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Abstract—Currently, business organizations are using
Electronic Word-of-Mouth (EWOM) from consumer-opinion
platforms to elevate their marketing strategies using semantic
analysis and emotion mining. Existing efforts are devoted to
analyzing EWOM using fine-grained emotion classification;
however, the well-known and well-established emotion models
that provide a basic set of psychological and biological emotions
are not targeted in these studies. Further, the existing literature is
unable to present temporal dynamism and volatility of consumers’
emotions according to emotion categories thathave aninescapable
impact on consumers and corporate decision-making process.
Therefore, this study tries to address this gap by extracting,
classifying, summarizing, and tracking consumers’ emotions for
corporate and consumers’ decision-making processes based on
widely used and well-established Ekman's emotions model.
Therefore, the current work aims to provide consumers’ emotions
temporal dynamism and volatility at product and feature levels by
using binary and fine-grained emotion classifications based on
Ekman’s basic psychological and biological emotions. Online
reviews from amazon.com are used for experimental purposes.
The results of the study exhibited that consumers predominantly
expressed joy emotion to the camera. However, the picture feature
of the camera evoked negative emotions, namely, fear, anger, and
sadness. Temporal analysis unveiled shifting emotional
expressions in quarter 1 and quarter 2. The results of the study
will assist corporates in shaping their decision-making process and
marketing strategies. Moreover, the findings of the study provide
valuable insights into consumers to improve their purchase
decisions by pinpointing the advantages and disadvantages of
critical product features through emotional clues.

Keywords—Emotion; emotion mining; semantic analysis; online
reviews

I.  INTRODUCTION

The proliferation of online review platforms has transmuted
content publishing from corporates towards consumers [ 1]. The
web offers highly scalable and accessible platforms to
consumers for the creation and dissemination of Electronic
Word-of-Mouth (EWOM) such as wikis, discussion forums,
tweets, blogs, and online review websites. EWOM is a positive
or negative statement about an object such as product, people,
service, topic, organization, set by the potential, actual or former
consumers which is available online to a vast audience [2].
Currently, consumersare connected globally to online platforms
to express their emotions, evaluations, opinions, and judgments
to a broad spectrum of individuals [3][4]. Therefore, fast-
growing EWOM provides unstructured, trustworthy, and freely

available valuable decision-oriented data that can address the
diverse needs of corporatesand consumers by providing insights
into consumers’ behaviour, and preferences[5][6][7]. This
powerful source of emotions leverages corporates in various
business intelligence tasks, namely, sale prediction, risk
analysis, enterprise strategies, and benchmarking. On the other
hand, it assists consumers in their purchase decisions by
highlighting the advantages and disadvantages of a target
product [8][9].

Although there are many online platforms for consumers to
express their opinions, evaluations, and emotions; however,
online reviews are considered more credible and trustworthy
[10]. Further, the characteristics of Web 2.0, such as scalability,
accessibility, and enhanced users’ participation, allow
consumers all over the world to express their emotions by
writing reviews that result in the explosive growth of online
reviews [11]. The massive freely available online reviews
present valuable insight into critical features of a target product
thatplayan important role in consumers’ purchases and business
strategies [7][12][13]. Therefore, corporates are targeting
consumers’ online reviews from different sources for their
decision-making process [14][15]. Major retailers’ websites
provide a star rating of a product and the helpfulness of the
review such as amazon.com, ebay.com, and aliexpress.com. On
the other hand, cnet.com presents the rating of a product and its
prominent features. However, the emotions expressed by
consumers are not considered and published by these websites.
Further, it is difficult to extract consumers’ emotions manually
on critical features of a product due to the volume, distribution,
length, structure, multidimensional data and dynamic nature of
the online reviews[7][16].

Early efforts and attempts of opinion mining focused on the
classification of online reviews into positive or negative opinion
categories [17][18]. Later, online reviews are classified into
fine-grained opinion categories [ 19][20][7]. However, the fine-
grained opinion categories are unable to provide a perception of
consumers’ emotions. The classification of EWOM into
emotion categories may provide an enhanced understanding of
consumers’ state of mind, evaluation, and judgment about a
particular product. Further, limited attempts are also performed
to provide fine-grained emotion classification of online reviews
that provide a deeper understanding of consumers’ opinions,
sentiments, emotions, and evaluations about a target product or
feature. However, the existing studies do not classify emotions
into well-known and well-established basic psychological and
biological emotions as there is a limitednumber of emotions that
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are biologically and psychologically basic to human beings [21].
Further, consumers’ emotions may change with time, that is,
positive emotions change into negative emotions and vice versa
as exhibited by Twitter data [22]. Existing studies [23][24]. are
not reporting this temporal dynamism and volatility of
consumers’ emotions according to emotion categories that have
an enormous impact on corporate and consumers’ decision-
making process. Therefore, it is vital to track this shiftin the
emotions of consumers of a particular feature or a product over
time based on psychological and biological emotions, and the
reason behind this change should be identified to make
appropriate decisions. Consequently, there is a need to extract,
classify, summarize, and track consumers’ emotions according
tobasic psychological and biological emotions for corporate and
consumer decision-making.

The aim of this work is to extract, classify, and summarize
consumers’ emotions expressed inonline reviews, and to present
the temporal dynamism and volatility of consumers’ emotions
according to well-established and widely used basic
psychological and biological emotions [25] that impacts
corporate planningand theconsumers’ decision-making process
significantly. Specifically, the current study 1) classifies and
summaries consumers’ online reviews into binary and fine-grain
classes according to the well-known psychological and
biological emotions at the product level, 2) classifies and
summaries consumers’ online reviews into binary and fine-grain
classes according to the well-known psychological and
biological emotions at the feature level, 3) provides temporal
dynamism and volatility of consumers’ emotions according to
psychological and biological emotions at the product level, and
4) provides temporal dynamism and volatility of consumers’
emotions according to psychological and biological emotions at
the feature level. A dataset consisting of real online reviews
from amazon.com is used for the experimental purpose in this
study.

This study has the following contributions:

o The classification of consumers’ emotions into well-
known six basic psychological and biological emotions
categories: anger, fear, disgust, joy, surprise, and sadness
defined by Ekman [25] is presented by the study.

e The study highlights six basic psychological and
biological consumers’ emotions for target products that
show the strengths and weaknesses of target products
reported by the actual users of products.

e The six basic psychological and biological consumers’
emotions for prominent features of target products are
also reported by the study that can play a decisive factor
in the purchase decision of consumers.

e The temporal dynamism and volatility of six basic
psychological and biological consumers’ emotions are
observed and presented by the study that is helpful to
understand the change in consumers’ emotions over
time. The temporal dynamism of consumers’ emotions is
highlighted at two levels: product and feature in the
study.
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The rest of the paper is organized as follows: Existing
emotion models and related work are reviewed in Section IL.
Section III discusses the proposed methodology. Section IV
described the experimental results and discussion. Section V
presents the research implications. Lastly, Section VI concludes
the paper.

II. LITERATURE REVIEW

A. Emotion Models

Emotions are strong positive or negative motivational
stimuli that comprise experiences such as love, hate, anger, joy,
and grief. To study the emotions expressed by humans, various
emotion models are presented in the literature of Psychology.
And these emotion models are a critical component of emotion
mining systems [26]. Therefore, this section reviews the state-
of-the-art emotion models by focusing on key emotion
categories and their associated descriptors. These descriptors
play a crucialrole in the measurement of emotions. Moreover,
basic emotions are the motions having no other emotional
constituent parts. Table I provides a summary of existing
emotion models.

TABLE I. EXISTING EMOTION MODELS

Reference Basic Emotions

[27] Anger, disgust, elation, fear, subjection, tender-emotion,
wonder

28 Fear, love, rage

[ g

[29] Anger, aversion, courage, dejection, desire, despair, fear,
hate, hope, love, sadness

[30] Pain, pleasure

[31] Joy, Anguish, Fear, Anger, Disgust, Surprise, Interest, Shame

[25] Joy, Sadness, Fear, Anger, Disgust, Surprise

(32] Interest, joy, surprise, sadness, anger, disgust, contempt, self-
hostility, fear, shame, shyness, guilt

(33] Acceptance, anger, anticipation, disgust, joy, fear, sadness,
surprise

[34] Expectancy, fear, rage, panic

[35] Happiness, sadness

[36] Desire, happiness, interest, surprise, wonder, sorrow

[37] Love, Joy, Surprise, Anger, Sadness, Fear

31] Anger, interest, contempt, disgust, distress, fear, joy, shame,
surprise
Fear, Worry, Anger, Joy, Sadness, Discontent, loneliness,

38 Peacefulness, Excitement, Optimism, Surprise, Shame, Guilt,

p

Romantic Love, Love, Contentment, Envy

(39] Fear, Anger, Enjoyment, Distress, Disgust, Surprise,
Contempt

[40] contentment, embarrassment, excitement, guilt, pride in
achievement, relief, satisfaction, sensory pleasure, and shame

While researchers and psychologists have proposed various
emotion models, however, Ekman’s model [25] with six basic
emotions is considered the most widely accepted and used
model in computer science and natural language processing
research areas [26][41][42][43]. This model presents six basic
emotions: anger, fear, disgust, joy, surprise, and sadness. Later,
Ekman expanded these basic emotions by introducing additional
positive and negative emotion dimensions [40]. Due to
widespread adoption and validation of Ekman’s basic emotion
model, the current study utilized this model to classify the
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emotion expressed by consumers into the six basic emotion
categories.

B. Related Work

Emotion mining has been explored in various contexts,
including blogs [41], health [42], social media platforms like
Facebook[43]and Twitter[44],news headlines[45] [46], online
reviews [21], customer emails [47], and stock exchange [48].
These applications aim to extract and analyze emotions
expressed by individuals or groups, providing valuable insights
into human behavior and sentiment.

Significant work in the area of emotion classification is
performed on Twitter data to analyze emotional content in
tweets. Recently, [22] classified the public tweets into binary
classes as well as into the basic emotions. Similarly, [49]
exploited machine learning techniques for the classification of
tweets in basic emotion categories. Further, the work analyzed
the changes in emotions over time. Likewise, the artificial
intelligence methods are utilized in [ 50] toanalyze 73,000 public
conversations on Twitter associated with the Corona pandemic
usingbasic emotions proposed by [51].[52] classified 9,000,000
tweets froma specific time frameinto six moods: tension, anger,
depression, vigor, confusion, and fatigue using the proposed
profile of mood states method. On the otherhand, [ 53] utilized
hashtags of tweets as emotion labels for the classification of
emotions expressed in tweets. A linear classifier is used to
classify 2,500,000 tweets using hashtags as emotion labels into
seven emotions: anger, joy, fear, love, sadness, thankfulness,
and surprise. The comparison of manually labeled tweets and
hashtags labels showedacceptable agreement. Further, the result
of'experiments conducted using different features like unigrams,
bi-grams, POS tags, adjectives, and lexicons exhibited that
unigrams, bi-grams, and POS tags provide the best emotion
detection results. Moreover, the findings of the study suggested
that the increased size of the training dataset has a direct impact
on the accuracy of'the classifier. In [54], the authors also used
hashtags to classify a dataset of 134,000 tweets. They compared
hashtags with manual tags assigned by two groups: a group of
people and a group of psychologists. The findings of [53] [54]
suggest that larger training datasets and features like uni-grams,
bi-grams, and POS tags can improve emotion detection
accuracy.

In the context of blogs, [55] [56] classified online diary
entries into 1 of 40 moods of the writer using a support vector
machine. Mood classification is considered similar to emotion
classification; however, emotions are more intense in nature.
The previous work was enhanced by [38] by capturing and
aggregating the moods of writers from a large number of blog
posts in a certain period. Similarly, [46] analyzed the emotional
content in online news.

In [57], the authors identified emotion passages from the
children's fairy tales dataset and then classified these emotions
into positive and negative valence. The results from their linear
classifier (Sparse Network of Winnows) are not very promising;
however, their dataset is extensively utilized by the emotion
mining community. Fine-grained classification of emotions
fromtextis performed by [58]. In this work, the authors targeted
the 600 notes of persons who committed suicide and predicted a
label for each note from 15 emotions such as love, hopelessness,
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thankfulness, sorrow, and anger. Another work on fine-grained
emotion classification of text is presented in [59]. The authors
classified the emotions from a pre-defined emotion set that
includes six emotions: Joy, Fear, Anger, Disgust, Sadness, and
Surprise using a Vector Space Model [60].

In the context of consumers’ emotions in online reviews,
[61] explored the relationship between three emotion classes
(positive, negative, and mixed emotions) with product attitude.
On the other hand, [62] identified Plutchick's basic emotions
[51] by using the NRC emotion lexicon in online movie reviews
from IMDb. Unlike previous studies, [62] analyzed negative
emotions in online reviews in a different perspective by
exploringthe associationbetween two negative emotions (regret
and frustration) with the helpfulness of review, reviewer
rationality, and price fairness in online review and their
empirical results confirmed a positive relationship between
these negative emotions and helpfulness of review and price
fairness, however, the positive impact of the negative emotions
on reviewer rationality was not established. The authors in [47]
focused on the customer care domain by identifying customers’
emotional emails complaining about services or products to
provide timely and pertinent responses to the sender of
emotional emails in order to increase customer satisfaction and
retention. They used the boosting method and performed
experiments on 1077 customers’ emails. Their method, based on
salient features, outperforms the baseline method based on the
unigram feature. [63] analyzed the correlation between
helpfulness, unhelpfulness, rating, positive score, and the
negative score of product reviews from amazon.com. The
impact of the emotional score is not found to be significant on
helpfulness in this study; however, a negative correlation is
established between emotional score and rating. The emotional
score is divided into positive and negative; positive emotion
score (1 to 5), whereas negative emotion score (-1 to -5). The
distribution of positive and negative scores over time is also
highlighted in the study. In contrast, [64] found an association
between emotional score and helpfulness of a review. The
existing emotion models are not applied in this work for the
extraction of emotions. Further, [65] classified emotions
expressed in online reviews into positive, negative, and neutral
categories. Also, [66] classified online reviews into positive,
negative and neutral sentiment using machine learning
techniques. Moreover, binary emotion classification is
considered by [67][68]. On the other hand, in [69] [70], the
authors focused on positive, negative, and neutral emotions.
Different experiments were conducted to investigate the link
between emotional expressions in reviews and their impact on
product evaluation in [71]. [72] investigated the relationship
between additional online reviews and sales volume. [21]
presentedthe distribution of positive and negative emotions over
time.

Extensive literature has been available targeting ‘emotions’
in various contexts, like Twitter, online news, and blogs.
According to the best of our knowledge, little work has been
conducted to extract fine-grained emotion -classification
according to well-known and widely used six basic
psychological and biological emotions in the context of
amazon.com at product and feature levels. Moreover, the
temporal dynamism and volatility of consumers’ emotions are
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not tracked by existing work according to basic psychological
and basic emotions. Therefore, the current work focuses on the
extraction, classification, and tracking of basic psychological
and biological emotions: anger, fear, disgust, joy, surprise, and
sadness, proposed by [22] from online reviews of amazon.com.

III. RESEARCH DESIGN

A. Research Framework

Let document D containn reviews R = [1y, 15,75, ... ., T |-
Each review 1, is represented by a tuple having two elements:
metadata (MD,, ) and body (B,, ) of the review (7). This study

extended thetuple of [23]. This tuple is termed as the review
tuple. The tuple is shown in Fig. 1 and is presented as follows:

T = [MDrk'Brk ]

The metadata of thereview (1) is decoded as MD,, and is
comprised of a review rating (RatingMDrk), review title

(TitleMDrk) and date (DateMDTk) whereas B,, signifies asetof
sentences in 7, as shown below:

MD, = [RatingMDrk, TitleMDrk,DateMDrk]
B, =151,5;,53 Sl
VS € B, ,S. [B, SiF; B, S;FECat,B,
S;F;E,, By, S;FE,B, S;Content]

Every sentence S; in B, encloses a feature ( B, S;Fj ),
emotion category of emotion (B,, S;F;ECat), emotion word

Vol. 17, No. 5, 2026

(B, S;F;E, ), emotionexpressed on F; (B,, S;F;E) andcontents
of 5;(B,, S;Content).

Every review (7;,) embodies a set of feature-emotion pairs
(F;, E,). This pair includes a feature (F;)and associated
emotion word (E,, ). Every feature F; may have more than one
associated E,, in document D.

The emotion expressed in the feature F; in sentence
S; classified into two categories: positive (B,, S;F;EC at?os Yor
negative (B, S;F;ECatN®9 ). In other words, B, S;FECatis
either positive or negative. B, SiP}-ECatP"S have two positive
emotions: Joy (B, S;F;ECat?*J°) and surprise
( By, SiF;ECatPos-Supise’y  On the other hand, anger (
B, S;F;ECatNe9-anger), fear (By, S;F;ECatNeg-Fear), disgust
(By, S;F;ECatNed-P19ust) and sad (B,, S;F;ECat"e9-5%?) are
negative emotions that belong to B,, S;F;ECatNed.

B, S;F;ECat = B, S;F;ECat"°,B, S;F;ECat™ |

B, SiF;ECat?* = [B, S;F;ECat?*J®,
Brk Sl-F}-ECatPOS—Surmse]
B”k SiF]-ECatNeg=[Brk SiF}' ECatNeg_ang‘er7
B, SiF}-ECatN“’g—Fear, B, SiF; ECatNe9-Pisgust
B, S;F;ECatN®9-521]

Table II illustrates the description of notations used in the
proposed review tuple.

&

|

MD,,

!

v

MD, Rating

MD, Title

MD,, Date

¥ ¥ ¥
5, 5, S
o BuSiE B, 5.F | B, S.F
B, 5,FECat B, S:.FECat »| B, SmEECat
o B S.BE, B, 5.FE, J B SmBE.
B, 5.RE B 5.5E > B, SmfE
5y Content S, Content . SmContent
Fig. 1. Proposed tuple.
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TABLEII. DESCRIPTION OF NOTATIONS
Notations Description
D Document having n product reviews
Ty Review k
MD,, Metadata of Review k
B, Body of Review k
MD,, Rating Rating of Review k in the metadata of review
MD,, Title Title of Review k in the metadata of review
MD,, Date Date of Review k in the metadata of review
B, SiF A product feature (F; ) in sentence S; in body of review k
B, S;EECat Emotion category (Positive/Negative) of emotion word E,, associated with feature (F; ) in sentence S; in body of review k
B, S,EE, Emotion word E,, associated with feature (F;) in sentence S; in body of review k
B, S;EE Emotion E associated with feature (F;) in sentence S; in body of review k

B, S;Content The content of S; in body of review k

B, S;FECat?®

Indicates emotion category of emotion word E,, associated with feature (F;) in sentence S; in body of review k is Positive

B,, S;FECat™es

Indicates emotion category of emotion word E,, associated with feature (F;) in sentence S; in body of review k is Negative

B,, S;FECat?sJoy

Indicates Joy emotion expressed on with feature (F; ) in sentence S; in body of review k

Brk SiI;JjECatPos _Surpise

Indicates Surprise emotion expressed on with feature (F} ) in sentence S; in body of review k

B,, S;EECatNes-anger

Indicates Anger emotion expressed on with feature (F; ) in sentence S; in body of review k

Brk SiF}ECatNe‘g’Fear

Indicates Fear emotion expressed on with feature (F;) in sentence S; in body of review k

Brk SiF}ECaCNeg‘DnguSt

Indicates Disgust emotion expressed on with feature (F;) in sentence S; in body of review k

B,, S;EECatNe9-5e4

Indicates Sad emotion expressed on with feature (F;) in sentence S; in body of review k

B. System Architecture

The architecture of the proposed system is discussed in this
section. A system called Emotion Analyzer is developed in this
work to provide fine-grained emotion classification at product
and feature levels, and to track temporal dynamism and
volatility of consumers’ emotions. The system is comprised of
four components: data preprocessor, feature and emotion
extractor, emotion classifier, and emotion visualizer, as shown
in Fig. 2 and discussed below.

Review Document
Review 1 Feature and Emotion Extractor
Review 2
Review 3
i Feature Emotion Pair
Reviewn \

Emotion Classifier

Features, Emotion words,
Emotion categories, Date

Emotion Visualizer
Features, Emotions and

Emotion Trends

Fig.2. Proposed system.

1) Data pre-processor: Data pre-processor performs a
variety of operations to formulate document D containing n
reviews for feature and emotion extraction. The following
operations are performed by the component. Data processing is
performed to increase classification accuracy.

e The symbols, special characters, and punctuations are
removed from document D.

e Stop words are discarded from document D.

e Theinflected or derived words are converted to theirroot
form by utilizing Word stemmingto enhance the
efficiency and accuracy of mining.

e Spell checking is performed to eliminate noise from
document D.

e Part-of-speech tagging is applied to label each word with
its corresponding category, i.e., noun, verb, and
adjective.

2) Feature and emotion extractor: Feature and emotion
extractor identifies critical product features with their
associated emotion words. The input to feature and emotion
extractor is document D consisting of n reviews of a target
product. A file containingall feature-emotion pairs is the output
of feature and emotion extractor. In order to create this file, in
the first step, the decisive features of a target product are
extracted by the feature and emotion extractor. The candidate's
features are derived from frequent nouns. All frequent nouns
are obtained from document D and stored in a list called
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Nounlist[]. Then, a weight is assigned to each noun in Nounlist
[

Existing literature presents a multitude of schemes for
feature weight calculation, such as word frequency-inverse
document frequency (TF-IDF), chi- square test, and information
gain. However, among the aforementioned schemes, TF-IDF is
regarded as themostubiquitousand efficientscheme sinceit can
reflect the importance of words withina collection of documents
[79]. Therefore, the current work utilized and enhanced this
scheme for feature weight calculation. The formula of TF-IDF
utilized in the current study is shown in Eq. (1) — (3).

FF () = g 1)
idf (f, D) = Log () @)
Trire IR|

fif-idf (fm.D) = *Log () ()

ij’Ekafj',rk

In Equation 1, ffj,rkis the number of times f; occurs in 7,
and is calculated using Eq. (4).

ff,-,rk = Yit1 Count f; occurence inn 4

The denominator in Equation 1 shows the total number of
features in 7;,.

|R| in Eq. (2) shows the total number of reviews in D. ng =

[{re € D: f € i }|: numberofreviews in which the f; appears
where tf(t,d) # 0 and computed using equation below:

ng = XicalfjExistinn, = True] 5)

Eq. (6) and (7) compute the weight of features by introducing
a new variable into TF-IDF calculation, that is, the number of
emotion words associated with f;  (f;E, Count) . The
introduction of the new variable rests on the assumption that
more emotions expressed toward a feature indicate frequent
discussion of that feature, thus justifyinga higher relative weight
compared to other features.

Eq. (8) exhibits the computation of f; E, Count.
;W = fif.idf (f,1,D )+ fiE,Count  (6)

_ fFj,‘r'k
Xfi'en £’

R

* Log (—) + f;E,,Count  (7)

fiw

fiEwCount = }¢_, Count E, assoiated with f; () (8)

Eq. (7) is used to compute the weight of a feature f;. Nouns
in NounList[] having f;W above a threshold o are considered as
potential features as shown in Eq. (9).

F=1fiforfzr s fl )

After this, E,, associated with each feature are extracted by
exploiting a window-based approach in which E|, conversed
within K words of f; are selected as associated emotion words
( fjE)- Attheend,afeatureemotion listis created that contains
all features and associated emotion words as shown below:

Vol. 17, No. 5, 2026

If f; is a feature in the F, then fiE,=
{F}Ewl'F}sz' ... F;Ey, }. The feature-opinion pairs (FW) are
stored in a ragged array represented below:

FW € RMn x m_i} wheren = ) {x € F}landm iis
the number of column in i row.

3) Emotion classifier: The task of emotion classification is
performed by the emotion classifier. The input to the emotion
classifieris FW and the output is the classification of emotions.
Extensive emotion mining systems rely on emotion lexicon
(dictionary-based approach) for the classification of emotions,
and some emotion lexicons are available in the literature forthe
classification of emotions, such as Wordnet Affect [74]. The
Linguistic Inquiry and Word Count (LIWC) [75], NRC emotion
lexicon [76], Clean Balanced Emotional Tweets (CBET)[76]
[77]. Recently, [78] utilizes the NRC lexicon to classify public
tweets into the emotion categories of Ekman. Therefore, the
current study also utilized the NRC emotion lexicon [73].

Given the feature-emotion pairs FW, the emotion
classification function f classifies F;W; to an emotion category
e, using lexicon L.

Formally, f'can be defined as:
f2(FW;;, L) = L(e;;) = e
where,
FW;; = (f, Ew,) € FW,Ey € E,,L(Ey,) = e € E

FW,; € FXE,

L € R*(nxm),wheren is the number of wordsin the lexicon
and m is the number of emotion categories.

E ={e, e, 3, 65,6, where e; =Joy, e, =surprise,
e;=anger, e,=fear, eg=disgust, e;=sad.

In other words,

f: FW;;— E, where g(E,,) =argmax_e €E (P(¢|E,,)), and
P(e|E,,) is the probability of emotion e given the word E,,

The classified emotions are aggregated at the feature using
the following equations:

m sentence(r)

Countf;e; = Z Z [S; fiEw = €]
r=1 i=1

m sentence(r)

Countfie, = Z Z [S; fiEw = €]
r=1 i=1
m sentence(r)

Countfie; = Z Z [S; fiEw = €3]
r=1 i=1

m sentence(r)

Countfie, = z Z [Si fiEw = €4]

r=1 i=1
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m sentence(r)

Countfjes = Z Z [Sl-ijW = eg]
r=1 i=1

m sentence(r)

Countfies =

r=1 i=1

[Si fiEw = e6]

The classified emotions are then aggregated at the feature
and product levels using the following equations:

Feature-level aggregation: F e= X {wE W} P(e|w) / [W|
Product-level aggregation: P e= X {fEF} F e/|F|

where, F_e is the feature-level emotion score, P_e is the
product-level emotion score, and [W| and |F| are the number of
words and features, respectively.

The emotion classifier provides a file to the emotion
visualizer that consists of a list of features, associated emotion
words, emotion categories, and the date on which this emotion
category was expressed by the consumer. This can be
representedas atuple (F, W, E, D), where Fis the set of features,
W isthe setofemotion words, Eis the set of emotion categories,
and D is the set of dates.

4) Emotion visualizer: The visual summary of consumers’
basicbiological and psychological emotions is presented by the
emotion visualizer. It utilizes two types of visualizations: bar
charts and line graphs to display emotions expressed in online
reviews. A bar chart visualization is used to present the
classification and summarization of consumers’ biological and
psychological emotions at product and feature levels. To
display the temporal and volatility of reviews, a line graph
visualization is utilized by the emotion visualizer. It takes the
file containing features, emotion words, and emotion categories
from the emotion classifier and aggregates these emotions
according to the emotion categories at the product and feature
levels. Then, it plots the temporal dynamism and volatility of
emotions using a line graph.

IV. EXPERIMENTAL DATASET, RESULTS, AND DISCUSSION

This section presents the details of the experimental dataset,
the results of experiments performed on the experimental
dataset, and a discussion of the results.

A. Experimental Dataset

The proposed system is evaluated on online reviews from
amazon.com. This dataset was used by many studies, including
[23][7][73][80]. The data set contains consumers’ reviews of
five diverse digital products: two digital cameras (Canon G3 and
Nikon Coolpix 4300),onemobile phone (Nokia 6610), one MP3
player (Creative LabsNomad Jukebox Zen Xtra 40GB), and one
DVD player (Apex AD2600 Progressive-scan DVD player).
However, the date metadata of the reviews is not available in
this dataset. The authors added the metadata to the dataset.

B. Experimental Results and Discussion

This section presentsthe aggregated consumers’ emotions at
product and feature levels, along with the change in the
consumers’ emotions over time.

Vol. 17, No. 5, 2026

1) Consumers’ emotion categoriesat the product level: The
results of fine-grained and binary emotion classifications of the
Canon G3 camera at the product level are presented in this
section. Fig. 3 shows the fine-grained consumers’ basic
emotions classification of the Canon G3 Camera. The joy
emotion is in the first position, having a value of 157, as
consumers expressed the Joy emotion more compared to other
emotions.Joy is considered a positive emotion; therefore, it can
be inferred that consumers enjoyed the use of the Canon G3
camera. The anger emotion is in second position with a value
of 102 which s less than the value of joy emotion depicting the
consumers’ dissatisfaction. Consequently, consumers also
expressed other negative emotions: sadness, fear, and disgust
withthe valuesof89,80,and 50, respectively. In contrast, some
consumers defined Canon G3 with surprise emotion (81 value).
It can be concluded from Fig. 3 that most consumers are happy
with the camera as the frequency of Joy is very high compared
to other emotions. Fig. 4 represents the binary emotion
classification of the Canon G3 camera presenting that
consumers are not satisfied with the camera as they expressed
negative emotions (anger, fear, disgust, and sadness) more than
positive emotions (joy and surprise).

Anger 102
Joy 157
Fear
Disgust

Fig. 3. Basic consumers’ emotions on the Canon G3 camera.

B Positive Emotions

B Negative
Emotions

Fig. 4. Binary emotion classification of Canon G3 Camera.

2) Consumers' emotion categories at feature level: This
section presents the basic consumers’ emotions at the feature
level. Due to the space limitations, we are presenting the fine-
grained emotions classification of the top three features
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(Camera, Picture, and Use) of the Canon G3 Camera (Fig. 5).
Consumers expressed all emotions only through the camera
feature. Disgust emotion is not mentioned by consumers for the
picture and use features, highlighting that consumers like the
picture and the use features of the camera. Moreover, only
positive emotions (joy and surprise) are described by
consumers for the use feature, showing the appreciation by the
consumers towards the use of the camera. Further, it can be
concluded that the camera is easy to use. All of these features
are discussed using joy emotion remarkably as compared to
other emotions. In other words, consumers are satisfied with
these features tremendously. Specifically, for the camera, the
highest discussed emotion s joy, with the highest value of 23
showing the endorsement of the camera by consumers. A few
consumers are angry about the camera as shown by the value
(4) of angry emotion. Also, other emotions (fear, surprise,
disgust and sadness) are discussed by fewer consumers as
indicated by a value of 3 for all features. Similarly, consumers
exhibited mixed emotions (anger, surprise, and sadness) for the
picture feature in a very small frequency of 3.

The binary emotion classification of the top three features is
depicted in Fig. 6. All of these features received more positive
emotions than negative emotions. The use feature received only
positive emotions.

3) Temporal dynamism and volatility of consumers’
emotions at the product level: This section describes the
temporal dynamism and volatility of consumers’ basic
emotions are product level. Fig. 7 exhibited the temporal

42
40
38
36
34
32
30
28
26
24
22
20
18
16
14
12
10

ON PO

Picture

Camera

Vol. 17, No. 5, 2026

dynamism and volatility of consumers’ emotions at product
level. Consumers expressed all basic emotions from Q1 to Q4.
More emotions are expressedin Q1 as shown by the values of
anger, joy, fear, surprise, disgust, and sadness. On the other
hand, fewer emotions are expressed in other quarters of the
year. Fig. 8 shows the temporal dynamism and volatility of
consumers’ emotions at product level overaperiod of one year.
In the month of March, the joy emotions are expressed more by
the consumers. It is also interesting to note that at the starting
month, consumers described the Canon G3 camera with joy and
emotion.

Sadness [l
Disgust [N
Surprise D
Fear [N
Joy NN
Anger I
0 10 20 30 40

B Camera M Picture M Use

Fig. 5. Basic consumers’ emotions at the feature level.

B Negative Emotions

M Postive Emotions

Use

Fig. 6. Binary classification of the top three features.
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Fig. 7. Temporal dynamism and volatility of basic consumers' emotions at the product level.
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Fig. 8. Temporal dynamism and volatility of joy emotion at the product level.
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Fig.9. Temporal dynamism and volatility of binary consumers' emotions at the product level.

Fig. 9 describes the temporal dynamism and volatility of
binary consumers’ emotions at the product level. It is important
to note that more negative emotions are expressed in all quarters

of the year as compared to positive emotions. Therefore, it
shows the consumers’ dissatisfaction with the camera. There is
a decreasing trend in both positive and negative emotions
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expression. However, in Q1 and Q2, consumers are more
expressive than in the other quarters of the year (Q3 and Q4).

4) Temporal dynamism and volatility of consumers’
emotions at the feature level: Fig. 10 exhibited the temporal
dynamism and volatility of consumers’ emotions at the feature
level. It can be seen from the figure that the picture feature is

Vol. 17, No. 5, 2026

discussed only in Q1. Therefore, it can be concluded that with
the launch of the camera, the consumers expressed more
emotions on prominent features like picture, battery, etc.
However, with time, the focus of consumers’ emotions is
shifted to some less critical features.

14
12
> 10
€
o 8
=)
g 6
=g
1
0 -
Q1|Q2|Q3|Q4|Q1|Q2|O3|Q4|Q1|Q2|Q3| Q4|Q1|Q2| Q3|Q4|Q1| Q2|Q3|Q4| Q1|Q2| Q3| Q4|
Anger Joy Fear Surprise Disgust Sadness
Picture Feature |

Fig. 10. Temporal dynamism and volatility of basic consumers' emotions at the feature level.

V. RESEARCH IMPLICATIONS

A. Business Perspective

The implications of expected results from a business
perspective are for corporate decision-makers. First, it aids
corporate decision-makers to improve their products and
services based on the negative EWOM consumers. Second, the
critical product features (the features havinga great impact on
sales) can be identified and can be targeted in future decision-
making. Thirdly, the critical identified features can be focused
on in new product development to enhance future sales.
Fourthly, the result employing positive EWOM can be utilized
for the reputation management of the organization to attract
more consumers. Further, new product advertisements having
positive feedback from consumers may result in increased
consumer loyalty and trust, along with new consumers. Lastly,
the marketing strategies can be designed based on expected
results to attain consumers’ attention and retention.

B. Consumers’ Perspective

From the consumers’ perspective, the results can be
exploited in two different ways. First, the results will highlight
therelativestrengths and weaknesses of thetarget product (s)on
a deeper (fine-grained) level that facilitates consumers’
decision-making process. Moreover, the outcomes will depict
the true emotions, evaluations, opinions, and judgments of
consumers withoutany bias, as the EWOM posed no constraints
on free expression. Consequently, the outcomes support
consumers in their purchase and product adoption decisions.

VI. CONCLUSION, LIMITATIONS, AND FUTURE DIRECTIONS

EWOM is remarkably and consistently increasing due to the
active participation of consumers over different online forums,
includingonlinereviews. However, EWOM is unableto present
consumers’ emotions on different products and services.

Specifically, basic biological and psychological emotions need
to be extracted, summarized, and visualized from EWOM to
empower consumers and enterprises to make informed
decisions. Therefore, this research presents emotion categories
and the temporal dynamism of emotion expressed in online
reviews. The study extracted, summarized, and presented six
basic emotion categories: anger, fear, disgust, joy, surprise, and
sadness of well-known emotion model. Joy emotion is
expressed more by the consumers in the onlinereviews of the
Canon G3 camera published on amazon.com, indicating the
satisfaction of the consumers towards the camera. A few
consumers criticize the picture feature of the camera by
describing it with negative emotions (sadness, anger, and fear).
The proposed system has some potential limitations. First, it is
evaluated on 332 reviews of electronic products. Second, the
reviews are from amazon.com. The future direction of work
includes the analysis of the proposed system by using a large
number of reviews. Further, the proposed system can be utilized
to analyze online reviews from different domains, like movie
reviews and hotel reviews.
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