such as time of review, content related to product durability and quality (Zhang
et al. 2011), reviewer’s profile picture, characteristics, and reputation (Xu 2014) and
valence of review, conflicting rating, and product-related attributes (Qiu et al. 2012)
affect review credibility. Alkalbani et al. (Alkalbani and Hussain 2021; Alkalbani et al.
2019) proposed Harvesting as a Service (HaaS) crawler that intelligently extract real
time consumer reviews from the internet and make it available in different format.

An experimental study by Qiu et al. in 2012 showed how positive reviews have
a more significant impact on purchase decisions than negative reviews. The result of
this study was confirmed by another experimental study by Jia and Lu in 2018. Thus,
customer feedback characteristics and content can be used in a Recommender System
(RS) to produce good quality recommendations (Chen et al. 2015; Osman et al. 2019).

2.4 Recommender System

A recommender system is a decision-making strategy; it alleviates information overload
by suggesting a list of items that may interest a particular user. They are employed in
various websites such as Netflix, YouTube, and Spotify, to provide video and music
recommendations; Amazon and Alibaba to suggest a product to buy; Yahoo and Google
news to help users decide what to read. In 2014, Hong and Pavlou found that simple
acts of recommendation can reduce the perceived risk of buying online and increase
purchase probability. Recommenders work by lowering product uncertainty and search
cost barriers, as they might hinder purchase decisions Hussain et al. 2022. Literature by
Gao et al. 2022 indicated, when a recommender proposes a product, it provides a social



Review-Based Recommender System for Hedonic and Utilitarian Products 225

presence by saying ‘people like you preferred X,” which positively impacts purchase
intention.

Recommenders are built using various filtering techniques; each differs from iden-
tifying similarities between consumers and objects to identifying well-matched pairs
(Osman et al. 2019). These techniques are divided into three categories collaborative
filtering, content-based filtering, or hybrid filtering. The collaborative filtering approach
is the most successful and commonly implemented. It suggests things by finding other
people with similar tastes to the active user and relying on their recommendations. In
contrast to collaborative filtering, content-based filtering uses similarities in features of
the product to make recommendations. However, the effectiveness of both algorithms
is limited when insufficient rating information is available to identify similarities in
consumer interest or when a user has little historical data (Chen et al. 2015). The most
common type elevates the strengths of collaborative and content-based filtering by merg-
ing the results obtained from both types of filtering and presenting a recommendation
list. However, these algorithms fail to respond to the disparity of user context, continu-
ously changing user preferences and delivering cross-domain suggestions (Hussain et al.
2018; Hussain et al. 2021a; Hussain et al. 2021b; Hussain et al. 2022).

2.5 Application of Recommender System in IoT

The Internet of Things (IoT) is a new paradigm that envisions a networked infrastructure
that allows various devices to communicate with one another at any time and from any
location. (Kiraly et al. 2019). It generates diverse artifacts such as services and appli-
cations making it difficult for consumers to identify the most relevant ones. Therefore,
recommender systems are crucial components of IoT solutions (Cui et al. 2020; Kiraly
et al. 2019), making finding relevant applications and services easier.

Examples of recommendations in IoT scenarios include installing apps, relevant data
transfer to be deployed and hardware, and software components to complete specific
tasks on a gateway. Some domain-specific examples in this context include food sug-
gestions, customized shopping, health and animal monitoring, and smart homes (Kiraly
et al. 2019). However, there are some challenges in using traditional recommendation
systems in the IoT arena. The data in the IoT service system is enormous, complicated,
and growing (Hussain and Sohaib 2019). Thus, it requires users to go through a lot
of unnecessary information, leaving them exhausted and unsatisfied. Another issue is
that users’ interest varies with time. Traditional recommendation systems presume that
users’ interests remain constant, neglecting the intrinsic relationship between time and
user choice. Therefore, it is important to design a personalized recommendation system
that considers user preferences’ real-time patterns and manages big data reliably and
efficiently (Cui et al. 2020).

2.6 Utilitarian vs Hedonic

A product is often classified as utilitarian or hedonic. Hedonic products are fun, entertain-
ing, and enjoyable, whereas utilitarian products are goal-oriented, helpful, functional,
and essential. Furthermore, when looking for these items in an e-store, utilitarian prod-
ucts have quantitative characteristics such as memory capacity or screen resolution. In
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contrast, hedonic products have subjective attributes, such as fragrance or taste. As a
result, when looking for a utilitarian product, the consumer is focused on the goal they
hope to achieve with the product, so consumers are more concerned with the possibil-
ity of the product failing to meet the goal (Chiu et al. 2014). Hedonic goods, on the
other hand, are bought solely for pleasure. Thus, the cost of getting the wrong hedonic
product is less than the utilitarian product. Therefore, the increased perceived risk of not
finding the right item, a buyer could compare more products suggested by the system to
find the perfect utilitarian product. A study by Moon et al. (2017) suggested utilitarian
and hedonic products have different influences on consumers’ attitudes and purchase
decisions. Thus, a recommender system needs to consider the type of product before
making suggestions. Research by Park et al. (2011) explored those consumers tend to
buy hedonic products when suggested to them in the same way they would buy when
advised by people more like them.

2.7 Recommender Based on Sentiment Analysis and Review Characteristics

Sentiment Analysis can be used to detect sentiment from textual reviews with great
accuracy (Raza et al. 2021a, 2021b, 2021). This technique can also convert the degree
of negativity and positivity of preferences into a numerical rating to integrate with the
filtering algorithm (Ricci et al. 2015; Hussain et al. 2020) (Raza et al. 2021). Kumar et al.
in 2020, used SA of reviews on Twitter, movie metadata, and social graphs to suggest
movies. They found out their proposed system recommended movies more precisely
than other models. In another study, sentiment classification was performed on reviews to
derive ratings. This rating was incorporated in item-based and user-based Collaborative
Filtering algorithms to infer the User-Item Rating Matrix to enhance the working of the
recommender (Zhang et al. 2013). Gao et al. (Gao et al. 2020) introduced an implicit
knowledge using collaborative learning techniques for an optimal API recommendation
in IoT environment. Rosa et al. (2015) proposed a framework for music suggestions for
mobile devices, in which songs were recommended based on the user’s mood. User’s
sentiments were extracted using SA of sentences posted on Social Networking Sites
(SNS).

The suggested model demonstrated a 91% of customer satisfaction rate. There have
been many pieces of research focused on how aspect-based sentiment analysis can
improve the impact of the recommender system. A study showed recommendations
that using ABSA on customer reviews performs better than traditional Collaborative
algorithms (Zhang et al. 2015). In another study, Bauman et al. (2017) suggested a rec-
ommendation algorithm that used ABSA to make recommendations and suggest facets
of the item to improve consumer’s experience further. Osman et al. (2019) merged the
numerical rating and rating gathered from ABSA of textual review to optimize the tra-
ditional Collaborative Filtering algorithm. However, very few efforts have been made
to integrate review characteristics in the recommender system to make more valid and
high-quality suggestions.
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2.8 Comparative Analysis of Existing Approaches

Table 1 shows how each research is different from the other. From the comparative
analysis, we found that none of the studies has studied the varying impact of the review-
based recommender system on different product types, which is very important for
the decision-making process. Moreover, none of the approaches has considered review
characteristics in the decision-making process.

The comparative analysis of different approaches is presented in below table:

Table 1. Analysis of different previous studies

References Aspect-based | Review Social | Utilitarian Recommendation
sentiment characteristics | data VS hedonic | provided
analysis

Bauman et al. | v/ X v X v

(2017)

Kumaretal. | X X v X v

(2020)

Zhang etal. | X X X X v

(2013)

Rosa et al. X X v X v

(2015)

Zhangetal. |V X X X v

(2015)

Osmanetal. |V X X X v

(2019)

Hussain et al. | v/ X v X v

(2022)

Thet et al. v X X X X

(2010)

3 Proposed Approach

The study aims to incorporate aspect-based sentiment analysis (ABSA) of customer
reviews and product characteristics in a recommender system. The study analyses
the impact of review-based recommender systems on utilitarian and hedonic product
purchase intention in an e-commerce setting.

The approach helps to improve the quality and validity of recommendations. More-
over, it has overcome problems like data sparsity and other issues highlighted earlier.
However, to utilize customer’s opinions and product characteristics in the context of the
recommenders, it is important to translate user’s textual preferences, not only in terms of
negative and positive but to what extent they are pessimistic or an optimist. The proposed
approach is comprised of the following steps, as presented in Fig. 1.
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3.1 Extraction of Product Feature in Customer Reviews

The initial step in this process is to analyze the credibility of different product reviews on
the social media website. This will help us to discard fake reviews by dishonest sellers
and spammers and get more accurate product ratings. Reviews will be filtered out based
on specified rules stated below.

They have a lot of grammatical and spelling mistakes

They are very short

The same user has more than one review for the same product
They were posted more than a year ago

— The reviews are not in English

After filtering the reviews, Aspect-based sentiment analysis will be performed using
spaCy and TextBolb on the credible product reviews to extract product attributes from
reviews. spaCy and TextBlob is a Python library for natural language processing used
for sentiment analysis and text processing. The first goal in the extraction will be to split

Extract Aspect
Important to

ABSA on
product

N reviews

Review
Credibility

Search Engine

Product Features with User's Desired Features
Associated Polarity

Recommendation System

Fig. 1. The proposed recommendation system
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sentences and extract product aspects and sentiment descriptions associated with them.
Once this is done, we will classify them as positive or negative and associate a score.

3.2 Obtaining user Inputs Regarding Desired Features

User’s preferred product features will be obtained by extracting the keywords that have
been clearly specified by the user on the eCommerce’s websites search engine.

3.3 Acquiring Matching Scores between Preferences and Reviews

The user will achieve a similarity score between a review and the desired attributes using
a Natural Language Processing text analysis technique Word Embedding algorithm,
word2vec and its pre-trained word vector.

3.4 Testing the Impact of the Review-Based Recommender on Hedonic
and Utilitarian Products

Lastly, we will test this approach in an experimental study to explore its impact on dif-
ferent product attributes in the context of this study, Hedonic and Utilitarian. We will
incorporate this recommender system in a functional eCommerce website simulation
with Hedonic and Utilitarian types of products. And test what kind of product a user
is most likely to put in a cart. We will also measure users’ satisfaction with the recom-
mendation provided to test the reliability of the recommender system proposed in this
research.

This recommender framework will reduce issues associated with traditional models
such as data sparsity and domain sensitivity and enhance suggestions’ quality. The
varying impact of this recommender approach will then be used to study its effect on
Utilitarian and Hedonic product purchase decisions. This approach is novel as we will
be studying the impact of the Review Based Recommender System on different product
types (Utilitarian VS Hedonic).

4 Conclusion

The proposed study depicts how reviews on social media influence customers purchase
decisions. Online retailers can leverage the result of this study to determine the most
effective social media strategies for targeting and satisfying their target audiences. It
enables them to optimize revenues on an e-commerce site. The research presented a
novel approach integrating customer review information on social media and customer’s
interest in different aspects of the product gathered. The study analyzes keywords in the
search engine in recommenders to enhance the suggestions compared to other tradi-
tional algorithms. This study also aids in determining which product types - hedonic or
utilitarian- best serve a customer. The approach overcomes issues related to changing
user preferences, changing data, lack of data, and domain sensitivity. In future, we will
evaluate the approach in different complex nonlinear decision problems.
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