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(e74 ABSTRACT

Gelig Tarihi: Mobil uygulamalar, titketiciler i¢in giicli platformlar  Mobile applications have emerged as powerful
02.07.2024 olarak ortaya ¢tkmustir ve mobil baglamda platforms for consumers and understanding the
kullanicilarin  igerik ve duygusal yonlerine goére attitudes and reactions of users by content and

Kabul Tarihi: tutum ve tepkilerini anlamak, pazatlama karar verme  emotional sides in a mobile context becomes crucial for
13.00.2024 sirecinde hayati 6nem tagimaktadir. Kapsamlt bir marketing  decision-making.  The study  with
o yaklagima sahip olan ¢aligma, belitli duygular: (6tke, comprehensive approach aims to analyze the emotion
tiksinti, korku, seving, nétr, Uzintl, saskinlik) spectrum in mobile applications user reviews context by

Yayin Tarihi: inceleyerek  mobil  uygulamalardaki  kullanict  examining specific emotions (anger, disgust, fear, joy,
29.09.2024 yorumlart baglamindaki duygu spektrumunu analiz  neutral, sadness, surprise). Sentiment analysis
etmeyi amaglamaktadir. Duygu analizi metodolojisi  methodology (through "Emotion English

Anahtar ("Emotion English DistilRoBERTa-base" DistiiRoBERTa-base" transformers-model) is
Kelimeler transformatér modeli  araciligiyla), 34 mobil employed on the dataset of 302.647 reviews from 34
Cevrimici uygulama kategorisinden 302.647 incelemeden mobile application categories. Categorical examination
&egerlenairmeler olusan veri kiimesinde kullandmustir. Duygulatin = of emotions indicates that neutrality is the dominant
Mobil kategorik olarak incelenmesinde en baskin duygu emotion category, followed by joy, sadness, disgust,
uygulamalar kategorisinin  tarafsizlik  oldugu, bunu seving, surprise, and anger emotion categories, while the fear
Kullanict tzuntd, tiksinme, saskinlk ve o6fke duygu category is the least dominant category. According to
duygulari kategorilerinin takip ettifi, en az baskin olan polarity examination; negative polarity reviews are
Duygu analizi kategorinin  ise  korku = kategorisi  oldugu associated with neutral, sadness and disgust emotions;
gorulmektedir. Polarite incelemesine gore; olumsuz — neutral polarity reviews ate associated with neutral and

Keywords kutupluk incelemeleri nétr, Gzinti ve tiksinme sadness; positive polarity reviews are associated with

Online reviews
Mobile
applications

User sentiments
Sentiment analysis

duygulariyla iliskilidir; nétr kutupluk incelemeleri
tarafsizlik ve Uzuntiyle iliskilendirilir; Olumlu
kutupluluk incelemeleri, nétr ve sevingli duygu
kategorileriyle  iliskilidir. ~ Analizin son kismi
duygularin  tek tek incelenmesini ve her bir
duygunun baskinlik sikligr en yiksek oldugu mobil
uygulama kategorilerinin sunulmasint icermektedir.
Duygularin dagilim oranlart ve farkli uygulama
kategorileriyle  duygularin  bireysel  iliskileri
gelecekteki akademik arastirmalara ve pazarlama
karar alma stireclerine 151k tutar.

neutral and joy emotion categories. Final part of analysis
includes examination of emotions individually and
mobile app categories which each emotion with the
highest frequency of dominance are presented. The
distribution rates of emotions and the individual
relationships of emotions with different application
categories can shed light on future academic research
and marketing decision-making.
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Introduction

Today’s consumers spend their time online and according to We Are Social & Meltwatet's (2024) Digital 2024
Report, the average amount of time spent using the internet was 6 hours 40 minutes in 2023 Q3. One of the
most crucial advances of the digital world regarding consumers and markets is the increase in the amount and
speed of information and experience feedback that consumers and businesses transfer to each other within the
market. Today's consumers can directly convey their positive/negative expetiences about products or services
to companies or other users through various platforms. On the experiences side, mobile applications and mobile
experiences have become essential to today's consumet's daily life and consumer experiences. Different
categories of applications and the resulting ecosystem that appeal to different user habits have become an
important research area for businesses and consumers. Two realities combined lead to the necessity of
understanding today's consumers' feedback about the applications they spend time on, which becomes valuable
for the mobile application market.

Mobile applications consumed by larger audiences in the market ate one of the important parts of today's mobile
world. While mobile application types and usage purposes are becoming richer day by day, mobile applications
in vatious fields such as finance, fitness, health, and travel accompany consumers' daily lives. On the other hand,
with the development of technology, new contexts emerge, and diversity increases. Previous studies in the
literature focuses on several concepts such as sales of mobile apps (Liang et al., 2015), continued use (Lee, 2018)
and dissatisfaction (Sally, 2023). The content side of online reviews are already examined in literature by topic
side (Permana et al., 2020) and emotion side (Mondal et al., 2024) already. However, previous studies has limited
contexts and a comprehensive and integrated approach for the content and emotion is required to understand
the landscape of the mobile application ecosystem. This study focuses on the research gap about the
comprehensivity of ecosystem by utilizing various mobile application categories with a larger dataset.

Business can make use of consumers’ writings about products in a category for better understanding of
marketing opportunities, competitive landscape, market structure and features of products either their own
products or competitors (Netzer et al., 2012). This study starts from this idea and set outs to examine the online
review ecosystem by emotion petspective. The research questions/topics are related to several aspects of the
study including; 1) the current state of emotions in the conversation, ii) emotion spectrum among mobile
applications category, iii) polarity and granularity in online reviews emotions, iv) individual emotion analysis.
Consistent to research topics, sentiment analysis methodology including eight emotion category is employed for
the dataset of 302.647 online reviews. The study starts with literature review sections of eWom and emotions
and continues with the methodology part which leads to discussion and conclusion sections. The study sets out
to conclude a comprehensive understanding of the emotional spectrum that guides mobile marketing decision-
makers about emotions and mobile app categories from a consumer perspective.

Literature Review
eWom and Online Reviews

Westbrook (1987) defines word of mouth concept as “informal communications directed at other consumers abont the
ownership, usage, or characteristics of particular goods and services and/ or their sellers”. The technology and social media
enabled the growing impact of the concept to the larger audiences around the world and the concept has been
extended into electronic format as eWOM. eWom is defined as “@// informal communications directed at consumers
throngh Internet-based technology related to the usage or characteristics of particular goods and services, or their sellers” (Litvin et
al., 2008). eWOM source have crucial role in consumer decision-making (Jalilvand et al., 2011), people are
affected by it either in positive or negative ways (Hussain et al., 2018) and it becomes an enduring part of online
marketing mix (Cheung et al., 2008). The business and marketing decision-makers assess the marketing
environment by scanning the online channels and get feedbacks about their products and services.

eWOM concept contains various components and content forms in online environment. Previous studies
employs the variety of forms such as tweets (Jansen et al., 2009; Alboqami et al., 2015), facebook posts (Liu et
al., 2017), blogs (Kozinets et al., 2010). Online reviews defined as “peer-generated product evaluations posted on company
or third party websites” (Mudambi & Schuff, 2010), is one of the popular content form in eWOM and contains
text-based data, rating scores and additional data types. Since the product experiences on internet forums are
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judged as trustworthy (Bickart & Schindler, 2001), assessing which components inside the eWOM content by
their effectiveness and impacts to the audiences is one of the essential task in digital marketing.

The content side of the online reviews is related to the functions and components of the reviews. For the
functions side; according to Park et al. (2007), online review has a dual role; one for informant role that provides
product information in a user-oriented way, and one for the recommender role that includes recommendations
of previous customers in eWOM format. These roles can be included in online reviews either in singular form
ot hybrid forms. For the component side; online review websites provides various formats and types of content
that users can use for presenting their opinions. The component can either include only-text content, rating
scores and text reviews or text and images together. The task of marketing decision-makers refers to examining
the content with motivations and consumer psychology since the users reflect their inner state and experiences
together in online reviews.

Understanding emotions in user reviews, where users can convey their experiences, thoughts, and feelings, is
essential for marketing decision-makers. As the expressions of feelings are leading to higher satisfaction and
better product evaluations (Nyer, 2000), evaluating the different aspects of emotions such as rage (McColl-
Kennedy et al., 2009), love (Kim et al., 2010), hate (Zhang & Laroche, 2020) and anxiety (Khoa & Huynh, 2022)
will be helpful to market assessment. Grasping usets' emotions in user reviews will contribute to a better
understanding of the market and the development of products/setvices.

Emotions in Online Reviews

Customers transfer their experience, knowledge and emotions through the user reviews to the other users. The
emotion side can be in form of polarity (positive / negative) or in the form of the specific type of sentiments
(fear, anger, joy). Theoretically, emotions is defined as “organized psychophysiological reactions to news about ongoing
relationships with the environment.” (Lazaruz, 1991). In online context, news may refer to the experience of using
the product/services and reactions may be reflected into the online reviews. Assessing the emotions in online
review context has been studied with several contexts including; purchase intention (Guo et al., 2020), perceived
usefulness (Felbermayr & Nanopoulos, 2016), emotional contagion (Herrando et al., 2022). The variety of the
consequences and related concepts for emotions transfer require assessment of emotions in online review
content.

Emotion analysis for online reviews basically depends on methodology called as sentiment analysis. Basically
sentiment analysis is “%he computational study of people’s opinions, attitudes and emotions toward an entity”. (Medhat et al.,
2014). According to Bhadane et al. (2015) it is an NLP (Natural Language Processing) area and deals with
identification of mood / opinion regarding the subjective expressions in the text. Customers express their
emotions in the text content implicitly and processing the text can lead to extraction of the sentiments within
the content. The extraction of the sentiments have two main approaches; the first one focuses on detecting the
polarity in the content and extracts positive / negative / neutral emotions, while the latter one assess the
emotions in detailed way and extracts specific sentiments within the content.

The first approach simply refers to valence in online review and it is about whether the emotion in the content
is predominantly positive or negative (Purnawirawan et al., 2015). It can be indicated by average rating (Langan
et al., 2017) and it represents the polarity in online review. The advantage of using valence concept in online
reviews refers to assessing the overall tendency of the users/market, however, the valence concept does not
provide the detailed examination which is required for consumer behavior researches. The second approach
focuses on this detailed examination and relies on the several sentiments that can be extracted from online
reviews. In his classical study, Plutchik (2001) identifies eight primary emotions as anticipation, anger, disgust,
sadness, surprise, fear, trust and joy. According to other classic view, Ekman (1992) mentions the universal
signals for the emotions such as anger, fear, enjoyment, sadness and disgust in his study. Valence-based
approaches can simplify the process by classifying the polarities, multi-emotion sentiment approaches can signal
the components or varieties in the emotions.

Evaluating the sentiment polarities and emotions variety in online reviews contributes to marketing decision-
making. As Bai (2011) implies in her research, precise methods of predicting sentiments provides lots of
advantages to companies from assessing online customers’ preferences, having strategic advantage to detecting
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cyber risk and security threats. According to Yang et al. (2020), evaluating customer sentiment tendencies can
helpful in improving service quality and consumer satisfaction for the businesses on e-commerce platforms.
The next section focuses on customer emotions topic in the mobile applications context by employing sentiment
analysis to understand the consumers’ emotions in mobile application market.

Methodology
Research Approach

Sentiment analysis as a tool for understanding the content side of user reviews is one of the helpful
methodologies in consumer research. In classical lexicon-based models, existing dictionaries associated with
polarities/emotions are used to identify the words included in the text. However, this approach has
disadvantages about such as detecting the sarcasm or not evaluating the context. According to Naseem et al.
(2021), categorical word representations have disadvantages in understanding the syntactic and semantic
meaning of words. The newer approaches such as word embeddings defined as “a feature learning method where a
word from the vocabulary is mapped to NV dimensional vector.” (Naseem et al., 2021) can be better for understanding the
content. Language representation models use word embeddings approach for better understanding the context
and the content and this study follows this approach for improving the understanding of sentiment in user
reviews.

Data Collection and Sample

The study employs Python programming language (Van Rossum & Drake,1995) and google-play-scraper
(Mingyu, 2024) module to retrieve the data in the Google Play Store. Sampling decision relies on the application
categories on Sensor Tower website (Sensor Tower, 2024) and the sample of study covers all the categories in
Google Play store. The sampling is employed based on 06.05.2024 data and top 25 applications of 34 categories
are chosen as source. The category names are presented in Table 1. The study focuses on US market and reviews
written in English. For the user reviews filtering on Google Play store, “most relevant” user reviews for the
mobile applications are retrieved. Data collection takes place on 08.05.2024 and 302.679 reviews are obtained
for the first stage of the analysis.

Table 1. Application Categories in the Sample

Category Names
Art & Design Entertainment Lifestyle Shopping
Auto & Vehicles Events Maps & Navigation Social
Beauty Family Medical Sports
Books & Reference Finance Music & Audio Tools
Business Food & Drink News & Magazines Travel & Local
Comics Games Parenting Video Players & Editors
Communication Health & Fitness Personalization Weather
Dating House & Home Photography
Education Libraties & Demo Productivity
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Sentiment Analysis

For the emotion side of the user reviews, the study focuses on sentiment granularity rather than the polarities
and extracts specific emotions included in the text through transformers model. This study uses transformers-
model named “Emotion English DistiiRoBERTa-base” (Hartmann, 2022) and the analysis section examines
the reviews with sentiment analysis and retrieve the sentiment score probabilities for each review during the
analysis. The sentiment analysis outputs the probabilities of sentiments in numerical values and the highest
probability regarding a sentiment is evaulated as final sentiment in the study. Mobile application users can
express their emotions directly by a solid individual emotion, the probabilities indicate the clear emotion in the
review. However, due to complexity of human emotions and expressions, there can be multiple emotions
indicated in the review. In this scenario, the highest probability will give the final emotion in the text. For
example, the first review in Table A has the joy emotion category as the final sentiment, while the second review
has the anger emotion category as the final sentiment.

Table 2. Sample Sentences and Emotions Probabilities

Sentence anger disgust fear joy neutral sadness suprise

I have downloaded the game,
it is so fi 1TH ith th
1015 so funny: HAppy wIth he o jog 0006 0.001  0.870 0020 0003  0.089
characters in the game. You

should add more characters!

I like the application at first. 1
mean, it was so cool, seems
promising. However, i had

started to have problems with

i 0.333 0.037 0.002 0.311 0.090 0.148 0.076
some functions. The

application is frustrating me

everytime i try to use specific

feature!

Transformers-model has limitations about tokens, that are the parts of the texts that can the language models
can process. Some user reviews in the sample set exceeds the limit and they are excluded from the sample, since
the examining the sentiments in two or more parts may have the detection problems about the integrity of the
sentiment in online review. 32 reviews are excluded from the sample and sentiment analysis is employed for
302.647 reviews as the final sample.

Results

The results of the data analysis have three main sections that can be associated with evaluation approaches in a
deductive perspective. For the first section, sentiments included within the conversation are examined in a basic
level, then the emotion spectrum among categories are examined for an overall review, it is followed by
evaluation the polarity of rating scores (negative, neutral and positive), finally emotion categories are evaluated
individually to have better insights.
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Emotion Correlation Analysis

In the first step, relationships between emotions are crucial for starting part of analysis. Figure 1. shows the
correlations of the sentiment possibilities in the sample set.

Correlation Heatmap between Emotions (Significant Correlations)

anger
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disgust

- 0.6

fear
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joy

-02

neutral

- 0.0

sadness

--0.2

-0.12 -0.19 -0.16 -0.18 -0.061

surprise

l l l l !
anger disgust fear joy neutral sadness surprise

Figure 1. Sentiment Correlations Heatmap

Figure 1 depicts that anger and disgust emotions have the highest positive correlations (21%), It can be
concluded that when users express the anger/disgust emotion in the user reviews, they tend to express the
second emotion as well. The second finding in figure reveals that joy and neutral emotions pair (-32%), disgust
and neutral pair (-32%) and sadness and joy pair (-31%) have highest negative correlations. Therefore, it can be
concluded that when the neutrality becomes active in the user reviews, joy and disgust type emotions are
decreasing. This can signal the extremity side of joy and disgust emotions. Sadness and joy are can also be
evaluated as the opposite emotions in the dataset. Finally, it can be depicted that anger and disgust has a
correlation relationship, while joy and neutral emotions have distinct characteristics in the dataset.

Emotion Spectrum in Categories

The second part of the analysis focuses on the dataset by a comprehensive approach and focuses on the final
emotions detected in dataset, rather than the possibilities. Figure 2 shows the distribution of all emotion
categories among the categories.
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Percentage Distribution of Dominant Emotions across Categories
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Figure 2. Sentiment Spectrum Across Categories

Figure 2 findings have four main implication areas for sentiment spectrum;
1- the dominance of neutrality in general,

2- varying levels of anger, disgust, joy and sadness

3- Identical levels of surprise

4- the minority of fear among categories

The dominance of neutrality

User reviews have specific emotions inside the content which lead to specific emotions and they also have some
neutral emotions which has a neutrality toward the application or it can be related to combining of different
emotions included. This neutrality phenomenon takes place for each mobile application category and it reflects
the fundamental expression pattern of user reviews across categories.

Varying levels of emotions

Varying levels of emotions are detected for different categories in the sample as consistent to research aim which
is about focusing the variety. Differences between levels of anger, disgust, joy and sadness reveal that different
type of emotions related to specific categories include valuable insights about specific contexts. For example;
Figure 2 shows that family category has one of the highest joy emotion percentage (indicated as green bar
proportion) which can be signal for evaluating the further side of the family mobile application category for the
scientific research. Figure 6-12 examines the emotion categories and top categories associated to each emotion
in more detail.
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Identical levels of surprise emotion

The figure reveals the identical levels for surprise emotion. There are two possible reasons for this finding; it
can be associated to the dominant sentiment aspect in the analysis which indicates that surprise is not the
dominant sentiments within the review, or it can be associated to the user behavior related to writing the things
they experienced already which does not have so much surprising element or they do no tend to include this
emotion.

The minority of fear emotion

The figure indicates that fear emotion is the least popular dominant emotion across the categories. Users tend
to mention about other emotions more than fear in the reviews. However, it also signals a potential research
area since even it has low proportion in the dataset, detecting the sub-components of fear can be potential
research areas in mobile research.

Polarity and Granularity Integration

In the third stage of findings, the reviews are organized into three categories as negative reviews (rating scores
of reviews are 1 or 2), neutral reviews (rating scores of reviews are 3) and positive reviews (rating scores of
reviews are 4 or 5). This type of classification enables the examination of polarity of ratings with the sentiment
granularity employed in the analysis of the study. The integration of polarity and granularity helps to evaluate
the emotion spectrum in a more detailed view.

The first figure in this section, Figure 3 presents the distribution of emotion categories in negative type of
reviews. It starts with the most popular emotions as neutral category which is common emotion across the
dataset. The following emotion categories signal the structure of granularity in negative reviews. The first one
“sadness” category has the 22.1% of the negative reviews, while the next one “disgust” and the following one
“anger” have 19.8% and 10.9% of the negative reviews. They indicate that when users are writing negative
reviews by rating scores of 1 and 2, they expressed sadness, disgust and anger to application reviews.

Distribution of Dominant Emotions in Negative Reviews

surprise anger

joy
8.4% 10.9%
3.7%
1.3%
disgust

19.8%

33.7%

neutral

22.1%

sadness

Figure 3. Negative Reviews Sentiment Spectrum

The second category as neutral reviews (rating score = 3) has the highest proportion as neutral emotions as
expected. However, the following categories that are prominent in neutral reviews also have potential for better
understanding of users. It is found that 18.3% as sadness category, 8.1% as disgust category, 7.6% as surprise
category and 7.3% as joy category. The “secondary” emotions in the neutral polarity indicates the emotional
diversity of neutral reviews in the conversation.
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Distribution of Dominant Emotions in Neutral Reviews

joy surprise

disgust

18.3% sadness

52.0%

neutral

Figure 4. Neutral Reviews Sentiment Spectrum

The third category as positive reviews (rating score is 4 or 5) includes neutral emotion and joy emotions as the
highest proportions. 42.5% of joy emotion category indicates the singularity of expressions in terms of emotion
diversity in the user reviews. Comparing to negative and neutral polarity categories, positive category has more
solid emotion structure in terms of 42.1% and 42.0% proportions.

Distribution of Dominant Emotions in Positive Reviews

surprise
sadness
anger
disgust
fear
47%
1%
1

joy
42.0%

42.1%

neutral

Figure 5. Positive Reviews Sentiment Spectrum

The integrated analysis of polarity and granularity approaches signals the main structures of the emotion
distributions in the polarity categories. However, each emotion category has specific characteristics that require
detailed evaluation. The next analysis section focuses on the emotion categories individually by examining them
with the mobile application categories.

Emotions Analysis by Categories

Section 4.2 provides the emotion spectrum among the categories and presents the overview of emotion
spectrum, while section 4.3 examines the rating score polarities with the emotions. These two sections provide
a solid background for the emotion spectrum analysis, however further examination is needed, since each
emotion can be associated with various conditions. Section 4.4 highlights the emotion categories with most

associated mobile application categories and includes the top 5 user reviews in each emotion category to better
understanding of emotions.
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Top 5 Categories with Highest Percentage of Anger Reviews

finance

dating

fooddrink

Categories
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games 8.45%
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Percentage of Anger Reviews

T
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Figure 6. Anger Emotion and Top Categories

The first category - anger - has the most percentages of finance (9.71%) , dating (9.12%), food & drink (8.94%),
social (8.49%) and games (8.45%) categories. The anger emotion category is not one of the frequent emotion
category included within application categories. However; with the “direct” expression nature, it can help mobile
application developers to negativity side of user feedbacks with the intense feedbacks. Table 3 conveys sample

reviews with the highest probabilities that represents the emotion category.

Table 3. Anger Emotion Sample Reviews

User Review

Prob.

Category

i request for my money back which i was charged without my knowledge. i
downloaded this app, last year perhaps and deleted it without using much of it,.
today $90 comes out of my account without any notification and no trace of app on
my phone. ridiculous and unethical. I'm futious.

Firstly it was good but when i started to play in battle i was always loosing .
HOWEVER i thought it will stop after i will buy the special bundle spending all of
the coins . I still loose . I was not angry at first but after attempting for more than 15

times it shows me i loose that make me really furious

Itis a very good app, the ads are too much,it makes me delete and redownload again
and even doing that, the song is not going to play,and if it makes me angtier, I am
going to delete it

it just gives the wall paper and everytime i swipe theres ads this is making me futious

©

Somebody contact me, I want to delete my account but can't, I want to speak to
somebody through the app, but I can't, I am not paying that much a month when the
app doesn't even work, I'm fuming and somebody needs to contact me and ot delete

my account ASAP! Thanks

0,994676

0,993724

0,993592

0,992279

0,991484

education

games

musicaudio

personalization

beauty
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Top 5 Categories with Highest Percentage of Disgust Reviews

dating

social

sports

Categories

communication

business

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Percentage of Disgust Reviews

Figure 7. Disgust Emotion and Top Categories

The second category - disgust - is mostly included in the dating (19.61%), social (18.10%), sports (15.70%),
communication (14.37%) and business (14.28%) categories. Unlike the anger category, disgust category is more
dominant in the these categories. As the 19.61% of user reviews in dating category indicates 1 of 5 reviews
apprx. is included in this category. These rations signal the necessity of examining emotion/category pairs for
better understanding of user reviews. Table 4 presents the user reviews with top probabilities in the disgust
emotion category.

Table 4. Disgust Emotion Sample Reviews

User Review Prob. Category

Thought I would try it. Everything is 100% polyester and smwlls so bad. Tried
returning products but it was so much of a headache I gave up. Absolutely unsatistied ~ 0,991507  shopping
and disgusted.

If there was a way to outright buy it I would. Hiding 99% of the app behind a monthly 0.991478 family
subscription is disgusting and shame on the developer. ’ ’
If I could give this app a zero, I would. The amount of naked or near-naked people
showing off their goods is appalling. When I first used this app, it was great...nothing
but wholesome family content. Now however, it is beyond disgusting. I will never use ~ 0,990819 social
this app again and neither will my kids. The developers should be ashamed for
allowing a colossal amount of smut to mar what was once a great app.

I really like this app, it's fun to play. However I am disgusted by the adds it's giving me
to the point that I rather uninstall the app and not play anymore. This is how they get

kids hooked on porn, by giving this kind of disgusting adds. It was fun until the very 0.990359 Ames
suggestive adda started to pop up, I truly didn't mind the adds in between the levels ’ &
but I got fed up with disgusting suggestive, highly sexual adds, imagine if a kid was
playing this game. Thanks but no thanks.
Geniuely worst manga app i have ever used. The coin system is actually disgusting.
You would spend less money buying the volume in japanese and paying someone to sit 0.99031 comics

down next to you to translate or pay to have someone teach you the language. Square
Enix never fails to impress.
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Top 5 Categories with Highest Percentage of Fear Reviews

4.46%

auto-vehicles

travellocal

events

Categories

sports 3.53%

finance 3.50%

0 1 2 3
Percentage of Fear Reviews

Figure 8. Fear Emotion and Top Categories

The third category - fear- is the least popular emotion category in the dominant emotions set. However, it signals
more specific side of user reviews. The highest proportion for this category includes auto & vehicles (4.46%),
travel & local (4.15%), events (3.71%), sports (3.53%) and finance (3.50%). Table 5 lists the user reviews with

their probabilities.

Table 5. Fear Emotion Sample Reviews

User Review Prob. Category
it is a good idea but I felt uneasy to connect to other' people internet without 0,994512 productivity
their acknowledgement
it is great dont change but how d.o ireset my reent emojis theres too many its 0,994063 personalization
making me scared
I felt that God was actually with me! I felt better and when I feel scared home
. . . 0,994 booksreference
alone, I just remember God and Jesus is always with me :)
mostly negative reveiws im scared to try it. if i \x{ant.ed to to make money on 0,993787 librariesdemo
this i would atart with fixing it.

I love this app, I wanted to give 5 stars but I'm constantly terrorised by ads videonlaverseditor

upon ads. I understand the ads are needed but maybe show just ONE adata ~ 0,993705 pray

tume.

N
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Top 5 Categories with Highest Percentage of Joy Reviews

family 39.49%

booksreference 34.61%4

personalization 34.35%

Categories
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Figure 9. Joy Emotion and Top Categories

The fourth category - joy - reflects the positivity side of the user reviews and it is crucial to understand this
category for evaluating the market with successful / satisfied aspects. Joy emotion is found as dominant emotion
in the categories of family (39.49%), books & reference (34.61%), personalization (34.35%), beauty (29.08%)
and games (28.85%). The pairs of application categories and joy emotion offers new-contexts in consumer
research. Table 6 presents the sample reviews with the highest probabilities in this category.

Table 6. Joy Emotion Sample Reviews

User Review Prob. Category

is really fun and i want to se the pec.>ple gho make the game i think the people 0,995485 sames

is beautiful/handsome
ilike it's fun Ig 0,995249 games
I enjoy reading the scriptures every day opens my mind and heart 0,995209 booksreference
ilike it is fun because I'm a kid and I'm using the talk thingy 0,995061 family
I feel good this made my day i've been having a hard time with thinking o

more ideas about sports writing and this app is petfect if theres a 10 star 0,995038 education

rating i will gladly do so.
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Top 5 Categories with Highest Percentage of Neutral Reviews
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Figure 10. Neutral Emotion and Top Categories

The fifth category - neutral- does not have a direct emotion by nature. However, it is crucial to understand why
users do not express the emotions or why they express emotions indirectly or complex for better understanding
of users. The highest dominance of neutral emotion category in weather (50.10%), video players & editors
(46.16%), tools (45.74%), maps & navitation (45.32%) and communication (44.81%) shows the utilitarian side
of these categories. When users have utilitarian experiences with these specific categorizes, they write the neutral
reviews rather than expression of personal emotions. Table 7 presents the sample reviews in this category.

Table 7. Neutral Emotion Sample Reviews

User Review Prob. Category

Vety accurate with leaves/flowers, a little more hit-or-miss with bark. Ads are easy to
X out of, and don't stop you from accessing the lists of options or additional info. 0,979195 education
You can also save a folder of your finds. I use it a lot.

Heads up on points plus cash numbers. More combinations can be found only by
selecting the first point plus cash offer displayed. Even if the points plus cash offer
doesn't work for your patticular situation, by going through the point plus cash offer ~ 0,978885  travellocal
displayed, even if the numbers don't wotk for you, if available, other points plus cash
combos can be found in this area of the app.

The app is good, you just need to be patient to enable you get your match 0,977682 dating

This app is pretty decent at identifying items. If you want more accurate results, be
sure to get in close on any branding, button layouts, or specific design elements. I 0,977446 tools
have not tried it as a translator yet.

So far just used it for the first time and it pretty much gets what you'te saying but

leaves a few things out. Left to its own interpretations Al will do what it will. 0,976416 art-design

1611



Top 5 Categories with Highest Percentage of Sadness Reviews

medical 18.62%

fooddrink 18.05%

sports 17.55%

Categories

travellocal 17.48%

parenting
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Figure 11. Sadness Emotion and Top Categories

The sixth category - sadness - is one the negative side emotions and it is dominant factor mostly on medical
(18.62%), food & drink (18.05%), sports (17.55%), travel & local (17.48%) and parenting (17.35%) categories.
As like the previous category (joy), it is crucial to understand the sadness category for marketing decision-
making, since it reflects the other polarity. Table 8 presents the sample reviews for sadness category.

Table 8. Sadness Emotion Sample Reviews

User Review Prob. Category

always has been my go-to app when i'm feeling down. i feel like if no one can
understand me, at least an Al-programmed bot can talk to me without having
any hard feelings at all. i also rely on chatGPT to find information and other 0,992787 productivity
educational purposes. one of the best apps that has ever been made so far and a
breakthrough in history.

I love this game.coz it's too fast and I won 6 times after opening it. pls
download it to make u happy and feel unlonely if u are lonly 0,989861 games

B tional roll ter felt so lonel d, b t with had
een an emotional rollercoaster e' so lonely an so sad, been so upset with ha 0989718 healthfitness
let myself become in to tell others about love ®

When I am down and feeling sad the word of Our Lord God is the one that
gets me through my day of hardship and sadness of seeing my Lords children
suffering because of their little faith in their hearts. God bless Ametrica and

God bless us all AMEN @@

0,989651 booksreference

I am writing this app one star because all of my Emojis have disappeared I have
constantly reached out to help & feedback about this issue and have yet to hear
from anyone no customer service available I am not happy with this app and if
1 do not hear something back from customer service as soon as possible I will
be uninstalling this app and letting everyone know how I feel about this app

very unhappy.

0,989509 personalization
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Top 5 Categories with Highest Percentage of Surprise Reviews

photography 9.47%

productivity 9.35%
0
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Figure 12. Surprise Emotion and Top Categories

The last category -surprise- is similar to anger category as it is not an usual dominant emotion category in the
application categories. It is included in photography (9.47%), productivity (9.35%), music & audio (9.29%),
video players & editors (9.21%) and lifestyle (9.20%) categories. Although it is not a popular dominant emotion
in the reviews, it would help to understand what are the surprising elements for the users in market. Table 9

includes the sample reviews for the surprise emotion category.

Table 9. Surprise Emotion Sample Reviews

User Review

Prob.

Category

I really used to loved this app but i was disappointed because when i
opened it i was shocked because there is only 2 stories that I can read
offline, maybe it went like this when i tried to update it. Please do
something about it, thankyou.

really love this app. was shocked there no cost. probably just sold my soul.
would be alot better if it gave you the calories etc for the foods when you
type them in.

I'm surprised by the wisdom and inspiration on this app. taste and see. you
won't be disappointed

Honestly i was skeptical ay first since i never heard of this company.Price is
cheap too.But i was amazed this camera easily competes with cameras
priced way more.I have a 50$ camera and 3k security system.I bought this
cheap camera to put in my trucking yard just for heck of it.So surprised by
the build quality and as well as the cloud service.Definetly recommended.

i am amazed with the results. It can identify the stone name. yet it can not
tell if it is fake or original. but actually, it's something that normal app can
tell.

0,986199

0,985614

0,985509

0,985508

0,985427

booksreference

tools

booksreference

videoplayerseditors

lifestyle
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Conclusion

The study focuses on the emotional spectrum in US market by 34 application categories and concludes the
results in four sections. The first section includes the correlation between emotions in general and positive
correlation between anger and disgust, negative correlation between joy and neutral, disgust and neutral, and
sadness and joy are concluded. The first section highlights the neutrality in user reviews which can be the signal
of utilitarian motives or mixture of emotions in expressions. It also shows the relationship between specific
emotion sets which is the base point for further evaluation.

The second section focuses on spectrum and highlights the dominance of neutrality and adds the joy, sadness,
disgust, anger and suprise as the secondary dominant emotions. The fear emotion category is found dominant
rarely in the categories. Since the second sections shows the overall view of the emotion spectrum, it is the
starting point for the further analysis such as examination of emotions by polarities and evaluation of emotions
individually.

The third section uses the rating scores included in the reviews as a base point and classifies the reviews into
negative, neutral and positive categories. Since the data is already decided by the owner of the reviews, it can be
helpful as a starting point for the attitude of the users. However, inclusion of sentiments to the polarity of review
contributes to better understanding of user reviews. Detection of which emotions are paired with negative
polarity (neutral, sadness, disgust, anger), neutral polarity (neutral, sadness, disgust, surprise, joy) and positive
polarity (neutral, joy, suprise, sadness) are indicators of users’ emotions.

The final section details the individual emotions by the mobile application categories. The top 5 mobile
applications categories are concluded for seven emotions, which leads to most valuable insights about the
emotion categories. Anger emotion is related to finance and dating, disgust emotion is related to dating and
social, fear emotion is related to auto & vehicles and travel & local, joy emotion is related to family and books
& reference, neutral emotion is related to weather and video players & editors, sadness emotion is related to
medical and food & drink, and finally surprise emotion is related to photography and productivity categories.
This pairing between emotions and application categories shows the utitiarian and hedonic side of the mobile
applications and user experiences.

Discussion

The study concludes the emotional spectrum of mobile application user reviews with four aspects including
correlation of emotions, emotion distribution in categories, polarity and granularity of sentiments, and individual
emotion exploration. The integrated approach employed in this study helps to evaluate mobile user experience
in an comprehensive way and indicates the fundamental implications for the experience side. In addition to
theoretical and comprehensive approach, the study employs the transformers-model based sentiment analysis
which has advantage in terms of context and better than lexicon-based methodologies, so understanding of user
expressions is relatively better by this combination.

The previous studies focus on the emotion side of user reviews in sub-contexts involving finance (Huebner et
al., 2018), augmented reality (Pinarbasi & Canbolat, 2018), mental health (Alqahtani & Oxji, 2020), education
(Arambepola et al., 2024), and online travel agency (Hossain & Rahman, 2024). In the Turkish language scope
of sentiment analysis, several contexts such as Covid 19 vaccines (Karakol & Cémert, 2023), social media posts
about destinations (Cevrimkaya, 2023), multimedia learning material (Ozgiir et al., 2024) are included in the
previous studies. This study focuses on the concept with a comprehensive approach and adds the novelty of an
integrated approach to current literature.

Managerial side of this study refers to better understanding of the market with a detailed approach in consumer
side through sentiment analysis. The rating scores (1 to 5) can already signal the positive and negativity side of
the reviews, however, a detailed analysis regarding emotion spectrum would help to companies about the
specific expressions and aspects of their customers. One of the other practical implication of the finding of
study refers to usage of emotions knowledge for dual side in competitive environment. Detecting the company’s
own applications feedbacks in terms of emotion can show the satisfied / dissatisfied areas, however, evaluation
of emotion diversity regarding the competitors’ applications can help for competitive actions.
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This study elucidates the emotion spectrum with various mobile application categories. The first limitation of
the study refers to the descriptive approach of research design, since the study focuses on the categories and
emotion spectrum in an overall level. In addition, sample-based extensions such as inclusion of additional
markets, languages or focusing on specific categories can also be used in future research studies. The second
limitation of the study is the approach level of emotions, as the study focus on the text content only and extract
the emotions. Detailed approaches can elaborate the specific extensions of the emotion spectrum for the future
research. Emotion spectrum topic can be studied with review persuasiveness, emotional contagion between
users, impact on customer responses in the conceptual side. Finally, this study does not employ longitudinal
approach, therefore, longitudinal studies can offer opportunities since the emotions and time-dimension
relationship has the potential for scientific researches.
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GENISLETILMIS OZET

Ginimiiz tiketicisinin yogun bicimde kullandigi ve giindelik hayatlarinda 6nemli bir yere sahip olan mobil
uygulamalar giinimiiz mobil dinyasinin 6énemli parcalarindan biridir. Mobil uygulama cesitleri ve kullanim
amagclart her gecen glin zenginlesirken, finans, fitness, saglik, seyahat gibi farkli ana kategorilerdeki mobil
uygulamalar tiiketicilerin glinliik yasamlarina eslik etmektedir. Ote yandan, bu ana kategorilere ek olarak
teknolojinin gelismesi ve tiiketici deneyimlerinin gesitlenmesiyle birlikte yeni baglamlar ortaya ¢tkmaktadir.
Literatiirde yer alan 6nceki ¢alismalar, mobil uygulamalarin satist (Liang vd., 2015), stirekli kullanim (Lee, 2018)
ve memnuniyetsizlik (Sally, 2023) gibi ¢esitli kavramlara odaklanmaktadir. Cevrimici degerlendirme konusunun
igerikle ilgili baglamu literatiirde halihazirda konu yoniine (Permana ve digetleri, 2020) ve duygu yonine (Mondal
ve digerleri, 2024) gore incelenmistir. Ancak Onceki ¢alismalarin baglamlart siurlidir ve mobil uygulama
ckosistemini anlamak icin icerik ve duyguya yonelik kapsamlt ve butiinlesik bir yaklasim gerekmektedir. Bu
calisma, cesitli mobil uygulama kategorilerini daha genis bir veri seti tizerinde inceleyerek, ekosistemin genis
kapsamiyla ilgili olan arastirma bogluguna odaklanmaktadur.

Aragtirma amacina uyumlu olarak bir 6rneklem inga etmek amactyla bu ¢alismada Google Play Store'daki verilere
ulasmak icin Python programlama dili (Van Rossum ve Drake,1995) ve google-play-scraper (Mingyu, 2024)
modiili kullanilmistir. Orneklem karari, Sensor Tower web sitesindeki (Sensor Tower, 2024) uygulama
kategorilerine dayanmaktadir ve caligmanin O6rneklemi, Google Play magazasindaki tim kategorileri
kapsamaktadir. Ornekleme 06.05.2024 verilerine gére yapilmis olup, 34 kategoriden ilk 25 uygulama kaynak
olarak segilmistir. Kategori adlart Tablo 1'de sunulmaktadir. Calisma ABD pazarina ve Ingilizce yazilmis
incelemelere odaklanmaktadir. Google Play Store'da filtrelenen kullanict yorumlart icin mobil uygulamalara ait
"en alakali" kullanict yorumlart alinmustir. Veri toplama 08.05.2024 tarihinde gerceklestirilmis olup, analizin ilk
asamast icin 302.679 inceleme elde edilmistir. Orneklemi ele almak tizere kullanilan yéntem olarak duygu analizi
(sentiment analizi) tercih edilmistir. Kullanic1 incelemelerinin icerik yontinti anlamaya yonelik yontemlerden biri
olan duygu analizi, tiiketici arastirmalarinda kullanilan faydali metodolojilerden biridir. Duygu analizinde yer alan
kutuplar (olumlu-olumsuz-nétr) diizeyinden daha ileri giderek belirli duygulari tespit etmeyi amaglayan
calismada, donistiiriici model (transformers model) kullanidarak duygu analizi gerceklestirismistir. Calismada
“Emotion English DistilRoBERTa-base” (Hartmann, 2022) isimli transformers modeli kullandmistr.
Arastrmanin bulgulart dort ayrt boliimde sunulmustur. Birinei boélimde genel olarak duygular arasindaki
korelasyon yer almakta ve 6fke ile tiksinti arasindaki pozitif korelasyon, nese ile nétr, tiksinme ile notr arasindaki
negatif korelasyon, iiziintii ve seving arasindaki iliski sonucuna varilmaktadir. 1k boliim, faydact amaglarin veya
ifadelerdeki duygu karistminin sinyali olabilecek kullanict incelemelerindeki tarafsizligt vurgulamaktadir. Tkinci
bélim ise spektruma odaklanarak tarafsizligin hakimiyetini vurgulayip ve ikincil baskin duygular olarak seving,
tzintd, tiksint, 6tke ve saskinhgr eklemektedir. Korku duygusu kategorisi kategorilerde nadiren baskin
bulunmustur. Ugiincii béliimde, incelemelerde yer alan derecelendirme puanlart baz puan olarak kullanilmakta
ve degerlendirmeler olumsuz, nétr ve olumlu olarak siniflandirilmaktadir. Veriler zaten incelemelerin yazarlar
tarafindan puan olarak (1,2,3,4,5) hali hazirda belirlendiginden kullanicilarin tutumlarinin anlagilmasi icin bir
baslangic noktast olarak faydali olabilmektedir. Ote yandan, hali hazirda mevcut olan olumlu, olumsuz, nétr
kutuplarindaki siniflandirmanin tizerine gesitli duygu kategorilerinin eklenmesi, kullanict yorumlarinin daha iyi
anlasilmasina katkida bulunmaktadir. Hangi duygularin negatif kutup (nétr, Gzintid, tiksinti, 6tke), nétr kutup
(notr, Gzintd, tiksinti, stirpriz, seving) ve pozitif kutup (nétr, seving, saskinlk, Gzlintd) ile eslestiginin tespiti,
kullanicilarin belirli duygu ifadelerinin géstergesidir. Son bélimde ise bireysel duygular mobil uygulama
kategorilerine gére detaylandirilmistir. Duygu kategorileri hakkinda icgdriilere ulastiracak sekilde yedi duygu tiirii
i¢in en fazla rastlanan bes mobil uygulama kategorisine yer verilmis, boylece belirli duygular ile belitli uygulama
kategorilerinin eslesmesine ulasimistir. Ofke duygusu finans ve flért uygulama kategorileriyle, tiksinme duygusu
flért ve sosyal uygulama kategorileriyle, korku duygusu otomobil & ara¢ kategorisi ve seyahat & yerel
kategorisiyle, seving duygusu aile ve kitaplar & referans uyglama kategorileriyle, nétr duygu ise hava durumu ve
video oynaticilar & editorler kategorileriyle ilgilidir. Ayrica, tiziinti duygusu tip ve yeme-igme mobil kategorinde
en stk rastlanmis olup, son olarak siirpriz duygusu fotografeilik ve tiretkenlik uygulama kategorilerinde stk olarak
rastlanmistir.  Duygular ve uygulama kategorileri arasindaki bu eslestirme, mobil uygulamalarin ve kullanict
deneyimlerinin faydaci ve hazci yoniini dair izler tasimaktadir.

1618



Calisma, mobil uygulama kullanict incelemelerinin duygusal c¢esitlilik dagilimini, duygularin korelasyonu,
kategorilerdeki duygu dagilimi, duygularin kutuplulugu tzerinden ayrinti duygularin tespiti ve tekli duygularin
duygu kesfi dahil olmak tizere dért unsurla sonuclandirmistir. Bu ¢alismada kullanilan biittinlesik yaklasim, mobil
kullanici deneyiminin kapsamlt bir sekilde degerlendirilmesine yardimei olmakta ve deneyim yoniine yonelik
temel ¢tkarimlara isaret etmektedir. Bu calismanin yonetimsel tarafi, tiiketici tarafinda duygu analizi yoluyla
detayl bir yaklasimla piyasanin daha iyi anlagilmasini ifade etmektedir. Mobil uygulama degerlendirmelerinde yer
alan puanlar (1'den 5'e kadar) hali hazirda degetlendirmelerin olumlu ve olumsuz yénlerini isaret edebilir; ancak
duygu cesitliligi ve dagilimmna iliskin aynntili bir analiz, sirketlere misterilerinin belirli ifadeleri ve yonleri
hakkinda yardimct olacaktir. Arastirma bulgusunun diger uygulamaya yonelik ¢ikarimlarindan biri de rekabet
ortaminda duygu bilgisinin rekabet a¢isindan iki yonli kullanilmasina iliskindir. Firmanin kendi uygulamalarina
iligkin geri bilditimlerin duygu acisindan tespit edilmesi memnun olunan/memnun olunmayan alanlar
gOsterebilir, 6te yandan rakiplerin uygulamalarina iliskin duygu cesitliliginin  degerlendirilmesi rekabetci
eylemlerin gelistirilmesine yardimct olabilir. Bu ¢alisma duygu cesitliligi ve dagilimint gesitli mobil uygulama
kategorileri ile bir arada aydinlatmaktadir. Bu yaklasimi takip edecek olan daha ayrintili bakis acilari, gelecekteki
arastirmalar icin duygu spektrumunun belirli uzantilarini detaylandirabilir. Duygu spektrumu konusu, kavramsal
acidan ikna edicilik, kullanicilar arasindaki duygusal etkilenmeler, miisteri tepkileri tizerindeki etkisi gibi konular
ile bir arada incelenebilir. Ayrica gelecekteki arastirma ¢alismalarinda farkls ilave pazarlarin, farklt dillerin dahil
edilmesi veya belirli kategorilere odaklanma gibi 6rnek bazlt uzantilar da kullamilabilir. Son olarak, duygu ve
zaman-boyut iliskisinin bilimsel arastirmalar icin potansiyel tasimast nedeniyle boylamsal calismalar firsatlar
sunabilir.
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