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Abstract 
 

Emojis are digital images used to express ideas, emotions, activities and situations. Emoji usage in social 

media has been widely accepted by users and has generated a new and interesting practice in research. 

At the same time, use of Location-Based Social Media (LBSM) has become popular in a range of fields, 

including urban planning studies. Examining emojis in social media data is compelling because users 

utili se emojis to indicate their feelings, their activities and their locations. Geolocated social media data 

can be used to explore and understand the city by finding an approach to transform this data into 

information.   

This research discussed the capacity of using emojis in social media data for urban and landscape plan-

ning applications. The first part of the methodology was  creating an emoji taxonomy. Emojis were as-

signed to three different categories: Objects, activities and sentiments. This was made considering the 

capability of emoji s representing one of these categories and essential points to know for an urban 

planner and decision-maker. The posts in LBSM data geolocated in Dresden, Saxony in Germany were 

also categorised to be visualised based on the generated emoji taxonomy. The posts were categorised 

according to the emojis contai ned within . Whichever category of emoji in it , the post was assigned to 

that category.  

An interactive geovisualisation method was adopted, and a web map was built to explore the LBSM data 

in Dresden together with the categorie s (https://elifcanozyildirim.shinyapps.io/mapemoji/ ). After the cat-

egorisation and geovisualisation process, the functionality of exploiting  emoji usage in LBSM for urban 

and landscape applications was assessed with the case scenarios. It was proven that emojis are used in 

accordance with the locations and activities. Therefore, the use of emoji taxonomy and the geovisuali-

sation have been shown to be advantageous to use as an information source. In addition, emoji usage 

in social media can aid to assess subjective values, analyse different activity types patterns, landmarks, 

temporal changes and sentiments in the city. This study strengthened the position that  LBSM is a useful 

resource for the urban planning profession. However, the following  shortcomings were also identified : 

Emoji use differs between users, the post context and emoji selection may vary from one another , users 

tend to look positive in social media and the locations of posts may not be correct. Therefore, this re-

search concluded that proper care should be taken when taking emoji usage in social media as a source 

of information .  

 

 

 

https://elifcanozyildirim.shinyapps.io/mapemoji/
https://elifcanozyildirim.shinyapps.io/mapemoji/
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1. Introduction  

This chapter will clarify the motivation behind doing this research, research objectives and research ques-

tions.  

 Thesis Outline 

The thesis was held in five sections. In the Introduction, the motivation and statement of the problem 

together with the research objectives and questions will be given. The second chapter will outline the key 

concepts like social media, using location-based social media for urban fields and the related works in 

the literature . The third part  consists of the methodology  and it was given together with the results; the 

reader will here discover the methodological approach in detail. Use case scenarios and the assessment 

of case scenarios were given under section four. Lastly, the contributions of this paper to current research, 

limitations and future work will be discussed. 

 Motivation and Problem Statement  

Smartphones are now an essential part of our daily lives, and as a result of affordable smartphones and 

data plans, the number of social media users on Instagram, Twitter, Facebook and many others have 

reached to billions (Frias-Martinez et al., 2012). Furthermore, social media offers the possibility to share 

ideas, emotions, upload visuals, making a comment on the places they have been or an ongoing event. 

Social media users share their satisfaction degree, emotions or critiques. Adoption of new technologies 

has brought new ways of discovering human dynamics through generated data. Social media messages 

that contain spatial information,  which is called as Location-Based Social Media (LBSM) has become a 

unique data source that allows researchers, planners and scientists to analyse, understand and map the 

relationship between people and places.  

The responsibilities of urban planners are to observe, gather information, state the problems, bring 

knowledge and solutions into the decision -making process for a better future of cities and societies (Hall 

and Tewdwr-Jones, 2010). The information can be gathered through observations, surveys, question-

naires or direct meetings. However, these methods have certain limitations like the costs of running 

questionnaires and restricted number of people that can join the survey. Meetings and questionnaires 

made with a limited number of people cannot bring a broad perspective for controversial issues. As an 

alternative, Geographic Information Systems (GIS) can provide information about the land, yet it fails to 

bring knowledge  about citizens, their daily activities and the level of wellbeing. Utilising LBSM data to 

retrieve information differs from a pproaches mentioned above because the insight is ascertained directly 

from the actions of people without questioning. A city is not only made of  streets, parks and buildings 

but the community and their social practices. Different from past, we do  not only map the buildings and 

cities, but we can now map abstract things like human geography (Stefanidis, Crooks and Radzikowski, 

2013). The association between the physical environment, social practice and perception of the place 

have always been a tricky field (Hutchison, 2014). LBSM data has the potential to  assist in exploring and 

visualising abstract concepts like sentiments, opinions and the relationship between the spatial areas and 

humans.  
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The variety of individuals in social media, so the information that can be extracted from this data is 

relatively rich. Scholars have adopted LBSM data as an information source in their studies; to characterise 

the land use and landmarks (Frias-Martinez et al., 2012), to understand the feelings and perception of 

citizens in the city (Williams, 2012), to identify sentiments and ideas about urban planning decisions 

(López-Ornelas, Abascal-Mena and Zepeda-Hernández, 2017), to map mobility patterns and human ac-

tivities in urban areas (Hasan, Zhan and Ukkusuri, 2013). The scholars advocated the fact that social media 

data is useful and valuable to explore urban areas. 

Meanwhile, sentiment analysis and opinion mining have gained much attention, and social media data 

has become a source for these tasks. Through Natural Language Processing (NLP), sentiments and reac-

tions have been extracted from social media. Scholars pointed out the potential of making use of emojis, 

arguing that emoji s are strong indicators of feelings (Hu et al., 2013; Fernández-Gavilanes et al., 2018). 

The use of emojis has become widespread and through emojis, it is possible to research and compare 

user behaviours and preferences across nations and cultures (Lu et al., 2016). 

The inspiration behind this research was making use of emojis for urban and landscape planning appli-

cations. Similar to previous investigations, LBSM data was used to explore the city, but unlike earlier 

researches, it was made based upon emoji usage. This study progresses in four steps; (1) making a tax-

onomy of emojis, (2) analysing emoji usage in social media data, (3) creating proper visualisations for a 

better understanding of the public dimension in urban areas, (4) deliberating the results over geovisual-

isation for city of Dresden, in Saxony, Germany. Following chapters will discuss the advantages and dis-

advantages of analysing emoji use in social media data for urban planning. 

 Research Objectives and Research Questions 

This research principally aims to portray that, proper analysis and geovisualisation of spaces based on 

emoji usage would aid not only to get a unique idea about the perception of the city and the character-

istics of the places but also would help to shape planning decisions and evaluate them in the long term. 

Objectives of this study are as follows: 

RO1: Finding suitable approaches for filtering emojis and assigning the related emojis into three 

categories; objects, activities, sentiments. 

RO2: Developing an informative geovisualisation of LBSM posts based on the use of emojis in order 

to use it as an information source in urban and landscape planning. 

RO3: Discussing the usability and limitations  of analysing emojis in social media with a case sce-

nario in, e.g. parks, a public square, a shopping street, a neighbourhood.  

In this study, a methodology  that focuses on clarifying the following  research questions was adopted. 

These questions were defined as the following: 

RQ1: How to classify emojis as objects, activities, sentiments in a way that it relates to urban plan-

ning and helps to outline the features of the environments and the perception of people about these 

places? 
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RQ2:  How to visualise social media posts geolocated in Dresden based on the emojis and taxon-

omy, so that it  becomes an information resource for decision-makers and urban planners? 

RQ3: What are the possible benefits of analysing emojis in geolocated social media posts for urban 

and landscape planning applications to analyse a city through citizensõ eyes? 
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2. Theoretical Background and Related Work 

The study subject was chosen in conformity with relevant findings  of researchers and promising future 

of investigating emojis in geolocated social media posts. First and foremost, it is crucial to familiarise with 

the framework and related concepts. This chapter will present the key concepts and relevant studies.  

 Social Media  

òSocial media is increasingly becoming part of our everyday lives.ó stated Williams (2012). Kaplan and 

Haenlein (2010) defined social media as web-based applications which produce and exchange user-gen-

erated content. Social media gives the users a voice, erases the line between media and audience and 

supports the growth of groups with similar interest (Kaplan and Haenlein, 2010). Williams (2012) stated 

that users do not register only their locations, but also their activities and their opinions. Social media 

has been a communication tool, now it has become a data resource for numerous purposes too, like 

evaluating customer satisfaction, understanding opinions and sentiments, tracking trends and observing 

reactions to events.  

2.1.1. Location-Based Social Media Data 

Location-Based Services (LBS) are services that integrate a mobile deviceõs position with another kind of 

information to provide better service to the user (Schiller and Voisard, 2004). Several industries benefit 

from LBS, such as tourism, health, entertainment, and security. Consequently, LBS have implemented the 

technology for social media users to share their location from their social media networks. Social media 

connects people, moreover, lets both users and researchers comprehend, discover and document the 

information users register. Economists, politics, governments, urban planners, commercial organisations, 

along with many other organi sations, have taken advantage of LBSM for analysis and development of 

plans. 

Social media data with spatial content offers a more comprehensive material when it comes to the un-

derstanding of socio-spatial dynamics. The users share their knowledge, but this should not be confused 

with Goodchild (2007)õs term òvolunteered geographyó. Volunteered Geographic Information (VGI) refers 

to the user-generated content (Goodchild, 2007). Flickr, OpenStreetMap, Wikimapia are some of the ex-

amples where users voluntarily provide information about  spatial areas. Geolocated social media posts 

create a kind of VGI. However, they are not precisely VGI, because users do not volunteer for giving their 

knowledge about a place, but the information they provide can be still utili sed for other  objectives. Schol-

ars defined this as ambient geospatial information , and the emergence of this kind of  information rep-

resents the second evolution of geospatial data, followed by VGI (Stefanidis, Crooks and Radzikowski, 

2013). 
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2.1.2. Geovisualisation of LBSM 

Day by day, the amount of available data and consequently, the degree of data complexity is increasing. 

One of the biggest challenges for information science is finding ways to transform the data into infor-

mation and ultimately into knowledge. Large volume , difficulty in defining reliable and unreliable infor-

mation and limited tools to extract meaningful information from social media make the use of data chal-

lenging (MacEachren et al., 2011). This problem can be overcome by effective visualisation methods. 

Visualisation refers to the conversion of raw data into displayable images for turning information into a 

way that human perception can capture (Haber and Mcnabb, 1990). Using graphs, charts, maps are more 

descriptive and more explicit than unstructured datasets and texts. Geovisualisation, on the other hand, 

was defined as a mix of approach to provide theory, methods and tools for explor ing, analysing and 

representing geospatial data (MacEachren and Kraak, 2008). LBSM data has a complex and multidimen-

sional structure, and dynamic geovisualisation methods are necessary to assist the viewer in understand-

ing the data.  

Static visualisations can present only limited dimensions of the data, but interactive visualisations can 

empower people to explore data themselves, and represent multidimensional datasets (Murray, 2013). 

Creative and dynamic cartographic representations are developing as cartographers exploited the ad-

vanced technologies from other d isciplines like computer sciences (Rhyne, MacEachren and Dykes, 2006). 

Kiousis (2002) defined interactivity as the degree to which communication technology can generate a 

facilitated environment where users can interact with systems. Advanced interactive techniques of geo-

visualisation are now regarded as helpful for discovery and for presenting data (Dykes, MacEachren and 

Kraak, 2005). They are advantageous as they allow exploration through interaction.  

Analysing social media data can sound impractical because of its complexity, but interactive visual rep-

resentations facilitate interpreting this kind of data (Bal, 2008). Fan and Gordon (2014) divided social 

media analytics into three steps: capture, understand and present. Capturing is related to finding the 

relevant social media data from different sources, understanding is removing the low-quality data and 

applying analytics methods to understand it, and lastly presenting stage answers to the need of turning 

these findings into meaningful displays (Fan and Gordon, 2014).  

 

Figure 1. Social Media Analytics Process, Adapted from òThe Power of Social Media Analyticsó  

(Fan and Gordon, 2014) 

Capture
Gather and preprocess the data

Understand

Remove noisy data and perform analytics 
like sentiment analysis, trend analysis

Present

Summerise, evaluate and present 
findings
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At the presenting stage, where the findings should be displayed in meaningful ways, using interaction 

would bring successful solutions and overcome the complexity of social media data. It would encourage 

engagement and allow the user to explore the data according to the area of interest. An interactive 

geovisualisation of LBSM data with filtering features can assist urban planners in understanding separate 

pieces of information in one piece.  

 LBSM in Urban Studies 

When geolocated social media data is turned into actionable insights, it can provide unique information  

to be used in urban planning applications. This chapter will present the related works and discuss the 

features of LBSM.  

 The Utili sation of Social Media Data in Urban Planning and Related Researches 

Urban planning is a profession and interdisciplinary field which focuses on design, regulation, functions 

and social impacts of the space which brings engineering, architecture, social and political disciplines 

together (Fainstein, 2016). The main concern of planning is to understand and regulate the connection 

between spaces and people, not only by building and changing environments but also by keeping in 

mind that planning and design are for people.  

An interesting chance has arisen, to create unique methods to conceive and visualise the dynamics, struc-

ture, and personality of a town (Tasse and Hong, 2014). Urban planners require significant amounts of 

data for better and successful planning applications. Any information concerning city dynamics is sup-

portive for a planner to understand and analyse the town.  

The public dimension of a city cannot be ignored nor underestimated in urban planning. Lynch (1981) 

stated this dimension as "sense", as a connection between cognition and physical environment, and re-

flects the way people sense the environment in their minds. He criticised planning approaches regarding 

"legibility"; a city is not just a thing by itself, but how its in habitants perceive it (Lynch, 1981). Analysing 

a city using geolocated social media posts provides different perspectives comparing to traditional ex-

aminations, especially when observing intangible urban phenomenon like the urban life, experiences and 

the use of the city.   

Researches utili sed social media to study the perception of citizens towards a city. In the project òHere 

Now! Social Media and the Psychological Cityó, the expert investigated a range of socio-economic classes 

by analysing Facebook and Foursquare check-in locations (Williams, 2012). The researcher generated a 

cognitive map of the city , demonstrating the collective psychology of social media users, as shown in 

Figure 2 (Williams, 2012). After investigation and visualisation process, Williams (2012) concluded that  

geo-locative social media data is informative  to explore a city through the inhabitantsõ eyes, without 

conducting surveys or using governmental datasets. 
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Figure 2. Geovisualisation of Facebook Check-in Density (Williams, 2012) 

 

Cartographers and urban planners tried to  extract information about the socio-economic status of the 

cities from LBSM. Quercia and colleagues (2012) argued that visualising emotional state of residents is a 

way to map their socio-economic situation. They conducted a case study in London: They performed 

sentiment analysis using Twitter data and explored the association between sentiments and socio-eco-

nomic well-being (Figure 3). Although t hey encountered demographic biases in the data, regarding the 

age intervals and average income, they uncovered a correlation between sentiments and well-being of 

communities (Quercia et al., 2012).  

 
Figure 3. Mapping òGross Community Happinessó in Greater London, blue colours represent  

unhappy, and red colours represent happy sentiments (Quercia et al.,2012) 
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Similarly, a study used geolocated Twitter and Foursquare data and determined neighbourhoods using 

spatial clustering techniques, proving that neighbourhoods which are more active in social media, tend 

to have better incomes. They aimed to understand the dynamics of districts and create a source of infor-

mation for future urban development decisions (Anselin and Williams, 2015).  

LBSM has been analysed to understand other characteristics of a city too; such as understanding activity 

types and mobility patterns. A study investigated urban human mobility by portraying aggregated and 

individual activity patterns and visualised as a virtual grid reference city map (shown in Figure 4) (Hasan, 

Zhan and Ukkusuri, 2013). This study proved that by analysing social media, it is possible to observe the 

activity and mobility patterns  of citizens. 

 

Figure 4. Check-in density for activities in Manhattan Island area in New York City (Hasan, Zhan and Ukkusuri, 2013) 

 

Knowledge about the use of public spaces is crucial for urban planning. Social Networks Sites (SNS) are 

also strong tools to discover the characteristics of places. One study analysed sports activities using SNS 

data (Mora et al., 2018). They aggregated the data and visualised it to  identify the common places where 

citizens practice sports. The investigators underlined that knowing the most preferred places is important 

for urban planners so that the necessary infrastructure developments and citizen-centric policies can be 

designated (Mora et al., 2018).  

Urban planning aims for the wellbeing of citizens by controlling and designing environments , so some 

of the primary purposes are characterising land use and identify ing land-marks (Frias-Martinez et al., 

2012). Researchers detected different land uses in Manhattan, New York City utilising Twitter dataset. 

Using spatial information of tweets, investigators applied an unsupervised neural network to segment 

the land. Afterwards, they identified urban land uses utilising temporal information and cluster ed similar 

activity patterns, as illustrated in Figure 5 (Frias-Martinez et al., 2012). Results show that geolocated in-

formation can aid to detect landmarks and land uses. 
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.  

Figure 5. Geographical representation of Land Use Clusters 

From left to right: Business, Leisure/Weekend, Nightlife and Residential (Frias-Martinez et al., 2012) 

 

Dunkel (2015) experimented different visualisation techniques of crowdsourced photo geodata from 

Flickr to provide aesthetic and perceptual features of landscapes (Figure 6). He argued that these visual-

isations are helpful to analyse the relative importance of features in an area. Dunkel (2015) stated, the 

opportunities of using social media data for planners and designers are obvious but successful integra-

tion of the results with urban  planning process strongly depends on the quality and reliability of the data 

(Dunkel, 2015).  

 

Figure 6. Fort Mason area based on unique tags (Dunkel, 2015) 

 

Crisis management has been vital in decision-making areas, such as regional planning. MacEachren and 

colleagues (2011) developed a web-based visual analytics application to enable an analysis of Twitter 

data (Figure 7). They intended to integrate visual methods to place-time-entity framework and assist 

decision-making process in crisis and predict future states (MacEachren et al., 2011). Similarly, another 
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study analysed microblog posts during the emergency event of Red River Floods in North America using 

Twitter data that was generated during the flood period (Vieweg et al., 2010). Their purpose was to im-

prove situational awareness for both public and emergency responders  by using extracted information 

from social media data (Vieweg et al., 2010).  

 

Figure 7. SensePlace2: Geo-Twitter analytics support for situational awareness (MacEachren et al., 2011) 

 

Other study aimed to extract past events from social media data. A visualisation was created to recon-

struct past events using activity traces (geo-referenced photos from Flickr and mobile phone calls) by 

using a combination of tools like interactive geovisualisations, geo-computations, and statistical methods 

(Andrienko et al. 2010). The researchers transformed these activity traces into spatially referenced time 

series and visualised for a better interpretation. Researchers came to the conclusion that methods for 

visualising this kind of data should be combined with other interactive visual displays to allow analysis to 

discover different patterns in data. 

Previously mentioned researches indicate that the analysis of urban areas through information collected 

from LBSM has gained significant attention  as a promising technique for applied research. An increasing 

amount of  LBSM data has provided researchers a fresh and important information source to understand 

the city, citizens, and the relationship between them.  

2.2.2. Characteristics of LBSM Data 

The amount of data  is constantly increasing along with the popularity of the Internet; every activity that 

relates to the Internet is recorded as data. Economic, physical and social activities that are performed in 

social networks or on web are recorded as an abundant number of datasets. Data is now large-scaled, 

less structured, yet is available for things which were hard to observe in the past (Einav and Levin, 2014). 

On the one hand, LBSM data can now be utilised for a range of fields more effectively, but on the other 

hand; the data became more complex and ambiguous to explore.  
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Big data was described with three Võs model: òit is high-volume, high-velocity and/or high -variety infor-

mation assets that demand cost-effective, innovative forms of information processing that enable en-

hanced insight, decision making, and process automationó (Gartner Inc., 2013). The potential of data is 

undeniable, but making sense of this high-volume, high-velocity and high-variety data requires pro-

cessing, interpreting and both explanatory and exploratory visualisations. 

Bias has also been a feature of social media data. One of the challenges that researchers face to use LBSM 

is the demographic bias, like Quercia and his colleagues (2012) faced in their study, 63% of Twitter users 

were less than 35 years old and 68% of them had at least $60,000 annual income. Academics proved that 

social media data was created mostly by users with higher incomes because of mobile phone ownership 

(Tasse and Hong, 2014). Therefore, LBSM data does not represent the whole population. The model of 

posts may represent only one specific part of the community rather than an all society. Furthermore, 

social media activities are much denser in urban areas than in rural areas (Hecht and Stephens, 2014). 

Scholars must be aware of the biases in models and make clear what exactly the models represent and 

what they do not represent (Tasse and Hong, 2014). Further limitations will be discussed in Section 5.2, 

together with the findings of this study.  

 Emojis in Social Media 

Emoticons are typographic displays, made with using only characters that represent facial expressions, 

e.g. a smiley face as ò:-)ó and sad face ò:-(ò. They had become popular in communication apps in the 

1990s when the Internet spread around the world . Unlike emoticons, emojis are actual pictures and 

started to be used in the late '90s. The word emoji consists of two Japanese words; "e" meaning picture 

+ "mojió meaning character. Emojis are smileys or ideograms which are widely used in several devices 

and applications.  

Each year, more emojis were added in Unicode and usage of emojis has progressively expanded. People 

from different countries, age groups, cultural backgrounds have accepted these pictographs and have 

utilised them in their text -based communication (Lu et al., 2016). On 5 March 2019, the Unicode Consor-

tium released the latest version Unicode 12.0 (The Unicode Consortium, 2019). Emojis are categorised 

into eight groups: Smileys & People, Animals & Nature, Food & Drink, Travel & Places, Activities, Objects, 

Symbols, and Flags (ôEmoji Version 11õ, 2018). 

Face to face or phone conversations let people understand each otherõs mood from vocal clues, but  only-

text based communications can cause misunderstandings (Subramanian et al., 2019). Emoticons and 

emojis have the potential to enrich the communication by enhancing the way to show emotional expres-

sion. They provide an alternative to visual communication to portray universal emotions, states and ac-

tivities. Besides, they grant a deeper meaning to the text. One research featured how a smiley face emot-

icon was processed in the brain, and the investigation established that brains respond to emoticons in 

similar ways as they respond to faces (Churches et al., 2014). Using emojis is an intention to be clear and 

sure that message is received in the right way so that the disconnections caused by non-facial commu-

nication is prevented (Lebduska, 2014).  
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The adoption of emojis gives researchers opportunit ies to conduct studies which had limitations formerly. 

For example, if there is only the name of a city in a post sent by a user, it does not reveal any ideas or 

feelings. However, if there is an emoji next to it like òsmiling faceó (), this expresses that the user has 

positive experiences in this city; or oppositely an òangry faceó (А ) indicates negative feelings or experi-

ences (Ayvaz and Shiha, 2017). Lu and colleagues (2016) outlined  that researches which were before 

limited because of language and geographical barriers can be now conducted employing  emojis with 

respect to their widespread acceptance by users across the world. Besides, making use of emojis in social 

media brings an alternative solution to the researches that have difficulties in conducting user surveys or 

implementing  NLP. 

2.3.1. Emojis for Evaluation of Sentiments and Activities 

Understanding and analysing what people do, feel and think have an outstanding importance for a di-

versity of professions. Conducting surveys, questionnaires; detecting emotions from visual -audial tools 

or behaviours are some of the traditional approaches for collecting sentiments. Sentiment analysis is the 

study that extracts the attitudes and emotions of people  from texts (Liu and Zhang, 2012). It is importan t 

to social domains because ideas are the core of human activities and behaviours (Liu, 2012). A wide range 

of people  share their opinions and feelings through channels like social media, and it becomes a note-

worthy source to use in sentiment analysis. Running sentiment analysis across social media finds a wide 

application ranging  in predicting re sults of an election, identifying satisfaction or dissatisfaction of pur-

chaser, approximating stock market prices (Ayvaz and Shiha, 2017). Businesses and organisations value 

opinions and emotions about the product, event or place, in the interest of improving their services.   

Several investigates discussed the approaches and potentials of applying NLP to texts from blogs or SNS. 

Pang and Lee (2009) aimed to extract emotions and opinions from online review sites, social networking 

sites, personal blogs and they questioned the disadvantages of running  sentiment analysis on these web-

sites. They documented that extracting sentiments from user-generated content is more complex and 

challenging than applying machine learning algorithms to classic texts because user-generated texts are 

harder for computers to analyse. The same as other computer systems, intelligence at the human level is 

deficient in NLP technology (Sattikar and Kulkarni, 2012). Misspelled words, spelling shortcuts and slangs 

are commonly seen in the Internet world.  For those reasons, detecting opinions, moods and emotions 

by analysing SNS has difficulties. 

Emojis can present complex objects or feelings, thanks to their rich visual representation (Lu et al. 2016). 

Scholars exploited emojis even to detect sarcasm in the text and asserted that human thoughts and 

feelings are best transmitted through emojis because they offer stronger signals than the text 

(Subramanian et al., 2019). Additionally , interpreting emojis in a dataset is more practical compared to 

text, because it overcomes the language barriers, as emoji characters are encoded in the Unicode Stand-

ard (Lu et al., 2016).  

Novak, SmailoviĻ, Sluban and MozetiĻ (2015) created a sentiment lexicon of most frequently used 751 

emojis, using approximately 4% of 1.6 million tweets that included emoji. 83 human annotators manually 

annotated sentiments in each tweet. In the end, academics analysed emojis that occurred in the tweets 

and assigned a probability of naturality ( pĬ, p0, p+ for negativity, neutrality, and positivity of the emoji) 

to each emoji. As a result, most of the emojis were scored as positive. In addition, most of the negative 
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emojis were found as sad faces, but the most commonly used positive emojis were not merely happy 

faces, but symbols that had no facial expression such as party symbols and hearts. In another investiga-

tion, an emoji lexicon from unsupervised sentiment analysis was created, and the use of emojis for sen-

timent analysis proved to have potential and power  (Fernández-Gavilanes et al., 2018). 

Ayvaz and Shiha (2017) explored the effect of emojis in NLP and studied the usage of emojis in events 

related to positive and negative feelings. They chose the events òThe New Yearõs Eveó and òIstanbul At-

tackó. Ayvaz and Shiha firstly applied a sentiment analysis only considering words with the help of a  

lexicon of words with  positive, neutral and negative sentiments. Secondly, the researchers repeated that 

taking into account  the emojis, which were also categorised as positive, neutral and negative. Taking into 

account the emojis in sentiment analysis, positive results increased, neutral results decreased, and nega-

tive results remained almost the same for both events (Figure 8 and Figure 9). 

 

Figure 8. Sentiment scores of òThe New Yearõs Eveó event without the emojis (left) and taking into account the  

emojis (right) (Ayvaz and Shiha, 2017) 

 

Figure 9. Sentiment scores of òIstanbul Attackó event without the emojis (left) and taking into account the emojis 

(right) (Ayvaz and Shiha, 2017) 

 

Ayvaz and Shiha (2017) point ed out that considering emojis in sentiment analysis improves the sentiment 

scores. Nevertheless, the occurrence of emojis with a positive sentiment score is higher than that of 

natural and negative ones. Consequently, exploiting emoji characters in sentiment analysis increases the 

general sentiment scores of positive opinions more than negative opinions (Novak et al., 2015; Ayvaz 

and Shiha, 2017). Still, when tweets with emojis and without emojis were compared, it was found that the 

occurrence of emojis had a stronger impact on the emotional perception o f tweets (Novak et al., 2015). 
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The results show that the evaluation of sentiments using emojis has a unique ability, but it can be mis-

leading and challenging if the weaknesses and limitations of using social media data are not taken into 

consideration.  

Scholars in the Dresden University of Technology investigated reactions of people  towards events based 

on LBSM posts and use of emojis (Hauthal, Burghardt and Dunkel, 2019). The case study was the with-

drawal of the United Kingdom (UK) from European Union (EU), the Brexit event. They adopted two ap-

proaches: The first method was classifying emojis and hashtags as positive and negative classes, and 

consequently evaluating them together to determine a sentiment or a reaction. The second method was 

forming emotional categories like love, joy, surprise, anger, sadness, and fear and assigning emojis in 

these categories as an indicator of sentiments. The visualisation of the results is illustrated in Figure 10. 

According to the results, sentiment analysis combining hashtags with emojis reflected better results than 

only hashtag-based evaluations. They spotted the difficult y that use and conception of emojis differ 

among people and in òseriousó topics like politics, users tend to use less emojis than other events.  

 

 

Figure 10. Change of percentages in emotions before and after the announcement of the referendum results visu-

alised together with results of the EU referendum (Hauthal, Burghardt and Dunkel, 2019). 
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3. Methodology and Analysis of the Results 

This section will discuss the methodology, the results, workflow and the overall approach to subjective 

value assessment based on emojis used in social media. 

 Workflow 

The methodology  was completed in three main steps in line with the  research objectives, as illustrated in 

Figure 11. Main Workflow  The methodology  started with the data preparation and the data analysis, 

which aimed to prepare the basis for the next steps. Secondly, the categories of activities, objects and 

sentiments were completed considering most meaningful categories for urban studies. Emojis were then 

assigned to these three categories which were then used in geovisualisation process. All the posts in 

LBSM data in Dresden were categorised according to the emoji s they contain. An interactive web map 

was developed to read, interpret and filter the LBSM data. 

 

Figure 11. Main Workflow 

 

 Data Preparation and Data Analysis 

3.2.1. The LBSM Data 

The data used in this research consists of posts from Twitter, Instagram and Flickr that utilises a common 

LSBM data scheme (Dunkel, Löchner and Krumpe, 2019). Posts from Twitter, Flickr and Instagram were 

converted into the same format  and a subset of this data was extracted as Comma Separated Values 

(CSV) (A. Dunkel, personal communication, August 28, 2019).  

The data consists of posts with latitude, longitude, post creat ion date, post publishing date, post thumb-

nail URL, post view count, post like count, post URL, tags, emoji, post title, post body, post geo-accuracy, 

post comment count, post type, post filter, place name, place ID, user ID, post ID information . The data 

contains 1,073,095 posts, which were posted between the years 2007 ð 2018. This data had a large size 

that would  cause difficulties in processing and interpretation. Therefore, it was a prerequisite to reduce 

the data size to an amount that could be easy to handle. Reducing the dataset was handled in five steps: 

(1) Posts which do not include any emoji  were removed. 

Data Preperation & Data Analysis

Emoji Taxonomy (Classification of 

Activities, Objects, Sentiments)

Building an Interactive Map for 

Interpreting Emojis in Social Media
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(2) Irrelevant information  was deleted. The remaining columns were òpost IDó, òemojió, òlatitudeó, 

òlongitudeó, òpost publish dataó, òtagsó, òpost bodyó, òplace nameó. 

(3) Individual emojis were assigned to separate rows. Their emoji code and emoji names were added 

(examples are shown in Figure 12 and Figure 13). After this step, the count of features increased 

from 192,254 to 369,477 because most posts included more than single emoji.  

 

Figure 12. A section from LBSM data in Dresden 

 

 

Figure 13. A section from LBSM data in Dresden after separating emojis 

(4) Repetitious features, where the same emojis have been repeatedly used in the same post, were 

removed. 

(5) Posts whose emojis were not assigned to any category were eliminated. 

After these steps, 104,720 unique posts have remained within total 154,637 rows (points). 

3.2.2. Emoji Usage in Posts 

To develop an efficient approach in further steps, emoji usage in Dresden was analysed. As illustrated in                                               

Graph 1, the most used emojis were òred heartó (33183 times used), òsmiling face with heart-eyesó (21147 

times used), òsmiling face with smiling eyesó (11180 times used), òface with tears of joyó (10380 times 

used), òminus signó (8593 times used), òsunó (8044 times used), òchristmas treeó (7033 times used), òflexed 

bicepsó (6930 times used), òtwo heartsó (6646 times used), and òsmiling face with sunglassesó (6624 times 

used).  

                      

                                              Graph 1. Most used emojis (including repeats) 
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Figure 14. Example of repetition 

 

These emojis were used multiple times in posts, as seen in Figure 14. Another analysis was performed to 

find the number of emojis without repe titions . After excluding duplicates, a change in the number  of 

emojis could be observed. Graph 2 displays the first 10 most used emojis out of  1053 unique emojis that 

were found in the data .  

a  

Graph 2. Most used emojis (excluding repeats) 

 

 Emoji Taxonomy 

This chapter will discuss the approach to assign emojis into categories. The result of emoji taxonomy can 

be seen in the table in Appendix A.   

3.3.1. Classification of Activities, Objects, Sentiments 

There are eight categories in standard emoji categorisation ; Smileys & People, Animals & Nature, Food 

& Drink, Activity, Travel & Places, Objects, Symbols, Flags (ôEmoji Version 11õ, 2018). It is evident that 

emojis can present not only emotions but also a wide range of activities, such as swimming, biking, 

shopping, eating or spatial areas and landmarks like school, church, mountain.  

In this research, categorisations were used to provide the most meaningful interpretation of emojis f or 

urban studies. For the emoji taxonomy, firstly main categories, then subcategories were determined. Main 

categories were determined as objects, activities and sentiments. They were then subdivided, and emojis 

were assigned to these subcategories. In doing so, two points were considered: (1) Degrees of relation 

to activities (for the category activities), spatial areas and landmarks (for the category objects) and emo-

tions (for the category sentiments) in a city, (2) the likelihood that these categories can be represented 

by an emoji. 
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3.3.1.1. The Categorisation of Activities 

The main category activities were divided into sub categories by focusing on basic activities happening in 

cities. In a study, which analysed human activity and mobility patterns using LBSM data, activities were 

subdivided into 6 categories as òHomeó, òWorkó, òEatingó, òEntertainmentó, òRecreationó, òShoppingó ac-

cording to type of visited locations and check -ins (Hasan, Zhan and Ukkusuri, 2013). However, this re-

search aimed to provide a more detailed perspective on recreational activities. Thus, a subdivision of 

recreational activities was necessary. 

Metin and colleagues (2017) created an inventory list of recreational activity types to be used in scientific 

researches. In their research, landscape architects, academicians in sport science and tourism contributed 

to this list of activities. The inventory list helped to outline the òRecreationaló subcategory section in this 

study. In the end, a subdivision of activities for this research formed under six subcategories: òEat & 

Drinkó, òShoppingó, òWorkó, òBasic Entertainmentó, òMental Activity & Relaxationó, òOutdoor Activities & 

Sportsó. As aforementioned, the competence of representation by an emoji and its relation to urban 

places/studies were the primary considerations. Figure 15 illustrates the subclassification with related 

keywords to be used in emoji taxonomy. 

 

 

Figure 15. Categorisation of activities 

 

 

3.3.1.2. The Categorisation of Objects 

In this context, objects refer to the perceived objects represented in the city. Particular emphasis placed 

on the perception of spatial areas and public perception as an assessment for the quality of land use (Qu 

et al., 2018). Scholars argued that integrating public perception int o planning allows planners to manage 
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urban issues in an òinclusiveó and òequitableó way and provides control for future actions (Liepa-ZemeĢa 

and Hess, 2016). 

This study explored the extent to  which emojis can represent public perception through urban land use 

and landmarks. The primary purpose of using objects as spatial features was to evaluate how possible it 

is to identify land uses and landmarks based on the use of emojis.  

The subdivision of objects was made considering the main land uses and the capability of the represen-

tation by emojis. The wide range of emoji includes emoji showing various buildings like school, church, 

house; modes of transport like bus, train, taxi and locations like the stadium, beach (ôEmoji Version 11õ, 

2018).   

Anderson (1976) listed the land uses in 2 levels: 1st level corresponds to main categories like òUrban or 

Built-Up Landó, òAgricultural Landó, òForest Landó and 2nd level includes subcategories of the main cate-

gories. The subdivision of objects benefited from the category  òUrban or Built-Up Landó from Andersonõs 

study and other land uses were left out  since they were unrelated to this investigation. 

Built-up lands are where most of the surface is covered by structures and cities, towns, highways, trans-

portations and communication  facilities, shopping and commercial centres belong to this category 

(Anderson, 1976). Referring to Anderson's (1976) research, the objects main category were subdivided 

into four classes with few alterations. For example, Anderson (1976) did not include recreational land use 

in 1st level categories claiming that recreation-oriented land use can be found in many other land uses, 

such as commercial and services. In this classification, òRecreational Open Spaceó subcategory represents 

recreational areas, parks and green spaces. The subcategories of objects are shown in Figure 16. 

 

 

Figure 16. The categorisation of objects 
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3.3.1.3. The Categorisation of Sentiments 

Emotions are the origin of different experiences and behaviours, and the environment plays a vital role 

in the emotions of individuals (Ulrich, 1983). Taking into consideration that urban planning ensures com-

munitiesõ welfare, as well as the development of areas, the analysis of opinions and sentiments of citizens 

is valuable for successful planning implementations. Due to the complexity of urban nature and limita-

tions of methods, scaling subjective values is challenging. However, a large amount of social media data 

gives a possibility to assess the sentiments of people by analysing their geolocated posts.  

The aim of having a sentiments main category for the emoji taxonomy was  visualising the emotions of 

people in urban areas according to the use of emoji. By doing this, it would be possible to observe the 

emotions and the degree of satisfaction in an urban area. A straightforward method was adopted  to 

subdivide the main category sentiments. According to their polarity, sentiments were subdivided as pos-

itive, negative, neutral, and emojis were assigned to these groups. 

Positive psychology defines positive emotions as valued subjective experiences of well-being, hope and 

optimism (Csikszentmihalyi, 2000). The subcategory òPositiveó here conceptualises well-being, positive 

experiences and states like love, happiness, joy, hope, compassion, gratitude. Negative emotions were 

described as òunpleasant or unhappy emotion which is evoked in individuals to express a negative affect 

towards an event or personó (Pam M.S., 2013). Universal negative emotions are anger, disgust, sadness, 

fear, loneliness, melancholy, annoyance (Ackerman, 2019). Lastly, neutral emotions are a type of feelings 

that are neither unpleasant nor pleasant (AnƄlayo, 2017). Emotions like surprise, indifferent, dull, cold, 

bored, weary were included in the òNeutraló subcategory. 

 

        

Figure 17. The categorisation of sentiments 
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3.3.2. Assigning Emojis into Activities, Objects, Sentiments 

In this section, a suitable approach for assigning emojis into defined categories will be discussed. The 

assignment was performed  separately for each main category; activities, objects, sentiments. The ap-

proach for assigning emojis for activities and objects was matching keywords that were previously defined 

when subdividing the main categories (discussed in Section 3.3.1.1 and 3.3.1.2) with emoji names from 

Unicode emoji character list. Emojis were assigned to sentiments according to their sentiment scores from 

the study of Novak, SmailoviĻ, Sluban, and MozetiĽ (2015), which was previously discussed in Section 2.3. 

3.3.2.1. Activities 

(1) Defining keywords 

In òEat & Drinkó subcategory, all emojis in òFood and Drinkó category from the Unicode list were assigned 

(ôEmoji Version 11õ, 2018). However, for categories like òBasic Entertainmentó, òOutdoor Activities & 

Sportsó there were no formerly grouped emojis. Therefore, suitable keywords for each category from 

literature research (as discussed in Section 3.3.1.1) were formed. Emojis which were overly encountered 

in posts were approached carefully; e.g. tree or sun as keywords can indicate activities outside, and the 

emojis representing these words could be counted in òOutdoor Activities & Sportsó. However, emojis 

òchristmas treeó and òsunó were some of the most used emojis in LBSM data in Dresden. Therefore, these 

emojis were removed to prevent misleading results. 

(2) Matching keywords 

In order to match keywords with emoji names, in Excel, SEARCH function together  with INDEX and 

MATCH was used (Table 1 and Table 2). 

=INDEX(Keywords[[#All],[Categories]],MATCH(TRUE,ISNUMBER(SEARCH(Keywords[[#All],[Key-

words]],[@EmojiName])),0)) 

EmojiName  Category  

artist palette  basic entertainment 

camera basic entertainment  

camera with flash basic entertainment 

cinema basic entertainment 

film frames basic entertainment 

film projector  basic entertainment 

Table 1. Matching keywords with emoji names 

 

 

Keywords  Categories  

artist basic entertainment 

camera basic entertainment 

cinema basic entertainment 

film basic entertainment 

Table 2. Keywords for categories 
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(3) Filtering 

 

One drawback of this approach was that irrelevant emojis were also assigned to categories due to the 

matching keywords. Therefore, the process of selecting and removing unrelated emojis and adding the 

proper emojis was applied. For example; the keyword park belongs to the category òOutdoor Activitiesó. 

However, all emojis containing the name park were assigned to òOutdoor Activitiesó like òsparklesó ( ), 

òsparkleró ( ), òsparkling heartó ( ). Thus, the word park was removed, and the emoji ònational parkó 

( ) was inserted into the category .  

 

(4) Assignment of posts to categories based on the emojis they contain 

After the first three steps employed, 238 emojis out of 1053 were assigned to activities category. Graph 

3 indicates the distribution of emojis that were placed in one of the activity subcategories. Most emojis 

were assigned to òEat & Drinkó, and only five emojis were assigned to the òShoppingó subcategory.  

Posts with multiple emojis were counted multiple times and treated as separate posts. One post could 

be categorised into multiple categories. 65,835 out of 369,480 points were categorised, including the 

same posts with different emojis. The distribution of the number of posts assigned to the activities cate-

gory can be seen in Graph 4. The most found emojis in the activities category is shown in Table 3. 

    

Graph 3. Number of assigned emojis in activities cat-

egory  
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Emoji Name  Emojis Number of Posts 

(Points)  

eat & drink   
 

face savouring food  3453 

 hot beverage з  2082 

 wine glass  1861 

outdoor activities & sports    

 flexed biceps Ề  5608 

 person running  1220 

 soccer ball  992 

basic entertainment    

 camera  3542 

 camera with flash  3107 

 woman dancing  1593 

mental activity, relaxation    

 musical notes  1540 

 beer mug  984 

 sunrise  785 

shopping    

 shopping bags ᵓ  315 

 shopping cart   86 

 credit card  19 

work    

 laptop computer   238 

 desktop computer   86 

 necktie  71 

Table 3. Mostly used emojis for each activity subcategory 

3.3.2.2. Objects 

A similar approach was used for assigning emojis in the objects category. Main keywords were defined 

for every 4 subcategories, and the terms were matched to Unicode emoji names. Afterwards, emojis in 

Travel & Places from default category which contains emojis for locations, buildings and modes of 

transport (ôEmoji Version 11õ, 2018) were also added, in addition to  emojis which were automatically 

assigned after keyword matching process. For example, òbaggage claimó ( ) and òleft luggageó 

( ) were added to òTransportation & Utilitiesó considering they indirectly indicate airports.  

In the end, 94 emojis out of 1053 emojis were assigned to one of the subclasses of objects category. 

Graph 5 demonstrates the partitioning of emojis in the categories; 54 emojis in òTransportation & Utili-

tiesó, 15 emojis in òCommercial & Servicesó, 14 emojis in òRecreational & Open Spaceó and lastly 11 

emojis in òBuilt-Up & Residentialó subcategory were assigned. Subsequently; 12,988 out of 369,480 points 

were assigned to a subcategory of objects. Even though only 14 emojis were representative for òRecrea-

tional & Open Spaceó category, a significant portion of points (28%) were assigned to this category. The 

most used emojis in objects category are indicated in Table 4. 
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Graph 5. Number of assigned emojis in objects cat-

egory 

 

Emoji Name  Emojis Number of Points  

built -up & residential     

 castle  1308 

 church  521 

 classical building  480 

commercial & services     

 locomotive   284 

 oncoming automobile   247 

 bus  175 

recreational & open space     

 sunrise  785 

 sunset “  460 

 national park  427 

transportation & utilities     

 airplane  921 

 automobile   491 

 bicycle  458 

Table 4. Mostly used emojis in objects category 

3.3.2.3. Sentiments 

The approach to assign emojis to sentiments subcategories (òNegativeó, òNaturaló, òPositiveó) was differ-

ent from previous approaches. For assigning emojis in sentiments category, the sentiment ranking of 

emojis from Novak's study was utilised (Novak et al., 2015).  

(1) Selection of emojis 

Emojis were selected from Smileys & People default category of Unicode list (ôEmoji Version 11õ, 2018). 

The criterion was to find emojis with facial expression and a clear gesture. In total, 86 emojis were selected 

to be assigned to one of the subcategories of sentiments.  
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              Graph 6. Count of posts in objects category 
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(2) Ranking emojis with the help of òEmoji Sentiment Ranking v1.0ó (Novak et al., 2015) 

Sentiment rankings for each emoji were found from the list òEmoji Sentiment Ranking v1.0ó. Emojis which 

the list did not include, were scored the same with the most similar emoji; e.g. òface with rolling eyesó 

( ) was not ranked. Therefore, the same score for emoji òunamused faceó (ϖ ) was inserted for òface 

with rolling eyesó. 

Emoji Name  Emoji  Sentiment Ranking  

neutral face ύ  -0.388 

weary face  -0.368 

anguished face  -0.063 

flushed face О  0.018 

smiling face  0.657 

kissing face with closed eyes  0.71 

      Table 5. A sample part of Sentiment Ranking (Novak et al., 2015) 

 

(3) Dividing emoji  list equally into three sections according to their ranking and assigning in subcat-

egories 

The list of emoji sentiment ranking was ordered from smallest to largest , and deciles were calculated to 

divide the list into equal parts. The values were then divided into three parts from 4 th and 7th decile. Later, 

emojis were assigned to òNegativeó, òNeutraló and òPositiveó subcategories of sentiments (shown in Table 

6).  

  Negative    Neutral    Positive   

Decile  1st decile 
2nd dec-

ile 

3rd 

decile 

4th 

decile 

5th dec-

ile 

6th 

decile 

7th 

decile 

8th dec-

ile 

9th 

decile 

Value -0.368 -0.311 -0.15 -0.08 0.085 0.221 0.410 0.486 0.625 

Interval  -0.08 > x -0.08 Ó x < 0.410 0.410 Ó x 

Nr. of  

Assigned Emojis  
34 26 26 

Table 6. Deciles of emoji sentiment scores 

 

Emoji Name  Sentiment Ranking  Emoji  Number of Points  

negative      

face with rolling eyes -0.374  838 

loudly crying face -0.093  654 

pensive face -0.146 ϛ  392 

neutral      

face with tears of joy 0.221  7092 

grinning face with sweat 0.178  3086 

smirking face 0.332 ψ  1356 

positive      

smiling face with heart-eyes 0.619  16503 

smiling face with smiling eyes 0.644  9702 

smiling face with sunglasses 0.491 σ  5986 

          Table 7. An example of categorisation of emojis for each sentiment subcategory 
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In total, 86 emojis were assigned to sentiment category (shown in Graph 7). Even though most emojis 

were assigned to òNegativeó comparing to òNeutraló and òPositiveó (illustrated in Graph 7), only 5% of 

posts were assigned as òNegativeó, and big portion  (75%) of posts were assigned as òPositiveó (shown in 

Graph 8).  

 

   

Graph 7. Number of assigned emojis in sentiments 

category 

 

After completing the assignments, the emoji taxonomy was generated (as shown in Appendix A). Besides, 

a new data table was created consisting of posts, including post ID, emoji code, emoji name, latitude, 

longitude, post publish date, tags, post body, place name, category activity, category object, category 

sentiment information was created to be used in geovisualisation process. 

 Geovisualisation of Emojis in LBSM Posts in Dresden 

In this study, it was deduced that the most appropriate approach to present the LBSM data was adopting  

a digital interactive geovisualisation method , as discussed in Section 2.1.1. Geographic visualisation plays 

an essential role in this research since created categorisations, and processed data are complex to read 

without informative representation s. As a solution to this complexity, an interactive web map was set up 

to visualise Dresden LBSM posts based on the emoji taxonomy and the categories they were assigned 

to. The main aim of developing a web map application was giving users the opportunity  to observe 

relationships between activities, objects and sentiments. Created web map can be found under this 

link:óhttps://elifcanozyildirim.shinyapps.io/mapemoji/ ó.  

3.4.1. Chosen Environment and Libraries 

The map was created utilising the Leaflet library in R environment. Leaflet is an open-source JavaScript 

library and comprises of features like map controls, zoom buttons, layer switcher; visual features like 

markers and pop-ups and interaction features like drag panning and double click zoom. Leaflet can add 

geoJSON, WMS layers; markers and popups to the web map. The R package Leaflet enables Leaflet maps 

and other applications such as Shiny to integrate into the R.  
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            Graph 8. Count of posts in sentiments category 
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R is a language and environment for statistical computing, which also enables data analysis and graphical 

display. Since it is open source and has been widely accepted by statisticians and data scientists (Beeley, 

2013), R language and Shiny package were found to be most suitable for use when creating  the web 

map. Shiny is an R package used for building interactive web apps through R environment (Team, 2016). 

The R package Shiny was utilised because it uses a reactive programming model and facilitates presenting 

interactive data summaries and queries to end-users with a web browser (Beeley, 2013). The map for this 

research was created in RStudio Leaflet library was used and integrated in to a Shiny web application. 

Simple creation of Leaflet map in RStudio is as shown below. 

library(leaflet)  

m <-  leaflet ({  

  leaflet ()  %>% 

    setView ( 13.74518 ,  51.04828 ,  zoom = 13)   %>%     

    addProviderTiles ( providers$CartoDB . Positron ,  group  = "Positron (de-

fault)" )   

 

Shiny applications contain two sections one as server function defining server components and one User 

Interface (UI) section defining layout and the appearance of the app. UI section compromises of web 

elements where users modify input; interact and manipulate the data by widgets. When the user changes 

the input widget, the output is promptly rendered in the server section. Leaflet packages can be inte-

grated into Shiny applications by registering the output as leafletOutput ()  in the UI section and 

assigning renderLeaflet ()  expression in server to render the Leaflet map, as shown in the following 

code. 

library ( Shiny )  

library ( leaflet )  

  

ui <-  fluidPage (  

  leafletOutput ( "MyMap" ),  

)  

server <-  function ( input ,  output ,  session )  {  

  output$MyMap <-  renderLeaflet ({  

    leaflet ()  %>% 

      setView ( 13.74518 ,  51.04828 ,  zoom = 13)   %>%     

    addProviderTiles ( providers$CartoDB . Positron ,  group  = "Positron (de-

fault)" )    })  

}  

ShinyApp ( ui ,  server )  

3.4.2. Design and Development of the Interactive Geovisualisation 

3.4.2.1. Main Page 

Server-side and UI side of the application for the interactive web map were handled in separate two files 

as server.R and ui.R, since having separate files make the code easier to handle. The global environment 

was defined in global.R. The navigation bar on the web app contains three tabs: òMapó, òHeat Mapó and 
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òEmoji Categorization and Wordcloudó. Firstly, UI was built using tabsetPanel()  function and in the 

server, the partials (Map.R, Wordcloud.R and Table.R) files were sourced. The UI side of each tab was saved 

in the file name òUIfilesó, and the server part was saved in òserverfilesó (shown in Figure 18).   

  tabsetPanel ( id = "partial" ,  type = "pill" ,  

    tabPanel ( "Map" ,  value ="map" ),  

    tabPanel ( " Emoji Categorization and Wordcloud " ,  value ="wordcloud" ),  

    tabPanel ( "Heatmap" ,  value ="heatma p" )  

  )  

  

function ( input ,  output ,  session )  {  

  output$output <-  renderUI ({  

    source ( file . path ( "UIfiles" ,  paste0 ( input$UIfiles ,  ".R" )),  lo-

cal =TRUE) $value  

  })  

  for  ( file in  list . files ( "serverfiles" ))  {  

    source ( file . path ( "serverfiles" ,  file ),  local  = TRUE)  

  }  

  

 

Figure 18. File order  

The tab òMapó is the start page, where the user can filter and visualise the main and subcategories on 

the map as cluster points. The table showing social media posts including the information of body of the 

posts, hashtags, emojis and locations was added under the map. òHeatmapó visualises the points similar 

to the first map in óMapó tab but without cluster points and using warm and cold colours to show the 

density. òEmoji Categorisation and Wordcloudó was generated to inform users about trends in emoji 

usage and which emojis were assigned to which category.  

 

 

Figure 19. The navigation bar in the web app 

3.4.2.2. The Main Page 

The start page that allows analysing categories consists of three components: (1) Control panel for filter-

ing categories and changing data range, (2) the interactive map, (3) the table with all posts including 

searching and filtering options for  each column. 
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