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Dynamic preference elicitation of customer behaviours
in e-commerce from online reviews based on expectation
confirmation theory

Keyu Lu and Huchang Liao

Business School, Sichuan University, Chengdu, China

ABSTRACT
Preference change, also known as preference drift, is one of the fac-
tors that online retailers need to consider to accurately collect con-
sumer preferences and make personalised recommendations. Online
reviews have been widely used to analyse the preference drift of
consumers. However, previous studies on online reviews ignored the
psychological perceptions of consumers in terms of satisfaction. This
paper aims to develop a method for dynamic preference elicitation
from online reviews based on exploring the theory of consumer sat-
isfaction formation. Based on the framework of expectation confirm-
ation theory, we develop formulas for expressing the relations
among expectation, perceived performance, confirmation, and satis-
faction. We then use the proposed dynamic preference elicitation
model to predict the change of consumer overall preference after
each review and rank products for consumers’ next purchase. We
test the proposed approach with a case study based on a data set
from Amazon.com. It is founded that the satisfaction changes in
each purchase, and this change will affect the prediction of the next
product ranking. The case study is based on one product group, and
further research is needed to see if the operation of the proposed
method can be extended to other kinds of products.
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1. Introduction

According to the report by eMarketer (2021),1 retail ecommerce sales worldwide
climbed to $4.213 trillion in 2020 and will exceed $7 trillion in 2025. The rapidly
increasing online sales gives online retailers a glimpse of potential huge profits, which
stimulates them to try all kinds of methods to grab the attention of customers. It is a
common practice of online retailers to elicit users’ preferences regarding personalised
services based on historical data. Preference elicitation helps online retailers learn
users’ preferences and then recommend matching products to the users, thus achiev-
ing increasing sales ultimately. In addition, online customers can also benefit from
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preference elicitation, such as obtaining a list of favourite products. Therefore, prefer-
ence elicitation is of great practical value for increasing the efficiency of online sales.

As it is noted by Bernstein et al. (2018), online retailers need to collect an abun-
dance of customer data for personalise sales. Online reviews are one of the most
important data sources reflecting consumers’ preferences, and have been used in
many studies to analyse consumer behaviours (Park & Lee, 2021; Shen et al., 2019).
From online reviews, product attributes that consumers value can be mined, which,
to some extent, can be regarded as a process of consumer preference elicitation.
However, such a process ignores psychological perceptions of consumers. Existing
studies on consumer preference elicitation based on online reviews rarely considered
satisfaction theory, which may affect the accuracy of preference elicitation. In fact, we
can not only extract consumers’ preferences, but also obtain consumer satisfaction
from online reviews. As one of the important factors in consumer purchase decision
studies (Dash et al., 2021; Li et al., 2020), consumer satisfaction can be used to help
to recommend or exclude products. Existing studies on consumer satisfaction mainly
focussed on factors of satisfaction and satisfaction’s influence on repurchase intention
(Han & Hyun, 2018; Hult et al., 2019). In addition, influenced by age increasing, cul-
ture environment, social interaction and other factors, the preferences of users for dif-
ferent products change both in the short term and in the long term (Fehr & Hoff,
2011; Fung & Carstensen, 2003; Pereira et al., 2018). The timely elicitation of users’
dynamic preferences contributes to precisely obtain the preference information of
customers, which is helpful for improving the accuracy of product recommendation
(�Stefko et al., 2019).

To solve the problems that the current studies about preference elicitation ignored
the psychological perceptions and preference changes of consumers, this paper aims
to develop a method for dynamic preference elicitation from online reviews based on
exploring the theory on consumer satisfaction formation. Expectation confirmation
theory (ECT) is a classic theory about the causes of satisfaction proposed by Oliver
(1980), which holds that consumer satisfaction is jointly determined by consumer
expectation and the degree of confirmation between expectation and perceived per-
formance. The ECT has been widely used in different contexts (Filieri et al., 2021;
Lee & Kim, 2020), which can help to understand the post-adoption purchase behav-
iour of consumers. This paper utilises the ECT to explain the formation of consumer
satisfaction. Note that most studies on the ECT conducted hypothesis tests on the
factors of satisfaction and the influence of satisfaction on repurchase intention based
on the information provided by consumers (Liao et al., 2017; Shin et al., 2017).
However, collecting consumer data on site can hardly meet the requirements of the
big data era. It is not practical to collect the expectation, perceived performance and
satisfaction information of every online customer during each purchase in the form
of questionnaires.

In this paper, based on the purchase and review behaviour of a target customer,
we define his/her expectation and perceived performance with the online reviews of
other consumers and himself/herself, respectively. In addition, we propose formulas
to express the relations among expectation, perceived performance, confirmation and
satisfaction. Then, we propose a dynamic preference elicitation model where retailers
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use online reviews of customers as the source of preference elicitation. After observ-
ing a customer purchase and comment on products in the same product category, we
use the proposed model to elicit his/her preference reflected in the purchase. The
ECT is used to calculate the consumer satisfaction, in which we define each element
in ECT using formulas based on online reviews, and ultimately measure consumer
satisfaction per purchase. When updating consumer preferences, the effect of different
degrees of satisfaction on dynamic preference elicitation is taken into account, which
involves the change of consumer satisfaction. Finally, we propose a product ranking
method based on the proposed dynamic preference elicitation model. The contribu-
tions of this paper are as follows:

1. We redefine the expectation and perceived performance in the ECT based on
online reviews, and propose a method to estimate customer satisfaction without
direct interactions with customers. Our work can help to adapt the traditional
ECT to the context of online shopping.

2. To improve the accuracy of product recommendation, we propose a dynamic
preference elicitation model considering consumer satisfaction, in which every
online review and changing satisfaction of consumers are used to update
preferences.

3. We illustrate the practical value of the dynamic preference elicitation model in a
realistic setting by using a data set from Amazon.com. From the case study, it is
verified that our dynamic preference elicitation model is efficient and
implementable.

The rest of this paper is organised as follows: Section 2 provides a review of the
relevant literature. Section 3 introduces the proposed model, while Section 4 illus-
trates its effectiveness through a case study. The paper ends with conclusions in the
final section.

2. Related work

This paper dedicates to proposing an approach to learn dynamic consumer preferen-
ces from online reviews based on the ECT. Consumer satisfaction has an impact on
the effect of each extracted preference to the overall preference of a product in the
process of dynamic preference elicitation. Thus, to facilitate further presentation, this
section reviews relevant work related to consumer satisfaction, the ECT, and the
changes of preferences. At the end of each section, we put forward corresponding
improved methods to circumvent the deficiencies in existing literature.

2.1. Consumer satisfaction and the ECT

Consumer satisfaction is a managerial research topic with enduring popularity.
Although many studies regarding satisfaction have been conducted (Yuksel & Yuksel,
2001), there is not a consensus on the definition of satisfaction (Giese & Cote, 2000).
Oliver (1980) defined that consumer satisfaction is a degree to which the expectation

ECONOMIC RESEARCH-EKONOMSKA ISTRAŽIVANJA 2917



matches the perception of a consumer, which was the most widely used definition of
satisfaction (Prayag et al., 2019). Since satisfaction is an individual subjective evalu-
ation, it was considered to be closely related to the psychology of people. However,
the thinking process of a consumer was like a black box, which meant that an obser-
ver could only see satisfaction results, without knowing how it was generated (Oliver,
2014). In this regard, Helson (1959) collected data in the form of questionnaires and
built structural equations to measure the relations between the antecedents and con-
sequences of satisfaction. The analysis results showed that consumer satisfaction was
a function of the expectation level before shopping and the extent to which the
expectation was confirmed. In addition, the satisfaction of a consumer also influences
his/her repurchase intention. To interpret the causes of consumer satisfaction in a
comprehensive manner, Oliver (1980) proposed a cognitive model which came to be
known as the ECT. To facilitate understanding, the relationships between factors in
the ECT can be intuitively demonstrated in Figure 1, which has been illustrated in
Bhattacherjee (2001).

The relation between satisfaction and repurchase intention is one of the most
popular research issues in marketing. The positive impact of satisfaction on repur-
chase intention has been proved in Mittal and Kamakura (2001) and Liao et al.
(2017). After the original ECT was proposed, different influence factors of satisfaction
and repurchase intention of consumers were added into the expectation confirmation
model, and their reliabilities were assessed by hypothesis test. For example, with
regard to the factors of satisfaction, trust was taken into account in Shin et al. (2017).
Given that the ECT is an effective consumer satisfaction analysis tool, the positive
effect tendency between high satisfaction and high repurchase intention has been
proved in many papers regarding the ECT (Li et al., 2020). However, to the best of
our knowledge, the intensities of effect of different degrees of satisfaction on subse-
quent repurchase decisions has not been investigated in the ECT, which consists an
issue that we will consider in this study.

We consider that high satisfaction levels of products and services reflect the liking
of consumers. We can learn consumer preferences by collecting the satisfaction data
of consumers regarding each purchase. In early days, scholars usually collected data
in the form of questionnaires and interviews to conduct empirical studies on satisfac-
tion. With the developments of technology, natural language processing towards
online consumer reviews was applied to analyse consumer satisfaction (Godnov &
Redek, 2019; Liu et al., 2021). In this study, we use the consumer information

Figure 1. Relationships between factors in the expectation confirmation theory.
Source: Cited from Bhattacherjee (2001).
Note. þ and� denote positive relation and negative relation, respectively.
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extracted from online reviews as the data source. Although consumers’ perceptions
on products can be extracted from online reviews, how consumer expectation is
obtained from online reviews has not been studied. Therefore, how to identify con-
sumer expectation information from online reviews so as to obtain consumer satisfac-
tion according to the ECT is worth thinking about. After determining consumer
satisfaction, we can recommend customised products and services to customers
according to their repurchase intentions.

2.2. Preference drift

The preferences of users may change owing to short-term reasons such as the season-
ality or periodicity of some products. For example, consumers’ preferences regarding
refrigeration equipment will increase in summer. There are also long-term preference
changes. For instance, users’ preferences will change as they age and their living
environment changes. For instance, old people pay more attention to emotional
meaning with regard to advertisements (Fung & Carstensen, 2003).

As research continues, the feature that preference changes with time, also known as
preference drift, has attracted much attention and many methods have been proposed
to deal with the preference drift problem. Users’ preferences can be learned based on
historical data. Koren (2010) pointed out that because data changed over time, models
should be updated to accurately interpret the information contained in the data. Rafeh
and Bahrehmand (2012) utilised a time decay function to predict the behaviours of
users: the closer the rating time of users to the current time is, the greater the function
value is. Instead of completely excluding old records, forgetting functions can consider
old and new information simultaneously. Different forgetting functions were used in
Zheng and Li (2011) and Feng et al. (2015) to express the long-term preference drift of
users. Sahoo et al. (2012) proposed a hidden Markov sequence to explain the changing
product selection behaviours of users over time. Shi (2014) used the timestamp infor-
mation to filter the ratings of products given by other users related to the current user,
and the ratings and products outsides the timestamp would not be referenced.

For products and services in the same store, regular consumers will face different
situations for different purchases, and their satisfaction will also change. Although
various methods, like the expectation confirmation model (Oliver, 1980) and servqual
model (Parasuraman et al., 1988), have been used to measure satisfaction, the dynam-
ics of satisfaction were ignored. Therefore, it is necessary to measure satisfaction
from online reviews within a dynamic setting. Observe that most of the above-men-
tioned methods used proposed functions based on time to assign a weight to prefer-
ences at each moment. We consider that it is not necessary to assign weights exactly
according to time, but applying certain methods to combine the emerging preference
with the old one can also reflect the change of preferences.

3. Proposed approach

In this section, we first formalise the consumer preference elicitation problem. In par-
ticular, we define the notion of consumer preference. Then, we propose a dynamic
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preference elicitation model based on online reviews in Section 3.2, where we explain
the elements of the proposed model, i.e., consumer expectation and consumer satis-
faction in detail in Section 3.2.1 and Section 3.2.2, respectively. Finally, we propose a
product ranking method using the proposed dynamic preference elicitation model.

3.1. Problem definition

On comprehensive online shopping websites such as Amazon (www.amazon.com),
Taobao, (www.taobao.com) and eBay (www.ebay.com), there are many kinds of prod-
ucts which have diverse attributes. It is not rational to recommend one type of prod-
ucts to a consumer based on the consumer’s preferences for another type of
products. For example, we cannot predict that a customer prefers furniture with little
formaldehyde according to his/her preference for sweet food. In order to improve the
accuracy of preference learning, it is necessary to classify products, just like
Aliexpress (www.aliexpress.com), all products on which are grouped into 13 catego-
ries such as Women’s Fashion, Consumer Electronics, and Jewellery & Watches.
Preference learning regarding products in different categories is independent. For
instance, if a consumer reviews a cookie on an online platform, his/her diet preferen-
ces will be learned, but his/her preferences for other types of products, such as cloth-
ing, could not be obtained from this online review on the cookie. In this study, we
suppose that there are mutually exclusive categories on an online platform containing
all products on sale, which can be interpreted clearly in Figure 2, where each product
category is a slice.

In this study, the preference elicitation is based on different slices. We consider a
customer who browses a shopping or service website as a user. Let user x browse a
website to make a purchase, and B ¼ f1, . . . , bg denote a set of purchase decisions of
x: We use t 2 B to denote the current purchase behaviour of x, while t�1 2 B
denotes that last purchase and t þ 1 2 B denotes the next purchase. Consider an
online platform with nt items in a product category corresponding to the purchase
behaviour t, and the set of all products is denoted as Nt ¼ f1, . . . , ntg: Suppose that
a user buys product y 2 Nt in his/her purchase t: For y 2 Nt, we suppose that there
are lt reviewers, the set of which is described as Lt ¼ f1, . . . , ltg: If one consumer
reviews a product multiple times, we treat those reviews as if they were from different
consumers. Since this study is based on online reviews, if a consumer does not make

Figure 2. Preference elicitation based on different product categories.
Source: Created by the authors.
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any comment after a purchase, then, this purchase behaviour will not be taken
into account.

Definition 1 (Consumer preference). Suppose that there are m attributes for prod-
ucts in a category. The consumer preference is defined as the weights given by a con-
sumer to product attributes. W 0x

t ¼ fw0x
1, t , . . .w

0x
m, tg denote attribute weights

extracted from the t�th online review of x, which are regarded as the t�th set of
sub-preferences. Wx

t ¼ fwx
1, t , . . . ,w

x
m, tg denote the set of overall preferences of x

composed of the former t sets of sub-preferences.
Note that the overall preference will change with each updated online review.

3.2. Dynamic preference elicitation model

In this section, we propose a dynamic preference elicitation model based on the ECT.
Figure 3 illustrates the proposed model, which shows the process of eliciting prefer-
ence of consumers from online reviews.

In the left side of Figure 3, we divide the input online reviews into two parts,
including the reviews of other consumers and the review of the user. The own review
is exclusively the t�th review of the user on a kind of product, while the review(s) of
others are reviews made by other consumers before the user made the t�th purchase
decision. Specific data collection, preparation and evaluation will be detailed in the
following sections.

The middle of Figure 3 is the data processing part of our dynamic preference
elicitation model. Through a natural language processing, online reviews are con-
verted into the weights and sentiment scores that consumers assign to each product
attribute, which will be introduced specifically in Section 3.2.1. We first calculate the
expectation, perceived performance, and sub-preference of the user from online
reviews. It is noted that the expectation of the use is determined based on the online

Figure 3. Framework of the dynamic preference elicitation model.
Note. The shaded area is ECT. I is the effect parameter value, reflecting the influence degree of sub-preference on the
t�th overall preference.
Source: Created by the authors.
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reviews of other consumers. According to the ECT, we compute the confirmation of
expectation and perceived performance, and then calculate the satisfaction based on
the expectation and confirmation. Note that the classic ECT depends on the data dir-
ectly provided by consumers collected in the form of questionnaires, while in our
study, the expectation, perceived performance, and satisfaction are all redefined based
on online reviews. Motivated by the conventional ECT that the satisfaction will influ-
ence repurchase intention, in this study, we suppose that the satisfaction will affect
the influence degree of each sub-preference to the overall preference. Then, combin-
ing the sub-preference in the t�th round and the ðt�1Þ�th overall preference, we
can get an updated overall preference in the t�th round, in which the user satisfac-
tion is taken into account as a mediating factor. In what follows, we describe each
part of our dynamic preference elicitation model in details. It is noted that the con-
sumer expectation and consumer satisfaction is indeed the expectation and satisfac-
tion of the user in the t�th round of purchase.

3.2.1. Consumer expectation
The expectation of individuals is subjective. In other words, the expectation of some-
one is not known until it is expressed verbally. Against the backdrop of online con-
sumption, when a user gets to a website, sellers do not have access to the user’s
expectation towards a variety of products and his/her preference.2 However, an
important advantage of online platforms, compared with traditional offline consump-
tion, is that previous consumers’ reviews are publicly displayed on platforms. It is
helpful for those who want to quickly learn the function, quality and other features
of a product to refer to the online reviews of others. Many studies (Mauri & Minazzi,
2013; Sparks et al., 2016; Zhang et al., 2014) have proved that online reviews have a
significant impact on the expectation and purchase intention of consumers. In this
subsection, user expectation will be represented by the information extracted from
past consumers’ online reviews.

Different consumers usually concentrate on different attributes of the same
product. For example, people with high incomes may be insensitive to price and
thus the price, as a product attribute, will not appear in their reviews; but it may
be an important attribute for low income consumers. In addition, different con-
sumers may evaluate the attributes of the same product differently. For instance,
what is good for the skin of some people may cause skin allergies in others. In
general, owing to personalised preferences, different reviewers usually have differ-
ent comments regarding the same product. For each reviewer, his/her preferences
can be regarded as the weights of product attributes, and the attribute weights of
different reviewers are diverse. Sentiment analysis, also known as opinion mining
(Li et al., 2021), detects opinions and attitudes of users according to the elements
of textual information. Through sentiment analysis methods such as machine
learning and lexicon-based approaches, a large number of user-generated reviews
can be processed (Montejo-R�aez et al., 2014; Soumya & Pramod, 2020; Zhao et al.,
2018). We use the tool of sentiment analysis to extract the weights of different
product attributes given by different consumers, which consists of following
three steps:
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Step 1 (Text preprocessing). We first use regular expression algorithms3 to clean the
raw data, including removing dates and urls in reviews that are not valuable for
analysis. Stop words, which are extremely common and carry little text information,
like demonstratives and conjunctions, are also removed.

Step 2 (Attribute extraction). Latent dirichlet allocation (LDA) (Blei et al., 2003), as
a text analysis method which is appropriate for unstructured online reviews, is
applied to cluster words and extract the main product attributes. Let M ¼
f1, . . . ,mg denote the set of m extracted attributes of products.

Step 3 (Computing attribute weights). Let the weights of attributes in the t�th pur-
chase be Wj

t ¼ fwj
1, t , . . . ,w

j
m, tg, j 2 Lt: In the results of Step 2, each product attri-

bute contains a number of sub-attributes. For example, in hotel services, park, car,
and street all belong to the attribute of parking. For reviews that do not mention
any sub-attribute, each attribute is equally weighted. For reviews that mention sub-
attributes, if all of the sub-attributes of an attribute are not mentioned, the weight
of this attribute is zero. The weight of each attribute can be determined according
to the proportion of words in its category. For the review given by reviewer j 2 Lt,
the proportion of attribute h can be calculated by

projh, t ¼
f jh, t
f jall, t

, h 2 M (2)

where f jh, t is the number of sub-attributes belonging to the attribute h, and f jall, t
denotes the number of all words in the review of j: The weight wj

h, t is the outcome of
normalisation of projh, t: In our study, if a word appears many times in a review, we
count each time.

After determining the weights of attributes, we then need to aggregate the prefer-
ences of all past consumers from online reviews to get consumer expectation. Each
online review has an impact on different users. In general, a user tends to focus on
the reviews that mentioned the attributes they are interested in. For example, price-
conscious consumers are more sensitive to words like ‘cheap’ and ‘worthless’.
Therefore, to aggregate all reviews as a component of consumer expectation, different
reviews need to assign different weights, and reviews with attribute weights close to
those of a user are given a large weight.

We use the Euclidean distance to measure the difference between the preferences
of each reviewer and a user. Let Wx

t�1 ¼ fwx
1, t�1, . . . ,w

x
m, t�1g denote the attribute

weights of user x, that is, his/her original overall preference obtained according to
his/her previous purchases. If the customer is new, his/her preference is expressed as
equal weight for all attributes. The distance dtðj, xÞ between the attribute weights of
reviewer j and user x is calculated by

dtðj, xÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXm
h¼1

ðwj
h, t�wx

h, t�1Þ2
s

, j 2 Lt (3)
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Then, the weight of reviewer j can be calculated by

vxj, t ¼
1

dtðj, xÞPl
k¼1

1
dtðk, xÞ

, j 2 Lt (4)

where 0<vxj, t<1 for j 2 Lt and
P

j2Lv
x
j, t ¼ 1:

We define adjectives, adverbs and verbs, for example, happy, strenuously, and pain,
that usually express the sentiment of a sentence, as sentiment terms. By assigning
sentiment scores to those words, for example, ‘þ2’ is given to ‘very good’ and ‘0’ is
assigned to ‘medium’, we can convert each review into attribute ratings corresponding
to each consumer. We pre-process online reviews of consumers, where all sentences
are divided into words which are then clustered. Let Aj

t ¼ faj1, t , . . . , ajm, tg denote the
sentiment scores of m attributes extracted from the review of reviewer j, j 2 Lt and
let ajh, t 2 ½1, 5�, that is, the positive sentiment score at the extremely positive level is 5
and the most extremely negative sentiment score is 1. For example, in an online
review ‘this is the worst service I have ever encountered’, the superlative of the adjec-
tive is used, and accordingly, we give the service attribute a score of 1. Stanford
CoreNLP,4 a natural language processing tool with many functions such as word seg-
mentation and stemming, is used in this study to obtain the sentiment score of
each attribute.

For a user in online shopping, online reviews are the main source of consumer
expectations towards a product when the specifics of the product are unknown. The
acceptance of online reviews is influenced by the preference of the user. In other
words, a user pays more attention to their preferred product attributes and reviews
that are more similar to his/her overall preference. We can define the aggregated
preferences of past consumers as the expectation of a user as follows:

Definition 2 (User expectation). For user x in the purchase t, his/her expectation is
obtained by

Ex
t ¼

Xl

j¼1

Xm
h¼1

vxj, tw
x
h, t�1a

j
h, t, t 2 B (5)

where vxj, t is the weight of reviewer j 2 Lt, wx
h, t�1 is the ðt�1Þ�th sub-preference of

consumer x, and ajh, t is the sentiment score of attribute h 2 M given by reviewer j 2
Lt: According to the range of ajh, t , it is easy to obtain that Ext 2 ½1, 5�:

3.2.2. Consumer satisfaction
Some websites like www.jd.com, allow consumers to give an overall star rating for a
product, which to some extent can be interpreted as consumer satisfaction. However,
it is possible that different consumers have different sentiments regarding the same
star rating. For instance, customers with high tolerance may still give high overall
star ratings in the face of low-quality products, while grumpy consumers may give
low start ratings due to slow logistics without considering the quality of products.
There will be deviation from the actual evaluation of consumers, if the overall star
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rating is used to determine the satisfaction of consumers, which will further lead to a
decline in the accuracy of consumer preference prediction and product recommenda-
tion. In the setting of this study, the expectations and perceived performances of con-
sumers in the ECT are all derived from online reviews, which cover more
information and can represent the actual sentiments of consumers more accurately.
Therefore, the ECT based on online reviews is utilised to calculate the consumer sat-
isfaction in this section.

Before the specific calculation method of consumer satisfaction is proposed, we
first define the perceived performance and confirmation in the ECT. Consumers will
form a real perception of a product after they bought and used it. This perception is
directly reflected in the online reviews of consumers. According to the reviews writ-
ten by x for the purchase t, we can extract the corresponding attribute weights, also
named the t�th sub-preference, which are denoted by W 0x

t ¼ fw0x
1, t , . . .w

0x
m, tg, and

the t�th sentiment scores are denoted by Ax
t ¼ fax1, t , . . . , axm, tg: We define the per-

ceived performance as

Px
t ¼

Xm
h¼1

w0x
h, ta

x
h, t , t 2 B (6)

Similar to Ext , the range of Px
t is also ½1, 5�:

Then, we define the confirmation of expectation and perceived performance of x
in the purchase t as

Cx
t ¼

Px
t

Ext
, t 2 B (7)

where Cx
t 2 ½0:2, 5�:

According to the ECT, the consumer expectation, and the confirmation of expect-
ation and perceived performance, have positive influence on consumer satisfaction. In
this paper, consumer satisfaction is regarded as a function of the expectation and
confirmation, which is denoted as:

Sxt ¼ axt E
x
t þ bxt C

x
t (8)

where 0<axt , b
x
t<1, axt þ bxt ¼ 1: Based on the range of Ex

t and Cx
t , there is Sxt 2

½0:2, 5�: For the sake of narrative convenience, in the following, a and b are used to
denote the coefficients of the expectation and confirmation, which are also defined as
satisfaction parameters.

It is worth noting that the effect of satisfaction on subsequent purchases is not
proportional. For example, it is obvious that, compared with products with satisfac-
tion of 0.2, customers are more likely to repurchase products with satisfaction of 5.
As for the product with satisfaction of 2.6, the consumer is not dissatisfied with it,
but the probability that he/she will buy the product in the next purchase is vague. In
other words, a mid-level satisfaction rating for a product hardly reflects consumer
preferences. In previous studies, the asymmetric effect of online reviews has been dis-
cussed. For example, Forman et al. (2008) pointed out that, compared with extreme
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ratings, moderate ratings were considered less helpful. Pavlou and Dimoka (2006)
also proved that the extremely positive or negative evaluation on online sellers pro-
vided more information than moderate ratings. In summary, extreme evaluation
information, such as very high or very low satisfaction, is more useful than medium
satisfaction for future prediction.

Let Itx denote the effect of the t�th sub-preference on the overall preference of
x, which changes according to the value of each calculated satisfaction, as shown
in Figure 4. Let Ixt 2 0, 1½ �, where ‘0’ means that the overall preference will not
change in this purchase under the satisfaction condition, and ‘1’ means that the
sub-preference information extracted in this purchase will be fully utilised when
calculating the overall preference. For example, as can be seen in Figure 4, when
Sxt ¼ 2:6, there is Ixt ¼ 0, which can be interpreted as that the preference change
of x cannot be judged due to the little information generated in the online review
of purchase t:

Previous studies like Forman et al. (2008), only proved the strong usefulness of
extreme ratings, while the specific function has not been proposed to fit the effect
under different degrees of evaluation. Taking Figure 4 as an example, we have deter-
mined the coordinates (0.2,1), (2.6,0) and (5,1), but the shape of the line between
these three coordinates is unknown. Park and Nicolau (2015) tested the U-shape rela-
tion between star rating and its effect, but the accurate shape was still unknown,
which can only be obtained by analysing historical data of consumers. Through the
calculation of the real data on online platforms, not all satisfactions of consumers can
cover the whole interval [0.2,5], that is, it is impractical to collect the complete satis-
faction data of every consumer to learn the corresponding relation between the satis-
faction and effect. In addition, the impact of satisfaction on effect is also variable. If
we match the values of satisfaction and effect accurately, there may be over-fitting
problems, which will reduce the accuracy of preference elicitation. Thus, this paper
only roughly takes into consideration the convex relation between satisfaction and
effect. By using the smoothing spline curve fitting tool of MATLAB, we plot the effect
of the sub-preference extracted in each purchase on the overall preference, under the
effect of satisfaction, as shown in Figure 5.

Figure 4. Sample of the relation between satisfaction and effect.
Source: Created by the authors.
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We regard the effect of sub-preference on overall preference as the weight of sub-
preference. In this sense, the t�th overall preference can be computed by

Wx
t ¼ Ixt �W 0x

t þ ð1�Ixt Þ �Wx
t�1 (9)

To sum up, after a customer reviews a product online, consumer satisfaction can
be calculated by Equation (8). Then, according to the fitting curve in Figure 5, the
corresponding value of effect can be obtained, in other words, the weight of sub-pref-
erence extracted from each online review can be calculated. Finally, the overall prefer-
ence can be updated according to (9).

3.2.3. Determining satisfaction parameters
Product ranking is based on consumer expectation for each product. In order to
derive the expectations of products for ranking, we need to discuss the dynamics of
satisfaction parameters a and b given in Equation (8).

The degrees to which satisfaction is influenced by the expectation and confirm-
ation vary from person to person and are changed over time, which leads to the need
to pay attention to the changes of a and b: In Section 3.2.2, we set satisfaction as a
necessary factor to compute overall preference. However, the parameters a and b
change with each review. We cannot calculate the real overall preference without
knowing the values of these two parameters, and thus cannot make personalised
product recommendations for consumers. Therefore, we use predicted values of these
parameters to make recommendations, and then use the user’s following purchase
decision as a feedback to determine the real value of these parameters, the details of
which is explained below.

From Oliver (1980), we can learn that the impact of confirmation on satisfaction is
much greater than that of expectation on satisfaction. Therefore, in the calculation of
a and b which are satisfaction parameters of expectation and confirmation respect-
ively, to make sure that a is greater than b and aþ b ¼ 1, we suppose that a varies
in [0,0.5] and the corresponding range of b is [0.5,1]. In this paper, each calculation
of satisfaction uses predicted values of a and b based on historical data. Generally

Figure 5. The fitting relation between satisfaction and effect.
Source: Created by the authors.
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speaking, the distribution of the impact of the expectation and confirmation on satis-
faction is stable, without seasonal and periodic changes. Therefore, moving average is
adopted in this study to predict a and b of each time. By the moving average
method, we can get the predicted parameters â and b̂, which will be used to calculate
the predicted satisfaction Ŝ

x
t , so as to get the predicted overall preference Ŵ

x
t ¼

fŵx
1, t , . . . ŵ

x
m, tg according to Equations (8) and (9).

Let lz, ajzh, t, z denote the number of online reviews on product z 2 Nt ¼
f1, . . . , ntg, and the sentiment score of reviewer jz for attribute h of product z,
respectively. According to Equation (5), the predicted expectation for product z is cal-
culated as:

Ê
x
t, z ¼

Xlz
jz¼1

Xm
h¼1

vjz , tŵ
x
h, ta

jz
h, t, z, t 2 B, z 2 Nt (10)

The higher the predicted expectation to the product z, the higher its rank is.
Given that the numbers of products and reviews are constantly changing, we calculate
the predicted expectation of a product on a daily basis and change product rankings
accordingly.

For new consumers, we use a ¼ b ¼ 0:5 as default values. The real values of a and
b are obtained as follows:

Step 1 (Enumeration). List all combinations of a and b with a step size of 0.1 such
that a 2 ½0, 0:5�, b 2 ½0:5, 1�, aþ b ¼ 1: It is obvious that there are 6 groups of a
and b: Let G ¼ f1, . . . , 6g denote six difference kinds of combinations of a and b:

Step 2 (Predicting overall preference). Based on the expectation and confirmation
for each purchase, we use all combinations of a and b to calculate satisfaction separ-
ately. Then, calculate the effect of sub-preference extracted from the online review
of a purchase on the overall preference. Finally, predict the overall preference.

Step 3 (Optimal coefficients judgement). To find the optimal coefficients, we rank
all products according to their different expectations Ex

t, zz 2 Nt calculated by
Equation (10) based on different overall preference. Note that Equation (10) con-
tains the overall preference of each consumer, so the corresponding product ranking
is different for different consumers, where personalised service for customers is
reflected.5 In Step 2, we obtain different overall preferences using different a and b:
Therefore, for consumer x, there are 6 kinds of ranking. Compared with other
rankings, if the selected product in the purchase t has the highest position in the
ranking obtained by the combination g� 2 G, we regard a and b in g� as the opti-
mal parameters. The values of these two parameters will be used to calculate the
overall preference and next predicted parameters.

3.3. Product recommendation

To facilitate implementation, in this section, we summarise the process of personal-
ised product recommendation for users based on preference elicitation. The steps of
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personalised recommendations based on our dynamic preference elicitation method
are as follows:

Step 1. Extract expectation, perceived performance and sub-preference from online
reviews, and compute confirmation based on expectation and perceived performance
by Equations (5) and (6).

Step 2. Compute predicted satisfaction using the moving average method based on
expectation and confirmation by Equation (8).

Step 3. Compute predicted overall preference based on sub-preference, last overall
preference, predicted satisfaction by Equation (9).

Step 4. Compute the predicted expectation to each product based on predicted overall
preference by Equation (10), and rank products according to predicted expectations.

Step 5. Compute real satisfaction and overall preference according to the next
reviewed product.

4. Empirical study

In this section, we discuss the results of empirical experiments conducted on a data
set from Amazon.com. Figure 6 shows an example of the online information on
Amazon.com. Considering our research is based on the products of one category and
products purchased frequently are suitable for the study of dynamic preference elicit-
ation, we selected a cosmetic as our study subject. We crawled the review data under
the foundation category in BB Facial Creams department on October 12, 2021. The
data set consists of 15,615 records for a set of 124 products, each of which contains
product ID, reviewer ID, review text, and review time. We preprocessed those data,
including removing the data without review text and review time, and retaining the
data whose review text is English. Finally, there are 14,339 records belonging to 86
products remained as the basis of this study.

We select a user J who has made 4 purchases of foundation on Amazon.com as an
example for analysis and one piece of his/her relevant data is shown in Table 1. Let
his/her initial overall preference be WJ

0 ¼ ½1=m, . . . 1=m�, where m is the number of
product attributes.

Figure 6. An example of online review on Amazon.com.
Source: Cited from Amazon.com and edited by authors.

ECONOMIC RESEARCH-EKONOMSKA ISTRAŽIVANJA 2929



4.1. First preference elicitation of user J

In this section, we present the detailed preference elicitation process of user J based
on his/her first review.

Before calculating the expectation, we need to extract product attributes. First, we
preprocess the reviews. We use regular expression algorithms to clean the raw review
texts, mainly including removing newline, date, website address, special symbols and
individual letters. In addition, we remove stop words that appear frequently in online
reviews but have nothing to do with cosmetics. In order to improve the accuracy of
attribute extraction, we conduct frequency statistics on all words in reviews, and add
the high frequency words that do not belong to any attribute into the stop words list.
Then, we use the LDA (Latent Dirichlet Allocation) to extract attributes. Note that
because the results of LDA will contain noisy words and repetitive topic words, the
final analysis results need to be manually adjusted (Zhang et al., 2021). After merging
semantically similar words and removing noisy words, we get the main attributes of
foundation and their related words which can provide a basis for sentiment analysis,
as shown in Table 2.

From Table 2, we can find that consumers mainly focussed on eight attributes of
foundation: Brand, Color, Function, Packaging, Price, Quality, Smell, Other. Then, we
can let the initial overall preference of user J be WJ

0 ¼ ½1=8, . . . 1=8�: We first rank the
products whose review time is earlier than that of user J according to WJ

0, which is a
recommendation for the target customer. It is worth noting that although online
retailers recommend products for consumers according to their learned preferences, it

Table 1. An example of the data of user J.
Reviewer ID Product ID Review time Review text

J B00AIEJF68 2018/9/10 This summer I was on the hunt for an affordable bb cream
with spf that evened out my skin. Well this was not it. Yes
it had spf 30 but past that it is just awful! I’ve tried all
different ways of applying it, but unfortunately it just sits
on my skin. It doesn’t absorb well at all. It gets cakey and
gives off a look of rubber (for lack of a better word) sitting
on your skin. This is not a first impression I’ve used this
many times before I decided to review it and declutter it.
Don’t waste your money they’re better ones out there

Source: Cited from Amazon.com and edited by authors.

Table 2. Attribute extraction results.
Attribute Keywords

Brand brand(s), clinique, elf, L’Or�eal, mac, maybelline, milani, missha, neutrogena, nyx
Color ashy, beige, blush, brown, color, colour, dark, golden, gray, green, light, nude,

orange, pale, pink, red, tan, tone(s), skintone, undertone(s), white, yellow
Function acne, acne-prone, aging, blemish(es), bright, control, freckles, glow(ing), greasy,

moisturizer(s), moisturizing, oil(y), pimple(s), pore(s), protection, rosacea, scars,
sheer, spf, summer, sunscreen, tinted, winter

Packaging bottle(s), package, packaging, porcelain, pump(s), tube(s)
Price affordable, cheap(er), cost, expense, expensive, fair, inexpensive, money, price,

value, worth
Quality allergic, consistency, ingredients, mineral(s), quality, texture
Smell fragrance, scent, smell(s)
Other advertised, brush, delivery, sample, seller, service, shipped, shipping, size, sponge

Source: Created by the authors.
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is quite normal for consumers to select products without high ranks. After all, human
preferences are complex and changeable to be completely and accurately described.

For the first product that user J reviewed, we study its 203 reviews published by
other consumers before user J’s purchase. We calculate the weight of each attribute in
each review, the distance between the preference reflected in each review and that of
user J, and the weight of each review according to Equations (2)–(4). Then, we use
Stanford CoreNLP to compute sentiment scores. Assign 1, 2, 3, 4, 5 to ‘very negative’,
‘negative’, ‘neutral’, ‘positive’, ‘very positive’, respectively. The results of Stanford
CoreNLP are the sentiment analysis implemented based on every sentence. Therefore,
in order to get the sentiment score of each attribute of each review, we average the
score of each sentence. Note that not all reviews mention every attribute. For reviews
that do not mention any attribute, we assign their overall sentiment scores computed
by Natural Language Toolkit (NLTK), a natural language processing library of
Python, to each attribute. For reviews that do not completely cover all attributes, we
assign ‘neutral’ value 3 to attributes that are not mentioned. Finally, based on
Equation (5), we get the expectation of consumer J before his/her first purchase, that
is EJ1 ¼ 2:924:

According to the first review of user J, we can obtain his/her sentiment score on
each attribute. Then, the first perceived performance PJ

1 and confirmation CJ
1 can be

calculated by Equations (6) and (7), respectively. The results are PJ
1 ¼

2:834, CJ
1 ¼ 0:971:

In Section 3, we mention that the parameters a and b change over time. We can-
not get the real parameters until consumers’ second product review. Therefore, prod-
uct ranking for consumers after their first review is based on predicted a and b: For
new consumers, let â1 ¼ b̂1 ¼ 0:5: There are prediction results that Ŝ

J
1 ¼ 1:948

and Ŵ
J
1 ¼ ½0:077, 0:269, 0:221, 0:125, 0:077, 0:077, 0:077, 0:077�:

Next, we calculate the real parameters of the first review. Based on the time of the
second review, we extract all previous reviews which belong to 37 products. Under
different values of aJ1 and bJ1, on the basis of EJ1 and CJ

1 being known, we obtain 6
satisfaction values and corresponding overall preferences. Then, we calculate the
expectations of user J for each product under different overall preferences according
to Equation (10), and rank the products accordingly. As shown in Table 3, the prod-
uct reviewed by consumer J for the second time, which is labelled 32, ranks highest
when aJ1 ¼ 0 and aJ1 ¼ 0:1: Considering that there is a higher expectation on the
product when aJ1 ¼ 0:1, we determine that aJ1 ¼ 0:1 and bJ1 ¼ 0:9 are real parameters
for SJ1: Correspondingly, the satisfaction and overall preference extracted from the
first review are calculated as SJ1 ¼ 1:166 and WJ

1 ¼ ½0:027, 0:33, 0:262,
0:125, 0:057, 0:057, 0:057, 0:057�, respectively. In order to rank products in the next
stage, we use the moving average method to predict the âJ

2 and b̂
J
2, the results of

which are âJ
2 ¼ 0:3 and b̂

J
2 ¼ 0:7:

4.2. Collective preference elicitation results of user J

User J has made 4 reviews in the product category of foundation. In this section, we
elicit preference according to each review behaviour. The preference elicitation
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process on the first review is shown in Section 4.1 and we omit the detailed steps of
other reviews in this section.

In Tables 4–6, we present results computed based on 4 reviews of user J. Table 4
shows expectation, perceived performance, confirmation and sub-preference extracted
from each review, in which expectation and confirmation are used to compute real
and predicted satisfaction. Table 5 presents the values of a, b, satisfaction and overall

Table 3. Product ranks based on expectations.

Rank

aJ1 ¼ 0 aJ1 ¼ 0:1 aJ1 ¼ 0:2 aJ1 ¼ 0:3 aJ1 ¼ 0:4 aJ1 ¼ 0:5

EJ1, PN PN EJ1, PN PN EJ1, PN PN EJ1, PN PN EJ1, PN PN EJ1, PN PN

1 4.000 29 4.000 29 4.000 29 4.000 29 4.000 29 4.000 29
2 4.000 30 4.000 30 4.000 30 4.000 30 4.000 30 4.000 30
3 3.988 18 3.988 18 3.987 18 3.987 18 3.987 18 3.987 18
4 3.865 28 3.871 28 3.878 28 3.883 28 3.888 28 3.893 28
5 3.729 25 3.740 25 3.751 25 3.761 25 3.771 25 3.780 10
6 3.712 10 3.728 10 3.743 10 3.757 10 3.769 10 3.779 25
7 3.620 12 3.623 12 3.629 12 3.637 12 3.646 12 3.655 12
8 3.552 11 3.559 11 3.565 11 3.570 11 3.573 11 3.575 11
9 3.496 23 3.502 17 3.507 17 3.511 17 3.513 17 3.514 17
10 3.495 17 3.501 23 3.503 23 3.504 23 3.504 23 3.502 23
11 3.477 27 3.486 27 3.493 27 3.498 27 3.500 27 3.502 27
12 3.436 19 3.443 19 3.449 19 3.453 19 3.455 19 3.455 19
13 3.419 15 3.425 15 3.429 15 3.434 13 3.439 13 3.454 1
14 3.407 32 3.417 32 3.427 13 3.430 15 3.436 1 3.443 21
15 3.404 13 3.417 13 3.424 32 3.429 32 3.431 32 3.442 13
16 3.403 37 3.411 37 3.417 37 3.421 37 3.430 15 3.432 32
17 3.391 35 3.398 35 3.402 35 3.414 1 3.427 21 3.429 15
18 3.364 16 3.365 9 3.388 1 3.408 21 3.425 37 3.427 37
19 3.351 22 3.365 16 3.386 21 3.402 35 3.403 5 3.416 5
20 3.349 9 3.364 22 3.379 9 3.391 9 3.401 35 3.408 9
21 3.338 21 3.363 21 3.374 22 3.386 5 3.400 9 3.398 35
22 3.333 8 3.357 1 3.365 5 3.382 22 3.388 22 3.391 22
23 3.324 1 3.341 5 3.364 16 3.360 16 3.360 20 3.370 20
24 3.315 5 3.333 8 3.333 8 3.346 20 3.355 16 3.350 16
25 3.301 20 3.313 20 3.329 20 3.333 8 3.333 8 3.333 8
26 3.251 26 3.255 26 3.258 26 3.280 6 3.300 6 3.315 6
27 3.200 36 3.230 6 3.257 6 3.273 36 3.292 36 3.308 36
28 3.198 6 3.226 36 3.251 36 3.259 26 3.260 26 3.260 26
29 3.182 4 3.192 4 3.201 4 3.207 4 3.223 7 3.238 7
30 3.166 24 3.152 7 3.180 7 3.203 7 3.212 4 3.225 2
31 3.152 34 3.149 24 3.136 2 3.171 2 3.200 2 3.225 3
32 3.121 7 3.136 34 3.136 3 3.171 3 3.200 3 3.215 4
33 3.058 2 3.099 2 3.129 24 3.107 24 3.085 24 3.064 24
34 3.058 3 3.099 3 3.118 34 3.099 34 3.080 34 3.062 34
35 2.742 33 2.731 33 2.720 33 2.711 33 2.702 33 2.694 33
36 2.000 14 2.000 14 2.000 14 2.000 14 2.000 14 2.000 14
37 2.000 31 2.000 31 2.000 31 2.000 31 2.000 31 2.000 31

Note. PN¼ product number. The product reviewed by user J and corresponding expectation are highlighted in bold.
Source: Created by the authors.

Table 4. Expectation, perceived performance, confirmation and sub-preference of each review.
t　 EJt PJt CJt W0J

t

1 2.924 2.834 0.971 [0,0.5,0.375,0.125,0,0,0,0]
2 3.119 2.583 0.828 [0,0.833,0,0.167,0,0,0,0]
3 3.031 2.7 0.891 [0,0,0.6,0,0.4,0,0,0]
4 3.044 2.576 0.846 [0,0.727,0.182,0,0.091,0,0,0]

Source: Created by the authors.
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preference of each review. For new consumers, we let both initial values of a and b
be 0.5, and initial overall preference be [0.125,0.125,0.125,0.125,0.125,0.125,0.125,
0.125], which are shown in Table 5 when t ¼ 0: Table 6 presents predicted values of
a, b, the satisfaction and overall preference of each review. Every predicted overall
preference is used to compute the expectation on all products of user J, which are
regarded as the basis of product ranking.

As can be seen from Table 4, although user J has different sub-preferences in dif-
ferent time, it is obvious that he/she mainly focuses on four attributes: color, func-
tion, packaging and price. Correspondingly, the weights of color, function, packaging,
and price in real and predicted overall preferences increase over several iterations.
Because the number of reviews of user J is small, the values of the satisfaction param-
eters a and b fluctuate greatly. As the number of reviews increases, the satisfaction

Table 5. Real a, b, satisfaction and overall preference of each review.
t ðaJt ,bJtÞ SJt WJ

t

0 (0.5,0.5) Null [0.125,0.125,0.125,0.125,0.125,0.125,0.125,0.125]
1 (0.1,0.9) 1.166 [0.057,0.330,0.262,0.125,0.057,0.057,0.057,0.057]
2 (0.5,0.5) 1.974 [0.035,0.521,0.162,0.141,0.035,0.035,0.035,0.035]
3 (0.2,0.8) 1.961 [0.017,0.256,0.385,0.069,0.221,0.017,0.017,0.017]

Source: Created by the authors.

Table 6. Predicted a, b, satisfaction and overall preference of each review.
t ðâJ

t , b̂
J
tÞ Ŝ

J
t Ŵ

J
t

1 (0.5,0.5) 1.948 [0.077,0.269,0.221,0.125,0.077,0.077,0.077,0.077]
2 (0.3,0.7) 1.515 [0.030,0.563,0.141,0.144,0.030,0.030,0.030,0.030]
3 (0.367,0.633) 1.747 [0.020,0.297,0.351,0.080,0.192,0.020,0.020,0.020]
4 (0.3,0.7) 1.505 [0.009,0.475,0.291,0.037,0.16,0.009,0.009,0.009]

Source: Created by the authors.

Table 7. Product ranking for user J.
Rank Ê

J
5, PN PN Rank Ê

J
5, PN PN Rank Ê

J
5, PN PN Rank Ê

J
5, PN PN

1 4.000 14 23 3.264 5 45 3.116 55 67 3.000 42
2 4.000 60 24 3.250 24 46 3.115 80 68 3.000 65
3 3.738 74 25 3.244 62 47 3.115 11 69 2.998 7
4 3.719 73 26 3.240 56 48 3.113 38 70 2.994 6
5 3.713 64 27 3.240 57 49 3.113 39 71 2.988 81
6 3.709 70 28 3.233 9 50 3.113 59 72 2.966 2
7 3.708 3 29 3.226 52 51 3.112 12 73 2.966 68
8 3.686 44 30 3.197 16 52 3.108 50 74 2.964 25
9 3.653 33 31 3.190 27 53 3.108 30 75 2.945 48
10 3.623 85 32 3.184 18 54 3.101 19 76 2.877 10
11 3.512 21 33 3.175 36 55 3.095 66 77 2.845 71
12 3.475 43 34 3.169 49 56 3.061 69 78 2.835 17
13 3.446 20 35 3.163 15 57 3.049 53 79 2.822 67
14 3.438 72 36 3.162 34 58 3.047 83 80 2.804 79
15 3.425 63 37 3.160 86 59 3.047 35 81 2.780 84
16 3.420 77 38 3.159 4 60 3.041 47 82 2.747 78
17 3.339 37 39 3.154 8 61 3.040 76 83 2.744 13
18 3.338 23 40 3.146 58 62 3.038 29 84 2.537 75
19 3.331 1 41 3.146 46 63 3.007 28 85 2.447 82
20 3.290 61 42 3.143 45 64 3.000 32 86 2.000 26
21 3.281 22 43 3.125 51 65 3.000 40 　
22 3.281 31 44 3.116 54 66 3.000 41 　 　 　
Note. PN¼ product number.
Source: Created by the authors.
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parameter will stabilise, which will help improve the accuracy of consumer preference
prediction and product recommendation.

Table 7 presents the product ranking after the 4th review of user J. By using the
predicted overall preference in Table 7, based on Equation (10), we compute the
expectation on 86 products at the time of data collection. Then, we rank products
according to expectations to make recommendations for user J. Based on online
reviews, we calculate users’ expectation on each product using the predicted overall
consumer preference to rank products. But there is no guarantee that users will select
the top-ranked products. As we collect more users’ reviews, our preference prediction
accuracy improves, and users are more likely to select the top-ranked products.

5. Conclusion

5.1. Theoretical implications

This paper considered an online retailer endowed with various products and the pref-
erences of consumers on that platform are dynamic. The goal of this paper is to
explore the efficient use of theories about consumer satisfaction formation for accur-
ate dynamic preference elicitation from online reviews, so as to make personalised
recommendations. To this end, this paper proposed a dynamic preference elicitation
model based on the ECT where retailers use online reviews of customers as the
source of preference elicitation. Theoretical contributions of this study are as follows:

First, in previous studies (Bhattacherjee, 2001), elements of ECT like expectation,
perceived performance and satisfaction were usually collected on site with scales.
Considering that it was not practical to collect the information of online consumers
mentioned above frequently and repeatedly, this paper proposed formulas to define
expectation, perceived performance and satisfaction, respectively. With the ECT as a
framework, we extracted expectation, perceived performance and sub-preference from
reviews of other consumers and the target customer, and then calculated confirm-
ation and satisfaction based on the proposed formulas.

Second, different from the conventional ECT (Filieri et al., 2021; Lee & Kim, 2020),
the influence of satisfaction on repurchase intention was replaced by the satisfaction
that affects the influence degree of each sub-preference on the overall preference.

Third, existing studies about preference elicitation ignored the psychological per-
ceptions and preference changes (Li et al., 2020; Shen et al., 2019). We considered the
dynamics of the impact of expectation and confirmation on satisfaction in the ECT,
and proposed a dynamic preference elicitation model. Based on the proposed model,
we can get the expectation of a target customer for each product in which the overall
preference was one of the factors and take the calculated expectation as the basis of
product ranking and recommendation.

5.2. Managerial implications

This paper provided a method for retailers to elicit consumer preferences dynamically
and recommend products based on online reviews. Managerial implications are
as follows:
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First, since the analysis objects are the detailed product attributes, managers can
formulate corresponding strategies based on the analysis results. Taking the founda-
tion data used in this paper as an example, there are eight attributes (Brand, Color,
Function, Packaging, Price, Quality, Smell, Other) that production managers need to
focus on to improve their products. In addition, marketing planners need to consider
which product attributes should be highlighted in marketing.

Second, managers can obtain consumer preferences according to each users’
review. After knowing the needs of consumers, online retailers can recommend prod-
ucts for consumers in line with their preferences, thus achieving the purpose of
improving consumer satisfaction and repurchase intention.

5.3. Limitations and future research

Although this paper provided a method to help managers elicit consumer preferences,
there were some limitations. First, we made assumptions to simplify the model, for
instance, we used linear expressions of expectation and confirmation to represent sat-
isfaction and assumed the ranges of parameters. In the application background of this
paper, the variables of the simple ECT (Bhattacherjee, 2001) are the most necessary,
so we use the simple ECT as the theoretical basis. In other application contexts, other
variables besides the simple ECT variables may be required. For example, in expan-
sions of the ECT (Shin et al., 2017), there were many other factors besides expect-
ation and confirmation that affect satisfaction. Future studies can add other factors
and consider other expressions of satisfaction based on this paper.

Second, we assumed a convex function relation between satisfaction and effect as
shown in Figure 5 and applied it to the process of dynamic preference elicitation.
The specific relation between satisfaction and effect needs to be further proved.

Finally, the limitations of the proposed method in practice are discussed. The pro-
posed method can be seen as a small part of a recommendation system in practice,
and its triggering should be conditional. Other programs of the recommendation sys-
tem judge if customers have a high probability to buy a certain kind of product, and
then the proposed model is run to calculate user expectations and other personal
data. The triggering procedure of the proposed method is not within the scope of
this study. The calculation challenge of this method lies in the need to calculate the
trigger conditions, user expectations, and other personal data of numerous users at
any time, which requires a huge server to ensure the smooth operation of the whole
system. In addition, this paper presents a case study based on one product group,
and further research is needed to see if the operation of the proposed method can be
extended to other kinds of products.

Notes

1. https://www.emarketer.com/content/global-ecommerce-forecast-2021
2. Consumers may have consumed in other platforms or revealed personal characteristics in

social media. However, owing to the confidentiality of data on every platform, it is
supposed that sellers on different platforms can only infer expectations of consumers
based on the information on their own online platforms.
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3. Regular expression is a pattern used to match strings, whose functions include checking
whether a string contains a certain substring, replacing the matched substring, and taking
out the substring matching a certain condition from a string (Thompson, 1968).

4. http://stanfordnlp.github.io/CoreNLP/.
5. Considering that different products have different times to market and we cannot rank

unsold items, we take the time of first review for each product as its beginning time to
market. Products released later than the target customer’s purchase time will not
be considered.
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