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Abstract: Humans are the product of what society and their environment conditions them into being.
People living in metropolitan cities have a very fast-paced life and are constantly exposed to different
situations. A social media platform enables individuals to express their emotions and sentiments and
thus acts as a reservoir for the digital emotion footprints of its users. This study proposes that the user
data available on Twitter has the potential to showcase the contrasting emotions of people residing
in a pilgrimage city versus those residing in other, non-pilgrimage areas. We collected the Arabic
geolocated tweets of users living in Mecca (holy city) and Riyadh (non-pilgrimage city). The user
emotions were classified on the basis of Plutchik’s eight basic emotion categories, Fear, Anger, Sadness,
Joy, Surprise, Disgust, Trust, and Anticipation. A new bilingual dictionary, AEELex (Arabic English
Emotion Lexicon), was designed to determine emotions derived from user tweets. AEELex has been
validated on commonly known and popular lexicons. An emotion analysis revealed that people
living in Mecca had more positivity than those residing in Riyadh. Anticipation was the emotion
that was dominant or most expressed in both places. However, a larger proportion of users living in
Mecca fell under this category. The proposed analysis was an initial attempt toward studying the
emotional and behavioral differences between users living in different cities of Saudi Arabia. This
study has several other important applications. First, the emotion-based study could contribute to
the development of a machine learning-based model for predicting depression in netizens. Second,
behavioral appearances mined from the text could benefit efforts to identify the regional location of a
particular user.

Keywords: emotion analysis; Twitter; online social network analysis; behavioral analysis

1. Introduction

Emotions are a vital source of information to assess the overall psychological well-
being and health of individuals. Emotion plays an important role in the overall behavior
and reactions of an individual in different circumstances. Findings have shown that an
individual’s response to natural surroundings has an impact on their parasympathetic
nervous system. The surroundings also have a positive impact on a person’s emotional
state and psychological activity level [1]. Thus, people living in varying regions will have
a different emotional state. The traditional methods for studying these individual states
involved questionnaires, interviews, or in-person observations. However, such studies to
date generally have been marked by small sample sizes and involved labor-intensive efforts
in reaching out to individuals, leading to inconsistency and inaccuracy in the inferences
obtained. In the present-day world, social media sites such as Twitter, LinkedIn, and
Facebook are increasingly becoming platforms for individuals to express their emotions,
opinions, and ideas. These days people are more expressive on such platforms, as they
can fully express themselves without revealing their real identities or endure the stigma of
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being judged. Thus, digital footprints allow social media platforms to serve as a rich source
of information to investigate the emotional dimensions, sentiments, and psychological
behavior of individuals. These data, accumulated over time, have led to granular emotion
studies for every user. For example in one of the studies, tweets were used to analyze
anti-LGBT campaigns in Indonesia [2]. In another work, Twitter messages were used to
analyze dialogue during the Austrian presidential elections in 2016, concluding that the
winning candidate sent tweets that were neutral in comparison to his opponent, whose
messages were based on emotions [3].

Saudi Arabia is a country that is transforming itself into a social media powerhouse.
Of its total population of 34.54 million, 25 million are active social media users, and of
these, 20.03 million are Twitter users [4]. With a majority of the country’s population being
avid Twitter users, we can use the data they share to understand how user environments
affect their overall mental wellbeing and behavior. To gauge the emotional atmospheres
of residents, we studied the tweets shared by users in Saudi Arabia hailing from different
backgrounds. In particular, we studied the tweets of users from a holy city or place of
pilgrimage i.e., Mecca, and a non-pilgrimage metropolitan city i.e., Riyadh. This work
sought to show the potential of social media data shared by users in uncovering the
impact of users’ surroundings on their mental health. Another goal was to show how their
emotions vary across different social environments.

At present most of the related work on identifying emotions on social media has
focused on assessing user sentiments. Approaches such as supervised deep learning,
semi-supervised methods, natural language processing, and lexicon-based analysis have
been used to detect user sentiment polarity of social media data [5-7]. Due to the increased
interest of users in performing analysis of social media conversations, a new field of
emotion analysis has emerged [8]. In the current literature, studies have been carried out
to understand and detect different forms of emotions such as sarcasm [9], rumors [10],
depression [11-13], and suicidal tendencies [14]. However, there are primary limitations
on literature research in this field. Given the thrust of analyzing user emotions, there is a
need to focus on understanding the basic emotion categories, which act as a foundation
toward effectively understating emotional behaviors. Deriving the emotions of users
rather than their sentiment polarities (positive and negative) will enable us to investigate
the digital emotion footprint of users. Therefore, to gain deeper insight into specific
emotion dimensions and categories, we focused on the study of basic emotion categories
proposed by [15]: namely, fear, trust, surprise anger, sadness, joy, disgust, and anticipation.
We designed a bilingual (English and Arabic) emotion lexicon named AEELex based on the
Moodbook [16] and NRC Word-Emotion Lexicon (Emolex) [17]. We have extended these
dictionaries for the Arabic language, along with new words from user tweets, to form our
bilingual dictionary. Following are the main contributions of our work:

e  The geolocated tweets from two cities in Saudi Arabia have been extracted using
Twitter API (the dataset will be made available with the algorithms for the researchers
working in this domain).

e AEFEELex, a bilingual emotion lexicon, has been designed to extract the different emo-
tions of users in two different (pilgrimage and non- pilgrimage) cities.

The potential of user tweets to harness user emotions has been studied.
The different emotion-expressing behaviors of netizens across two different cities has
been analyzed and compared.

e  The most common emotion-based vocabulary terms (both Arabic as well as English)
belonging to eight emotion categories from both user groups have been identified.

The rest of this paper is organized as follows. Section 2 presents related work. Section 3
describes the approach we adopted for our study. Sections 4—6 describe the data collection,
lexicon design, and lexicon comparison and validation respectively. Section 7 presents a
data analysis. Section 8 is a discussion on the inferences from the study. Section 9 contains
the conclusions of the paper, outlining potential research directions and the contributions
of this study.
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2. Related Work

Social media data have been used in many applications across different domains for
various purposes, including detecting humor in social media slang used on platforms
such as Weibo, the largest Chinese social network [18], or analyzing the spatial patterns
of emotions expressed by users visiting theme parks such as Disney World within the
dimensions of high and low arousal or pleasure and displeasure [19]. Several studies have
been performed to identify user satisfaction based on positive emotions such as happiness
and pleasure [20]. Thus, user emotions vary with changes in their region and are also
reflected in their social media accounts. One such study showed how the emotions and
sentiments of users toward climate change vary between different countries such as the
U.K. and Spain. It showed that Twitter users from the U.K. talked less negatively about
the weather in comparison to Spanish citizens and had anticipation as their predominant
emotion [21]. In [16] users’ emotions were analyzed in a region in conflict, Kashmir, and a
region marked by the absence of conflict, Delhi, two union territories in India. The authors
showed that people residing in to conflict-impacted regions have a negative attitude and
express negative emotions such as anger, fear, and sadness in their Facebook posts. The
proposed study also analyzed users’ emotions across different regions in two different
cities in Saudi Arabia. Furthermore, to bridge the gap between different nationals and
tourists residing in a given region, and for more accurate analytics, we used data that were
in the native language of the country i.e., Arabic.

Most of the work performed with tweets from Saudi Arabia has focused on sentiment
and semantic analysis [22,23]. Words were labeled based on their polarity. In [24] SANA,
a multi-dialect, multi-genre, and multilingual lexicon, was created based on text from
the Egyptian chat room on Yahoo Maktoob. The words here were labeled based on their
positive, negative, and neutral content. In [25], a study was performed on social media
data collected from YouTube, Facebook, Al-Saha Al-Siyasia, and Al Arabiya based on
the 2009 and 2011 floods in Jeddah. The study showed that people on YouTube posted
more emotional comments than those on Facebook. The users expressed emotions such as
sadness for the loss of lives and anger toward authorities. Saudi Mood [25] is a real-time
tool for visualizing the emotions of users on Twitter, covering happy, sad, angry, scared,
and surprised emotions only. The authors in [26] manually created a dataset of Arabic
emotions using tweets, but the tweets were filtered from Egypt geolocation only. The
emotions in this case were placed into the categories of happiness, joy, sadness, anger,
disgust, fear, and surprise. Additionally, the data were categorized on the basis of only
5879 tweets. It has been observed that there are very few studies based on the Plutchik [15]
emotion categories in the Arabic language. Most of the work in this discipline has been
conducted using either sentiment or emotion analysis. However, the studies on emotion
analysis have been limited either by their size or the emotion categories they assessed.
This study is a maiden attempt to analyze the difference in emotions of users residing in
a pilgrimage area versus those in a non-holy city. An analysis of this kind can assist in
designing a machine learning-based system to predict the mental state of a user and the
location of a tweet/post.

3. Approach Synopsis

Our analysis involved four important steps, as shown in Figure 1. In particular, we
performed an analysis of the emotional behavior of people belonging to two different
regions. The emotional behavior in this context could be defined as the choice of emotion
words used by individuals to express their feelings and opinions.
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Figure 1. Approach synopsis for studying holy city versus non-holy city.

4. Data Collection

Data were collected through filtered real-time streaming API [27] provided by Twitter.
User tweets were collected based on their locations and language, excluding retweets.
The data were harvested from selected Twitter profiles for a span of 1.5 months, with an
average of 20 tweets collected per user. The collected data did not take into account the
activeness of the users. The tweet language was Arabic. In particular, we focused on Saudi
dialects including Najdi Arabic, Gulf Arabic, etc. The users’ data were collected from two
metro cities of the Kingdom of Saudi Arabia, i.e., Riyadh and Mecca. The regions were
selected using the bounding box option that allows geo-tagged user tweets to be collected
based on a user-defined bounding box area. The geolocation co-ordinates of Riyadh (45.04,
24.01, 47.91, 26.33) and Mecca (38.66, 18.1, 43.67, 23.97) were obtained using Klokantech
bounding box tool [28]. The choice of these cities helped us in studying the contrasting
emotions of people belonging to a place of pilgrimage, and a city within the same country
but not a place of pilgrimage. Table 1 shows the statistics of the data collected.

Table 1. Statistics of the data before preprocessing.

Item Size
Total number of users 85,027
Total number of tweets (~20 tweets per user) 1,700,540
Tweets collected from Riyadh 951,600
Tweets collected from Mecca 748,940
Number of distinct users in Riyadh 47,580
Number of distinct users in Mecca 37,447

5. Arabic English Emotion Lexicon (AEELex) Design

AEELex is a bilingual emotion lexicon for extracting user emotions. This lexicon has
been developed in Arabic and English language. This section discusses the steps for data
preparation and design of the proposed lexicon.
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5.1. Data Preparation

At this stage, the data were prepared to suit the needs of the experiments that would
be carried out for performing analysis. We collected more than 85K tweets. Without being
preprocessed, these tweets were highly redundant and contained a large amount of repeti-
tive information, such as multiple tweets by the same users, etc. To address this issue, the
geolocated tweets from Saudi Arabia were collected and cleaned using the following steps.

1. Exclude redundant tweets: During this step, all of the redundant tweets were removed
from the data.

2. Remove diacritics: The script of the Arabic language has many diacritics. These diacrit-
ics or consonants help in modifying the pronunciation of the language [29].

3.  Arabic diacritics are short vowel symbols that are optionally written on the top
or under the Arabic letter to guide the intended pronunciation. There are many
Arabic diacritics, but the basic and most used are Fathan (<), Damma (:+), Kasra (%),
Tanwin Fath (%), Tanwin Damm (%), Tanwin kasr (%), Sukun (%), Shadda (), and
Tatwil/Kashida (-), which are described briefly in Table 2 [30].

4.  These Arabic diacritics are mostly used in classic Arabic scripts such as in the Quran
and Hadith, their quotes, poetry, children’s literature, or when a word has many
different meanings according to its diacritics. However, adult native Arabic speakers
can easily distinguish a word’s meaning based upon the word context. Generally,
these diacritics are considered noise that needs to be removed. Therefore, in this work,
all the diacritics mentioned in Table 2 were removed.

5. Remove repeating characters: At this step, we checked our data, and if a character
appeared more than once in a word, then the repeated character was removed. For ex-
ample, if the word contained repeated characters such as “ s 4 9 3 9 9 3 9", With the

7w

character “4” in this case repeated several times, we removed the repeated character
and rewrote the word as “ 4 a”, meaning congratulations.

6.  Remove punctuation marks: All punctuation marks such as ‘< x¢<>_()*& %][—"... "+ ~{}
.87 /«- were removed.

7. Remove non-Arabic words: Because the focus of this study was based on Arabic tweets,
only Arabic words were kept.

8. Keep only unique user IDs while preserving their tweets: Within the data, many of the
users had posted more than one tweet. Therefore, only unique users were retained
but their respective tweets were merged and preserved for analysis. The schema for
the final data that were used for the experiments is shown in Table 3.

"non

Table 2. Information on the main Arabic diacritics (diacritic name, shape on the letter ¢ and sound).

Name Shape Sound
Fatha f
Damma 5 u
Kasra : i
Tanwin Fath f an
Tanwin Damm g in
Tanwin kasr ¢ un
Sukun ? No sound
Shadda E Doubling or extra length
Tatwil /Kashida - No phonic value
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Table 3. Schema Used in Experiments.

Unique User ID Aggregated Unique Tweets Region (Mecca/Riyadh)

Table 4 shows statistics on the data after data preprocessing. Furthermore, to make
our data ready for analysis, Natural Language Toolkit (NLTK) was utilized to remove stop
words (Arabic language) and tokenization. Additionally, neutral tweets were omitted, and
only tweets showing positive or negative polarity were used.

Table 4. Statistics on the data after preprocessing.

Item Quantity
Total number of tweets 35,383
Tweets collected from Riyadh 16,726
Tweets collected from Mecca 18,657

5.2. Lexicon Design

The lexicon-based analysis is one of the main approaches used in sentiment analy-
sis [31]. It includes identifying the sentiments of users based on the semantic orientation of
their words [32]. This method relies on a dictionary-based approach comprising a list of
words according to their semantic orientation. There are different methods of creating such
dictionaries, including automatic [33] and manual [34].

For the current study, a bilingual emotion dictionary comprising emotions expressed
in the English and Arabic languages was created. This dictionary is named “AEELex” and
is based on eight emotions proposed by Plutchik [15] including Fear (245), Anger (was),

Sadness (O ), Joy ( e ), Surprise (SL.Uu), Disgust ( JW‘), Trust (&) and Anticipation (<3 7).
AEELex comprises these eight emotion categories along with two sentiment polarities, i.e.,
positive (_3l=)) and negative (_ql).

Due to the complexity of the language used, a manual approach was adopted with the
involvement of native Arabic language experts. The emotions fear ((2s=), anger (cwa$),

disgust ( JW\), and sadness (() ;>) are associated with negative sentiments, whereas joy

( d ), trust (42%) and anticipation (_ ) fall in the category of positive sentiments. The cat-

egory surprise (SL.Uu) is a mixed sentiment comprising both positive and negative emo-
tion words.

Apart from the words belonging to the eight mood categories, additional words
were manually added under the category of positive and negative emotions. We devel-
oped our dictionary based on the Moodbook and NRC Word-Emotion Lexicon (Emolex).
Both Emolex and Moodbook also tag words according to Plutchik’s eight emotions along
with the two categories of semantic polarities—positive and negative. However, neither
dictionary categorized the moods according to our context. Moreover, these dictionaries
are based on words in the English language only. Therefore, we extended these dictio-
naries to the Arabic language, along with new words, to form our bilingual dictionary,
“AEELex”. This dictionary was developed using more than 19,000 tweets written in the
Arabic language. Table 5 shows an example of a few mood words in the AEELex dictionary.
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Table 5. Example of emotion words in AEELex.
Mood Mood Mood Word Mood
Category Category 850 i (;1) S Words Example Sentence (From the Collected Dataset)
(English) (Arabic) ngHs (Arabic)
afraid Lol cadl e aallal Ul
e sl Ll 5 axd s oY
Fear Cos GEanEes S : Bl - < . -~ L
ot Vs P Yy ol g s o gam il fs eaais Sly il
trembling s )| Wl aael e af ) oly s
wild/brutal s> SV A el ol I olagadl d
cruel b fj"” &Ll
Sadness RIS oy, Blals dlalie juS el s A“ oy b o uf*m oLyl
mistake aale 00 smo b Yy ale oM g el Sime 4y alale Lale o llag
broke down PRz ) N [ X BV
fun A T sl s
Joy & dance o2 el el dLl«Jd}L" ey oamly Lo Al jaB) Cljb.ﬂ Ay p 2 s
entertainment 4 Lis 434 oy el 59Kyl B C\J Lo asl Jlolg¢ elx.%c.sv’ W
wondrous NENS s g8 Olal s O L gledly bl ! JL-J
Surprise olo\.u oh god g Ct"" o5 s Cl:a.l\ e 4w ad At 55 Wl
a daemon Olacs o <l Wl gl fn"ﬁ Olacadl o Al Sguiy slogs
disgusting ke e s g Je asll C\:ﬁ b
disadvantage s Je I F L 4,51 L5.»--.7 N ous
certain e i ol e € S
Trust G support =2 e i Oaske & 5‘{.\?‘ o glu =2 f.uu NP
feeling gr e W ol sl AMFSH s sl 3
Ll G52 55 ol OEL ab o Wl 52 3 0 3
prospect Ja! ol O 02 Ol O o ok Ll 58 S oot s“ 5
o L Bﬁﬁdb\jysﬁeukﬁjﬁW\JW\ww
Anticipation 2y anxiety R s "U\ GNES ‘e.*U‘ ¢ \f} &b Y [GINEH ‘o*U‘
feel o= OVE L O I

6. Lexicon Comparison and Validation

We compared our bilingual lexicon with two recently proposed emotion lexicons, one
in the Arabic language proposed by M. Saad [35] and the second one, an English language
lexicon, Moodbook. Table 6 highlights the characteristics of these two lexicons along with
the proposed AEELex.

M. Saad’s Arabic language lexicon comprises six categories of emotions: namely, Fear,
Anger, Sadness, Joy, Surprise, and Disgust. However, AEELex has two additional categories
i.e., trust and anticipation. Furthermore, AEELex has a comparatively larger number of
emotion words than the former. Therefore, the proposed lexicon provides a much more
fine-grained study of emotions and can cover many numbers of tweets where the existing
lexicons failed to mine any emotions. We performed a comparative analysis by identifying
the emotion categories of 1000 tweets in the Arabic language collected from two cities
in Saudi Arabia and applying it to AEELex (Arabic version) and the lexicon proposed
by M. Saad. It was observed from the results that both lexicons were able to identify all
the emotion categories. However, M. Saad’s lexicon was not able to mine emotions from
~60 percent of total tweets; contrastingly, AEELex was not able to mine only 17 percent of
total tweets. M. Saad’s lexicon combined several emotions into a single category, which
led to a lack of essence for particular emotion words such as oy, Trust, and Anticipation—
emotion categories that were combined into one category (Joy). For example, the emotion



Appl. Sci. 2021, 11, 6846

8 of 15

word ” 8sle”(worship) was placed under the joy category by M. Saad, whereas AEELex
classified the same word under the anticipation category rather than joy.

Table 6. Comparison of AEELex with other lexicons.

. . # Tweets Where
Distinct .y .
Emotion Positive/ Lexicon was
Lexicon # Emotion Categories . Negative Not Able to
Categories Polari Find An
Identified ty ny
Emotion
M. Saad 6 (Fear, Anger, Sadness,
lexicon [35] Joy, Surprise, and Disgust) 6 No 59
AEELex (Arabic) 8 (M. Saad lexicon + Trust 3 Yes 177

and Anticipation)

8 (Fear, Anger, Sadness,
Moodbook Joy, Surprise, and Disgust, 8 Yes 732
Trust and Anticipation)

8 (Fear, Anger, Sadness,
Joy, Surprise, and Disgust, 8 Yes 663
Trust and Anticipation)

AEELex
(English)

# means ‘number of’.

Furthermore, we compared AEELex with an English language lexicon, Moodbook, by
analyzing 1000 tweets in the English language collected from Saudi Arabia. Both lexicons
have eight emotion categories and were able to identify all the categories in the user tweets.
However, it was observed that AEELex outperformed Moodbook by being able to identify
a greater number of emotions in the tweets.

Thus, we can conclude that AEELex is efficient as a bilingual dictionary in identifying
more emotions from text in both English and Arabic.

7. Data Analysis

We carried out a study to identify differences in the emotional state of Twitter users
residing in Riyadh and Mecca. We aggregated all the tweets of users and analyzed them
using AEELex. The analysis was performed in two phases. The first phase showed
that tweets had the potential to harness their users’ emotions. In the second phase, we
highlighted differences in emotions shared by people residing in a religious city or holy
city (Mecca) versus a metro city (Riyadh)in Saudia Arabia.

7.1. Phase 1: Sentiment Polarity Analysis (Positivity and Negativity)

The objective of this phase was to determine if the user tweets revealed the peace
and positivity experienced by residents living in a holy place. Therefore, we compared
the amount of positivity and negativity in user tweets. AEELex contains a list of positive
and negative emotion words. Joy, Trust, and Anticipation contain words belonging to the
positive category whereas Fear, Sad, Angry, and Disgust comprise words falling under the
negative category. Words belonging to the Surprise category were classified based on the
context. For each region, we calculated the positivity and negativity among the users with
Equations (1) and (2), respectively.

PositiveEmotionWords(region)

Total EmotionWords(region) @

POSregion =

NegtiveEmotionWords(region)
Total EmotionWords(region)

()

negregion =

where, pos;egion and negyeqion are the positivity and negativity of a region, respectively.
PositiveEmotionWords(region), NegativeEmotionWords(region) are the number of positive
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Cities under Study

Negative ((2 Positive ((=ts)

and negative emotion words of a region, respectively, under eight emotion categories
and Total EmotionWords(region) is the total number of emotion words extracted from the
tweets of a user belonging to that region.

Furthermore, the plots in Figure 2 show the proportion of positive and negative
feelings expressed by people residing in the cities of Mecca and Riyadh. It is observed
from the plots that users from both regions expressed positive emotions much more than
negative ones. However, upon conducting the experiments (to support our comparative
study), we observed that users from Mecca city expressed a high degree of positivity
(~90%) in comparison to the positivity expressed by users residing in Riyadh (~70%).
This can be attributed to the fact that people residing in holy places are regularly exposed
to religious remembrance and rituals that inculcate a shared feeling of inner harmony
due to spiritual enlightenment and inner satisfaction. Conversely, people residing in a
metropolitan city such as Riyadh live a fast, competitive, stressful, and busy life. The posi-
tivity of Mecca residents could be seen from their tweets about God and friendship and
positivity such as ” dext el elde all sLs L (As God wills, but God will protect you),

Y sde b 58553L7 (Good luck my friend), “4 x| g adl” (May Allah make it easy for you),

etc. The tweets from Riyadh usually talked about competitive affairs of day-to-day life
such as “ s ; 3! 217 (The weather today is fine) and “ “w Jb o)) oV (What kind of
money is this?).

‘I

=
o

20 30 40 50 60 70 80 90 100
Percentage of users in the city

H Riyadh ® Mecca

Figure 2. Proportion of positive and negative feelings expressed by people residing in Mecca and Riyadh.

Hence, from this study, we could perceive that user tweets have the potential to
show the variable emotions of residents of different areas and consequently the emotional
wellbeing of their users. This work thus proffers analysis of user tweets as a method of
perceiving the mental state of a person.

7.2. Phase 2: Plutchik’s Emotion-Based Analysis

This phase investigated how the emotions of users changed across the two regions.
The varying emotions of the users were observed across different mood categories based on
Plutchik’s emotion wheel, as shown in Figure 3. Figure 4 illustrates how the proportion of
user moods differed across the two regions. In the category of the most expressed emotion,
which was Anticipation, the users from Mecca were ahead (50%) in comparison to those
from Riyadh (around 40%). The users in Mecca tended to use words such as “«J!” meaning

"God sulffices" in their tweets: for example, “all <& , f\;;J‘ Wlas é.:.'kJ‘ Oyl Jlal”

(Reception of guest Sheikh Abdullah Al-Ghunaim, may God have mercy on him). As shown
in the plot, users from both the regions Riyadh and Mecca experienced Joy, but a higher



Appl. Sci. 2021, 11, 6846

10 of 15

Percentage of Users

60
50
40
30
20
10

proportion of the users in Mecca, approximately 20%, expressed the emotion Joy. In this city,
the users use words such as “», 4" (flower), “C=>" (love), etc. in their tweets: for example, ”

Sy, Oyl 5,8 ) clE L) (Tjust imagined that it was blue roses) expressing positiv-
ity and happiness, “C> alls o azweall SBlaall a3l UV (Tappreciate deep, beautiful
friendships full of love), etc.

Anger

Sadness

Emotions Anticipation

o

Fear Surprise

Disgust

Figure 3. Eight emotion words [37].

Joy ((z® Anger Trust((4s Disgust  Anticipation Fear ( (s> Sadness Surprise

(e (O el (&5 (0~ ((sesnliio
Emotion Category

H Mecca Riyadh

Figure 4. The proportion of user moods across Riyadh and Mecca.

For emotions falling in the negative categories, Sadness (() ;) was the one most expressed.
Users from both regions used words such as “las” (tired), “ (U” (pain), etc. to express
sad emotions; for example, tweets such as ”f 5;)\ I8 BIY Il o W< olws” (Iam tired,
it seems that because I spent a long time on Tik Tok before bed), “c 5« Wl gall G Y
ouzly ol s gl jamall 57 (Don't always bear the pain, pass by, be the bad person for
once) have been seen on user profiles. Anger (_.2¢) was the second most expressed emotion
in this category, articulated with phrases such as “«c =" (crime), ¢ =" (hungry) in tweets
suchas “ic > & J\"(stealing is a crime), “ 4.3 S Uiy S ke U1 =) Cj.?”(Late night
hunger, what do we do?), followed by Disgust (;LAc]) expressed with words such as
“ws”(shameful), “ " (petty), etc., in tweets such as “13S" 55 ee Y aeiiz s Cus”
(Shame, shameful, don’t draw it like this), “ 3.4 Lo AT Jud :5& O £BU” (Petty, [ could
have done more than you expect). It was also shown that the proportion of users falling
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into these negative categories was much higher in Riyadh than Mecca. These persistently
negative feelings inculcated in a population can lead to psychological issues such as bipolar
disorders, depression, etc. It has been reported that psychological ailments such as drug
use, depression, and anxiety-based disorders are among the leading causes of disability in
Saudi Arabia [30]. Furthermore, according to a study [36], as drugs, petrol, lighter fluids,
and tobacco were considered to be easily accessible to young generations in the city of
Riyadh. This could be one of the reasons why the people of Riyadh show more negative
and depressive emotions in their tweets in comparison to people in Mecca city.

8. Discussions

In this paper, we made use of social media platforms such as Twitter to study the
emotions of people residing in a holy city versus those residing in a typical metropolitan
center in the same country. Twitter was used as a choice of social media in this study;,
as this work was focused on the extraction of sentiments (emotions) from text. The Twitter
network appeared to be one of the main sources of text through which users express their
feeling in just 280 characters. Other social networking platforms such as Facebook hold
other user content (audios, videos, images in almost equal ratios) as well. Although the
inclusion of all the different types of media content was beyond the scope of this study,
it could be used in our future work. To study differences in user emotions between the two
cities, we performed various experiments and conducted a comparative study based on
users in these cities. To perform this comparative study, we considered tweets posted by
users in Mecca (pilgrimage region) and Riyadh (typical metropolitan city).

Our findings indicate that people residing in Mecca and Riyadh have significant
differences in their emotional states. The entire study was divided into two phases. In the
first phase, we concluded that tweets posted by users have the potential to reveal their
expressed emotions and thus their mental states. People from holy areas expressed much
more positivity than citizens from a typical city. The hectic and stressful life of the city affects
people negatively, leading to comparatively more psychological disorders and negative
feelings such as anger, disgust, and sadness expressed in words such as “~+=” (shameful),

el (pain), or “485” (petty).

Conversely, people residing in religious places such as Mecca, one of the holiest cities
in the world for Muslims, are much more at ease and at peace with their life. They tend to
turn to God (Allah) when in need and as a result shut out their negative emotions. Hence,

they are much happier and have a positive outlook on life. They tend to use spiritual
words such as “aJl” (Allah), “ s xes " (alhamdulillah meaning thanks to Allah), and “C L”

(ya Rabb meaning O Lord) revealing their emotional connection with god.

In the second phase, we performed a fine-grained analysis of user emotions and
studied the differences in emotions shared by people residing in the two cities. We observed
that words in the positive categories such as Joy and Anticipation were used by a higher
proportion of people in Mecca (~90%) compared to those in Riyadh (~70%). In order to
perform a more fine-grained analysis, we created a word-cloud of the words extracted
from the tweets of people residing in Mecca and Riyadh cities, as shown in Figures 5 and 6,
respectively. For a better understanding of user emotions, the top five words in each of the
emotion categories expressed by users in the two cities are presented in Table 7. It can be

seen that some of the words used are common in both cities, such as “—#*” (meaning fear)

and “u=>2" (salvation/finish) and rank at the topmost position in their corresponding
categories, i.e., fear and anger, respectively.
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Table 7. Top 5 words from each emotion category.

Mood Category Riyadh Riyadh (English) Mecca Mecca (English)
RN fear chsa fear
s scared o> genie
Fear b WOrTy il scared
] are afraid ey are afraid
il I'm afraid o5 yore
BEREN Salvation/finish SEPEN Salvation/finish
e difficult BS bitter (noun)
Anger > bitter (noun) e difficult
- stupid e expensive
S hate e fault
oo Worry o worry
A tightened Al pain
Sadness A pain BT feeling
BT feeling o sad
il request lost
allaeall Thank God o Love
S sweet S sweet
Joy s love Adlaead) Thank God
i new ] heart
b heart B new
ally O God ally O God
gl defense Gl Oh man
Surprise Al e seriously ] O mommy
R O mommy Al e seriously
&b Oh Man gl defense
& yea e fault
s stupid & yea
Disgust e fault =< stupid
A ugh i ugh
L worry S mocked
ol Amen i myself
& Done & Done
Trust G believe Ol Amen
o secret el patience
5 myself Gha believe
n God < God
i time i time
Anticipation ol peace B thank you
B thank you (EB) soul
ol I feel ol same
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Figure 6. Word-cloud of Riyadh users.

9. Conclusions and Future Scope

In this work, we studied the potential of social media such as Twitter as a platform to
depict the emotions and thereby the mental wellbeing of its users. In particular, we studied
the contrasting emotions of people residing in a holy city and a typical metropolitan city.
To mine emotions from user tweets, we designed a bilingual lexicon (Arabic and English)
called AEELex based on two recently proposed emotion lexicons (M. Saad’s Arabic Lexicon
and the Moodbook English lexicon). The proposed study was an attempt to show that
user tweets have the potential to unveil user emotions and thus can help in analyzing user
emotions as well as behavior on different platforms. Additionally, emotions are strongly
influenced by the surrounding environment. Therefore, in this study, we performed a
comparative analysis of tweets posted by users in Riyadh and Mecca (pilgrimage city).
Plutchik’s eight emotion categories of Fear, Anger, Sadness, Joy, Surprise, Disqust, Trust, and
Anticipation were used for this purpose. To be more vigilant toward the outcomes, the
entire analysis was performed on two datasets containing Arabic and English language
tweets separately.

The study clearly showed the impact of social and habitual surroundings on user
tweets and thereby their emotions. People residing in pilgrimage cities were observed
to be more vocal in expressing positive emotions or sentiments. They also conveyed less
negativity in comparison to people residing in a non-pilgrimage city. Furthermore, a higher
proportion of people residing in a holy city or pilgrimage area expressed emotions in



Appl. Sci. 2021, 11, 6846 140f 15

positive categories such as Joy and Anticipation, whereas negative emotions were expressed
more often by people residing in a typical metropolitan city.

This study could be extended to detect early signs of a psychological disorder such as
depression or suicidal tendencies among residents of such contrasting social environments.
This social media text-based analysis could be further improved if we also take into account
the context of the tweets and also their sarcasm, if present. Furthermore, this analysis could
assist in building a machine learning-based model to predict the location (city, state, etc.)
of a tweet/post.
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