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Abstract

Emoijis are digital images used to express ideas, emotions, activitiesaand situations. Emoji usage in social
media has been widely accepted by users andhas generated a new and interesting practice in research.
At the same time, use of Location-Based Social Media (LBSM) ha become popular in a range of fields,
including urban planning studies. Examining emojis in social media data is compelling because users
utilise emoijis 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 discussedhe 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, activitiesand sentiments. This wasmade considering the
capability of emojis 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 emoijis contained 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 Dresdentogether with the categorie s (https://elifcanozyildirim.shinyapps.io/mapemoiji/ ). After the cat-
egorisation and geovisualisation process, the functionality of exploiting emoji usage in LBSMfor urban

and landscape applications was assessedwith 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 valuesanalyse 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-

searchconcluded 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/

Contents 1

Contents
Statement Of AUTNOISIIP .....ooi et e et e s sr e e e s nbeeeeeanes Il....
ACKNOWIEAGEMEINTS ....eeiiiiiiiie ettt ettt ettt et e e s bt et e s e sb et e e s bbb et e e s aabb e e e eaanne e e s ansbeeeesannnseeean 1l
Y 015 1 T PR UERRRRR V...
(000] 1= o K< TP 1.
[0 U PP UOPPRPOPPPP 3.
L= 01 =2 OSPEER 5..
LT =T o] 0 £ PP PP PPPPP PP 6....
LiSt Of ADDIEVIATIONS ... ...iiiiiiiiiii ettt e e st e e s s rbbe e e e s s sbbeeessanneeesssnbneeeessnnenessdd
O [ 011 o To [ o 1T o I PP PP T TRPP 8
L R I 1= Ty (3@ T T SR SUPRRTR 8....
1.2.  Motivation and Problem STateMENt .........ccooiiiiiiiiieieeeeee et r e e eeee e 8.
1.3. Research Objectives and Research QUESHIONS...........c..uvviiiiiiiiiccciieeee e ssereree e 9...
2. Theoretical Background and Related WOrK..............oueeiiiii et 11
T S To Tou - L1V =T - U PP PPRRTI 11...
2.11. Location-Based Social Media DAta...........cccovreiiieerieeeireie e 11
2.1.2. GeoVisualiSation Of LBSM..........cuiiiiiiiiieeeeeeeiee e see e s 12..
2.2, LBSMiNn Urban STUAIES........ccveiiiiieiie et e 13
2.2.1 The Utilisation of Social Media Data in Urban Planning and Related Researches.......... 13
2.2.2. CharacteristiCs Of LBSM DataA.........cccvveiiieiieeeeie s sree e e 17
2.3. EMOJiS iN SOCIAI MEAIA.....ccciii i e e e e s e e e e e e s e e santrrreeeeaaeeeeans 18
2.3.1. Emoijis for Evaluation of Sentiments and ACtiVItIES............ococciiiiee e, 19
3. Methodology and Analysis 0f the RESUILS..........cc.uuiiiiiiii e 22
300 WOTKIIOW .ttt s bt s n e e e e e b e e nreennns 22
3.2.  Data Preparation and Data ANAlYSIS.........ccuiiieiiiiiiriiiiee e siieesssree e sereee e s srre e e s ssnseee e 22
3.2.1. THE LBSIM DA@......ceeitiieiiiie ettt e sttt et esme e s e e s nn e nnn e e smneeennne e 22
3.2.2. EMOji USAQE IN POSES.....eiiiiiiiiiiie ittt e e e e e st e e e e nbae e e e e nes 23
330 EMOJi TAXONOIMY ...ciitiiieeeitieie e e itteessstteeeeestteeeeessteeeeasstaeeeeaasbeeeeeasseeeessabaeaeesanbeeeeessneanassnssneeensns 24.
3.3.1. Classification of Activities, Objects, SENtIMENTS...........cceeviiiiie i e 24
3.3.1.1. The Categorisation Of ACHVILIES..........cciiiiiiiii e e s e e saeeeeeens 25

3.3.1.2. The Categorisation Of ODJECIS.......c.iiiiiiiie e 25



2 Contents

3.3.1.3. The Categorisation Of SENtIMENTS...........coiiiiiiiiiiiee e 27
3.3.2. Assigning Emojis into Activities, Objects, SENtIMENS.............ccoiiiiiiiiiiieeen e 28
L3210 ACHVILIES ..ttt e e e e s b e e e e e e 28.
R S © L o] [=Tox £ OO PP PTPPPP 30.
R e J ST 01111 0= 1 T PP P PP PPTRPP 31
34. Geovisualisation of Emojis in LBSM POStS iN DreSUEN.........ccvvveeiiiiiiiiiiieee e eieiieeeeee e e s 33
3.4.1. Chosen Environment and LiDraries. . ...t 33
3.4.2. Design and Development of the Interactive Geovisualisation.................cccccvieeeeeieniinnnns 34
I S /- 11 o I = To = OO OPPRT 34
3.4.2.2. TREMAIN PAJE......ciiiiiiiiie ittt e e e et e e s et e e e et be e e enanes 35
I e T 1 0 (= o (== L0 - | o P PO PP PPN 39
I 0 S VAV (o (o [0 1F o PP PSPPSR 39
A, USE CASE SCENAIIOS. . .ueeiieiiiieiie e itttea s sttt e e s sttt e e s aasee e e ettt et e s aabee e e s aaseeeeeaasbeeeesansbeeeesanreeeeasbbeeesannes 42..
4.1.  Landscape Development and Open Space Planning..........c.cceeiiiiiiriiiieeeeiniieeee e eeeeee e 4 A2
4.2.  Characterisation of a Neighbourhood ... e 4D
L O U1 =T g (o [ TS PRSPPI PPPROTR 51..
4.4.  Evaluation Of the Case SCENANIOS.......cociiiiiiiiie e e e e nes 51.
S N TSN I Yot §E - o o PO PT R PRR 53
5.1.  Contributions to CUIMeNt RESEAICH..........cciiiiiiiiii et 53
5.2, Limitations and FULUIE WOIK .........cooiiiiiiiiicieeeee et 53..
L T ©o o Tod 011 To ] o PRSP PPPP PRI 56
A £ =1 (=1 1] 0 (ot PSPPI PP 57
PA o] oL=T oo [0 QAN =t g (o] [ - o 1 (0] 1 1) V2 U SEPR V..

Appendix B: Wordcloud of Emojis in (1) Objects, (2)Activities, (3) Sentiments Categories..................... X1V



Figures 3

Figures

Figure 1. Soci al Medi a Analytics Process, Adapted f
=g o I € o T (o o T2 0 1 PO PPPERR 12

Figure 2. Geovisualisation of Facebook Checkin Density (Williams, 2012).........cccceeviiiiiiiiniireeeniiiiieeeens 14..

Figure 3. Mapping 0Gross Commu nblue golotsargpesent erapdy, i n  Gr

and red colours represent happy sentiments (Quercia et al.,2012)...........ccoooiiiiiiiiieieiiniiiciieere e s 14

Figure 4. Checkin density for activities in Manhattan Island area in New York City (Hasan, Zhan and

UKKUSUET, 2003).c0eiieeeieiiietieies e e s seet ettt e e e e e e s s saataaneeeeeesa s sn s b eeeeeaaesaaasssbeeeeeeaeeesessaasaanaeeeeesessannsssrnseaaansnnnns 15
Figure 5. Geographical representation of Land Use CIUSIEIS...........oeiiiiiiiiiniiiee e 16.
Figure 6. Fort Mason area based on unique tags (Dunkel, 2015)..........cccooiiiiiiiniieen i 16

Figure 7. SensePlace2: Gedwitter analytics support for situational awareness (MacEachrenet al., 2011)

Figure 8. Sentiment scores of O6The New Yeards Eved e

the emojis (right) (Ayvaz and Shiha, 2017)........ceuiiiie oo e e e e s e e e e e e s e s rnnanree e e e e e s e ennes 20.

Figure 9. Senti ment scores of oOlstanbul Attackdé eve

the emojis (right) (Ayvaz and Shiha, 2017 ).......ueeiiiiee i e e e e e e e e e e e e s e s snneeeee e e e e e s e annes 20.

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

results visualised together with results of the EU referendum (Hauthal, Burghardt and Dunkel, 2019)..21

Figure 11. Main WOIKIOW .......cooiiiiiieiic ettt e e e et e e e e s e e e ana e e e e e e e e e e e s snnnnnneeeaeeeeesnnnn 22.
Figure 12. A section from LBSM data in DIESUEN.........ueeiiiiiiiiiiiiiiiiee et ee e e e et e e e s ennnes 23
Figure 13. A section from LBSM data in Dresden after separating €mojis.........cccccueveveeeiieciiinneeeeeeeeeinns 23..
Figure 14. EXample Of FgELILION .......oooiiieiiei et e s s e et e e e e b e e e e e 24
Figure 15 Categorisation Of ACHVILIES ..........uiii it e e e st e e e st e e e s snbaeeeeeans 25,
Figure 16. The categorisation OfODJECES........c.uiiii i 26...
Figure 17. The categorisation Of SENtIMENTS.........cuuiiiiiiiiii e e s sneeeas 21.
1o U =T RS T 1= o o = SO 35



4 Figures

Figure 20. The checkboxes forsSentimentS CAtEGOIY ........coiuuriieiiiiiir e e et ee et eessree e sbre e e s snbeeeeeaa 36
Figure 21. The interface of the Map.........cooiiiiiiii e 38

Figure 22. The heat map showi ngbjedscategarys.p..o.r..t.a.L..i.A8d & Ut i | i

Figure 23.Given options to the user to plot the Word CloUd ...........oooiiiiiiiiiiiiiee e 40
Figure 24. Word cloud of most used emojis as graphics and as teXt........cccoocveviiiiiieneeniee e, 41
Figure 25. POSItIONS OftNe PArkS...........eiiiiii e esnne e 43

Figure 26. Fil t e Outdogr Activities & Sponts 60 ¢ aGral¢gr Gartgn and Bluher Park(2)
Sportpark Ostra (3) Alaunpark, (4) Waldpark Blasewitz and Elbwiesen (period of 2016 2019)..............44

FIgUre 27, EIDWIESEIN. ...ttt sttt e s s re e s snne e e s ssnnneeesnnnneeessnnnneeennn DD
Figure 28. Filter applandecEaitn &o®EanpakoEnt.er. t.a.i.Mhent 6
Figure 29. Swimming, rowing, sailing, fisShing activity SPOLS...........ccciiiiiiiiiii e 45.

Figure 30. The heatmap created with points of "Outdoor Activities & Sports " for the years 2013-2016
(left) @and 2016-2019 (FIGNL) ... re e e e e s re e e e e e e s s snnnneeeeeeeessesnnnnnneneeeeseennnnes 0O

Figure 31. Assessment of public place by inhabitants. Reprinted from Dresden in Dialog with

Transformation by Chair of General Economic and Social Geography offU Dresden, 2013.................. a7.

Figure 32. Comfortable and uncomfortable places accor.
Dresden in Dialog with Transformation by Chair of General Economic and Social Geography of TU

DT SYY0 [T T2 0 1 5 J N a7

Figure 33. Filtering applied in category Objects : (1) dBuilt-Upg, (2) cCommercial & Services), (3)
Olransportation & Utilities ¢ (4) dRecreational Open Spacé between 2016-2019.......cccccceeeeeevvivveeeeen.... 48

Figure34.0 Negatived (left), oONeut.r.al.d..(.mi.ddl.e)....ocMositivebod



Tables 5

Tables

Table 1. Matching keywords wWith €mOji NAMES.........coiii i 28
Table 2. KEYWOIdS fOr CAIEOONES.......uiiiiiiiiie ittt e s e s e e e et e e e e e ebe e e e 28
Table 3. Mostly used emojis for each activity SUDCAtEQOIY............eeieiiiiiiiiiiiieen e 30.
Table 4. Mostly used emojiS iINODJECISCAEYONY ........ueiiiiiiiiie ettt e e e e 31
Table 5. A sample part of Sentiment Ranking (Novaket al., 2015)..........coccoiiiiiiiierieniee e 32
Table 6. Deciles of eMOji SENUIMENT SCOMBS ... ...uuuiiiiiiiiie ettt e s e e e e e e e e e sssraraeeeeaeeeee s 32.
Table 7. An example of categorisation of emoijis for each sentiment subcategory..........ccccccccvvveevinnneee. 32
Table 8. An example of data table............ooviiiiii i 40
Table 9. Findings from Wilsdruffer Vorstadt @rea..............ccoccvviiieeeiiiciiciiieece e sevnieeeeenn . 49

Table 10. Posts | ocations categori.s.ed..as..oNegativebod



6 Graphs

Graphs

Graph 1. Most used emojis (INCIUAING FEPEALS)........euii ittt e s e e eeeee s 23
Graph 2. Most used emojis (EXCIUAING FEPEALS)........uiiiiiiiiiiie it eeie et e e s eree e e e 24
Graph 3. Number of assigned emojis in aCtiVItieS CAtEJOIY .........ccoruiiiiiiiiiie e 29.
Graph 4. Count of POSES iN ACHVItIES CAIEONY .....ciiuiiieeiiiiiee ettt s e e e 29
Graph 5. Number of assigned emojis in 0DJECIS CAEFOIY........coiiiiiiiiiiiiiiee e 31.
Graph 6. Count Of POSES iN ODJECTS CAIEYONY . .....ciiuueiiiiiiiiiiee ettt ettt e e e et e e s anreeesannneeees 31
Graph 7. Number of assigned emojis in SENtIMENtS CALEGOIY .......cuvviiiiiiiie e e e e e 33

Graph 8.

Count of posts iN SENIMENTSCALEYOIY .....vvviiiiieeeeeeiecereeee e e e e s s e e e e e e s e e aeneeeeee s 33



List of Abbreviations

List of Abbreviations

GIS  Geographic Information Systems
LBS Location-Based Services

LBSM Location-Based Social Media
NLP  Natural Language Processing
SNS  Social Networks Sites

ul User Interface

VGI Volunteered Geographic Information



8 Introduction

1. Introduction

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

1.1. 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 scond 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 scenarioswere given under section four. Lastly, the contributions of this paper to current research,
limitations and future work will be discussed.

1.2. 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 ad many others have
reached to billions (FriasMartinez et al., 2012). Furthermore, social media offers the possibility to share
ideas, emotions, upload visuals, malng a comment on the places they have beenor 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 LocationBased Social Media (LBSMhas 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
guestionnaires 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 ofthe place
have alwaysbeen a tricky field (Hutchison, 2014). LBSMdata has the potential to assist inexploring and
visualisng abstract concepts like sentiments, opinions and the relationship between the spatial areas and
humans.



Introduction 9

The variety of individuals in social media, so the information that can be extracted from this data is
relatively rich. Scholars have adopted LBSM dataas 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
(L6pezOrnelas, AbascalMena and Zepeda-Hernandez, 2017) to map mobility patterns and human ac-
tivities in urban areas (Hasan, Zhan and Ukkusuri, 2013)The scholarsadvocated 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. Scholass pointed out the potential of making use of emojis,
arguing that emoiji s are strong indicators of feelings (Hu et al., 2013; Fernandez-Gavilaneset al., 2018).
The use of emojis has become widespreadand through emoijis, it is possible to research and compare
user behaviours and preferences across nations and culturegLu et al., 2016).

The inspiration behind this research was making use of emojis for urban and landscape planning appli-
cations. Similarto previous investigations, LBSM datawas used to explore the city, but unlike earlier
researches, it was made based upon emoji usage. This study progressgin four steps; (1) making a tax-
onomy of emojis, (2) analysing emoji usage in sccial 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 discussthe advantages and dis-
advantages of analysing emoji use in social media data for urban planning.

1.3. 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 placesbut also would help to shape planning decisions and evaluate them in the long term.
Obijectives 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: Developingan informative geovisualisation of LBSMpostsbased onthe use ofemojisin order
to useit as an information source in uwban and landscape planning

RO3: Discussing the usability andlimitations of analysing emojis in social mediawith a case se-
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 tooutline the features ofthe environments and the perception of people about these
places?



10

Introduction

RQ2: How to visualisesocial media postsgeolocated inDresden based on theemojis and taxon-
omy, sothat it becomesan information resource for decisioamakersand urban planners?

RQ3: What are the possible benefis of analysing emajis in geolocated social media posts for urban
and landscape planningapplications to analyse a citythroughci t i zens 6 eyes?
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2. Theoretical Background and Related Work

The study subject was chosen inconformity with relevant findings of researchersand 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 chapterwill present the key concepts and relevant studies.

2.1.Social Media

0Soci al media is increasingl y.0bsdWildbns @013 Kapln aodf
Haenlein (2010)defined social media asweb-based applications which produce and exchange user-gen-
erated content. Social media givesthe users a voice, erases the line between media and audienceand
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 integrateamobdd devi ceds position

information to provide better service to the user (Schiller and Voisard, 2004) Severalindustries benefit
from LBS, such as toursm, 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 researches comprehend, discover and document the
information users register. Economists, politics, governments, urban planners, commercial organsations,
along with many other organi sations, have taken advantage of LBSM for analysis and dgelopment 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)6 s tdvelunteered g e o g r afplangeéred Geographic Information (VGI) refers
to the user-generated content (Goodchild, 2007). Flickr, OpenStreetMap, Wikimapia aresome 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 userslo 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).

o

ur

wi t
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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 (MacEachrenet 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, mapsare 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 viewein understand-
ing the data.

Static visualisations canpresent 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 ad
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)

Capture
Gather and preprocess the data
- l;

"Understand

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

'd vl ™~
Present
Summerise, evaluate and present
findings
Figurel. Soci al Media Analytics Process, Adapted from 0The

(Fan and Gordon, 2014)
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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.

2.2.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.

2.2.1 The Utilisation 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 whenobserving intangible urban phenomenon like the urban life, experiences and
the use of the city.

Researchesutilised social media to study the perception of citizens towards a city. In the projec

Now! Social Media and the Psychological Cityd the expert investigated a range of socio-economic classes
by analysing Facebook and Foursquare checkin locations (Williams, 2012) The researchergenerated 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 t o expl ore a city through
conducting surveys or using governmental datasets.

t

he
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FACEBOOK CHECKIN DENSITY

TOTAL NUMBER OF CHECKINS JULY 5 - 11 (PER 100 ACRES)

Fgure 2. Geovisualisation of Facebook Checkin 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 they encountered demographic biases in the data, regarding the
age intervals and average income,they uncovered a correlation between sentiments and well-being of
communities (Querciaet al., 2012).

Figure3. Mapping 0Gross Commun Londpn, ble popursrepese i n Gr eater
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)

LBSMhas 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 asa 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 observethe
activity and mobility patterns of citizens.
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Figure 4. Checkin density for activities in Manhattan Island area in New York City (Hasan, Zhan and Ukkusuri, 2013)

Knowledge about the use of public spaces iscrucial for urban planning. Social Networks Sites (SNS) are
also strong tools to discover the characteristics of places. One study analysedsports 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 citizencentric 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 identifying land-marks (FriasMartinez et al.,
2012). Researchers detected different land uses in Manhattan, New York City utising 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 (FriasMartinez 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)

SKYLINE
NGATE
BLUEMUNICIPALPIER ==
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Figure 6. Fort Mason area based on unique tags(Dunkel, 2015)

Distribution of Photos.
E o
Distribution of Tags

Crisis management has been vital in decisionmaking areas, such as regional planning. MacEachren and
colleagues (2011)developed a web-based visual analytics application to enable an analyss 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 (MacEachrenet 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 wasto im-
prove situational awareness for both public and emergency responders by using extracted information
from social media data (Vieweg et al., 2010).
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Figure 7. SenseRface2: Geo Twitter analytics support for situational awareness (MacEachrenet 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 ame 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 LBSMhas gained significant attention as a promising technique for applied research. An increasng
amount of LBSM data has providedresearchers afresh 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(Eirav and Levin, 2014)
On the one hand, LBSM datacan 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 descr i be dhighivbluime,thigh-velecity dril/sr higho hgety inford i t

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

hanced insight, deci si on méariner inc., 2@l 8) dhe potential efdataisa ut o mat i

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 hasalso 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 hadat least $60,000 annual income. Academics proved that
social media data was created mostly by users with higherincomes 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 thanin rural areas (Hecht and Stephens, 2014)
Scholars mustbe 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.

2.3.Emaoijis in Social Media

Emoticons are typographic displays, made with using only characters that represent facial expressions,
e.g. a smiley face as06-)6 and s a(do .f dlddeg@me 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
+ "mojiéd6 meaning character. Emoji s ar e severaldeeices
and applications.

Each year, more emoijis were added in Unicode and usage of emoijis has progressively expandedPeople

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,andFlags( 6 Emoj i Version 1186, 2018)

or

de

Facet o face or phone conversations | et peoplbatoniynder st and

text based communications can cause misunderstandings (Subramanian et al., 2019). Emoticons and
emoijis 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 researchfeatured how a smiley face emot-
icon was processed in the brain, and the investigation established that brains respond to emoticons in

similar waysasthey respond to faces (Churcheset al., 2014). Using emojis is an intention to be clear and
sure that message is received in the right way sothat the disconnections caused by non-facial commu-
nication is prevented (Lebduska, 2014)
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The adoption of emojis givesresearchersopportunit iesto 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 dsmiling face6 ™ (), this expresses that the user has
positive experiencesin this city; or oppositely an dangry faced (A ) 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 emaoijis with
respect to their widespread acceptance by usersacross the world. Besidesmaking use of emojis in social
media brings an alternative solution to the researches that have difficulties in conducting user surveysor
implementing NLP.

2.3.1.Emoijis 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
to social domains because ideas are the core of human activities and behaviourgLiu, 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 organsations value
opinions and emotions about the product, event or place, in the interest of improving their services.

Severalinvestigates discussedthe approaches and potentials of applying NLPto 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 theyquestioned the disadvantages of running sentiment analysison these web-
sites. Theydocumented that extracting sentiments from user-generated content is more complex and
challenging than applying machine learning algorithms to classic texts becauseuser-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, cetecting opinions, moods and emotions
by analysing SNShas difficulties.

Emojis can present @mplex 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 (Luet al., 2016).

Novak, Smai |l ovi L, (28lb)erbated a sentirdent\éricoredf iindst frequently used 751
emoijis, using approximately 4% of 1.6 million tweets that included emoji. 83 human annotators manually
annotated sentiments in each tweet. In the end, academicsanalysed emoijisthat occurred in the tweets
and assigned a probability of naturality (p T ,  p for,neggtivity, neutrality, and positivity of the emoji)

to each emoiji. 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 heartsln another investiga-
tion, an emoiji lexicon from unsupervised sentiment analysis was created, andthe use of emojis for sen-
timent analysis proved to have potential and power (FernandezGavilaneset al., 2018).

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

related to positive and negative feelings. They chose the evens0 The New Year ds Eveo and
t a c Ayvaz and Shihafirstly applied a sentiment analysis only considering words with the help of a

lexicon of words with positive, neutral and negative sentiments. Secondly,the researche's repeated that

taking into account the emojis, which were also categorised aspositive, 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).

Figure8. Senti ment scor es evéntwithoht ehe dhwjis (Ieft)earadtakireg ind mceodnt the
emojis (right) (Ayvaz and Shiha, 2017)

Figure9. Senti menltstsambels Atithamtdhe dmojs (ef)rand taking into account the emojis
(right) (Ayvaz and Shiha, 2017)

Ayvaz and Shiha (2017pointed out that considering emoijis 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 analysisincreasesthe
general sentiment scores of positive opinions more than negative opinions (Novak et al., 2015; Ayvaz
and Shiha, 2017) Still, whentweets 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 showthat the evaluation of sentiments using emojis has a unique ability, but it can be mis-
leading and challenging if the weaknessesand limitations of using social media data are not taken into
consideration.

Scholars in the Dresden University of Technologyinvestigated reactions of people towards events based
on LBSMposts and use of emojis (Hauthal, Burghardt and Dunkel, 2019) The case study washe with-
drawal of the United Kingdom (UK) from European Union (EU) the Brexit event. They adopted two ap-
proaches. The first method was dassifying emojis and hashtags as positive and negative classesand
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 emaijis 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 difficulty that use and conception of emoijis differ
among peopl e and i epolilics,asers end o dse tess pmojsdhan othdr events.

|7 +10% Differences among the Percentages
of each Emotional Category

30% 3 40% 5% S0% 55% 60% 65% 70% 75%

‘ Percentage of Brexit-Votes In EU-Referencum

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 sectionwill discuss the methodology, the results, workflow and the overall approach to subjective
value assessment based on emojisused in social media

3.1. 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, objectsand
sentimentswere 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 werecategorised according to the emoji s they contain. An interactive web map
was developedto read, interpret and filter the LBSM data.

Data Preperation & Data Analysis

Emoji Taxonomy (Classification of
Activities, Objects, Sentiments

Building an Interactive Map for
Interpreting Emojis in Social Media

Figure 11. Main Workflow

3.2. Data Preparation and Data Analysis

3.2.1.The LBSM Data

The data used in this research consists of posts from Twitter, Instagram and Flickthat utilises a common
LSBMdata scheme (Dunkel, Lochner 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 creation 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 20078 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.
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(2) Irrelevant information was deleted. The remaining columns were 0 p olsD 6 ,
0l ongituded6, Opost publish datadé, otagsao,
(3) Individual emojis were assignedto separate rows Their emoji code and emoji nameswere added
(examples areshown in Figure 12 and Figure 13). After this step, the count of features increased

from 192,254 to 369,477 because most posts includel more than single emoiji.

lat ~ lIng ¥ |post i( ~ |post_publi ~ |post_body |~ |hashtags - |emoji ~ loc_name|~

51.06828 13.75318e5a8c4b06-08-18 9:4&% A S { 2 y life;neustadt - , TEERAUSC]
Figure 12. A section from LBSM data in Dresden

lat ~Ing ~ post i( ~ post_publi - post body  ~|hashtags - emoji_code ~ emoji_nan - emoji ~/loc_nal ~

51.06828 13.75318e5a8¢4b 06-08-18 9:486 A S { 2 y \life;neustadiU+2601 cloud = TEERAU

51.06828 13.75318e5a8¢4b 06-08-18 9:4% A S { 2 y \life;neustadiU+2600 sun TEERAU:

51.06828 13.75318e5a8¢4b 06-08-18 9:4% A S { 2 v \life;neustadi U+1FAF7 camera TEERAU;

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

(4) Repetitious features, where the same emojis have been repeatedlyused in the same post, were
removed.

(5) Posts whose emoijis were not assigned to any categorywere eliminated.

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

3.2.2.Emoji Usage inPosts

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

oemoji o0,

ol

Opost

Graphl,themost wused emojis were oO0red heartd (e3y3els8&8 (t2 Inled’
ti mes used), o0smiling face with smiling eyeso6 (1118
used), Ominus svssgd)h, (859840t {( &h@4 4 ttmanse st rueseedd )(,7 0033 t i
bicepsd6 (6930 times used) ,anddtswad | hengr tfakc e( 60 4 & tsiumeagd
used).

smiling face with sunglasses 6624
two hearts 6646
flexed biceps 6930
Christmas tree 7033
sun 8044
minus sign 8593
face with tears of joy 10380
smiling face with smiling eyes 11180
smiling face with heart-eyes 21147
red heart 33183
0 10000 20000 30000

Graph 1. Most used emojis (including repeats)
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PostID EmojiCode EmojiName
f2318f82158464f71c7a95f24731f549f9c2e3fd221f3e9567b334bde49a76f5 U+2764 red heart
f2318f82158464f71c7a95f24731f549f9c2e3fd221f3e9567b334bde49a76f5 U+2764 red heart
f2318f82158464f71c7a95f24731f549f9c2e3fd221f3e9567b334bde49a76f5 U+2764 red heart

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.

OK hand 5249
two hearts 5577
flexed biceps 5608
Christmas tree 5834
smiling face with sunglasses 5986
sun 6768
face with tears of joy 7092
smiling face with smiling eyes 9702
smiling face with heart-eyes 16503
red heart 25931

0 5000 10000 15000 20000 25000 30000

Graph 2. Most used emojis (excludng repeats)

3.3. Emoji Taxonomy

This chapter will discuss the approach to assign emoijis into categories.The result of emoji taxonomy can
be seenin the table in Appendix A.

3.3.1.Classification of Activities, Objects, Sentiments

There are daght categories in standard emoji categorisation ; Smileys & People, Animals & Nature, Food
& Drink, Activity, Travel & Places, Objects, Symbols, Flag¢ 6 Emo j i Ver s itie evidehtlthat,
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, activitiesand 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 areasand 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.

2018)



Methodology and Analysis of the Results 25

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

subdividedi nt o 6 categories as OHomed6, oOoOWorko, OEatingéo,

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 tourispontributed

to this list of activities. The inventory list helped to outline theo Recr eati onal 6 subcatego

study. In the end, a subdivision of activities for this research formed under six subcategori e s : OEat
Drinko6, 0Shopm®Biarsg &, EmWerrk @, nment 6, oOMental Activity
Sportso. As aforementioned, the competence of repr e

places/studies were the primary considerations. Figure 15 illustrates the subclassification with related
keywords to be used in emoji taxonomy.

— Work Office, Work, Computer..
. Eat & Drink Coffeg Shop, Restaurant,
Pizza, Burger...
3
b= . Shopping bags, Shopping
% Shopping Center, CreditCard...
<
| . . Sunbath, Sun, Reading, Yogga,
Mental Activity & Relaxation Meditation, Music, Massage.
Pub, Nightclub, Bar,
Recreational Basic Entertainment Entertainment, Theater,
Painting, Photography...
== Qutdoor Activities & Sports Climbing, Eoo_tball, Running,
Fishing...

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 arguel that integrating public perception int o planning allows planners to manage
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urban issues in an 0i ncl provides eontroldonfdturedaetigns (Lie@aZ e ené Gaway and
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 objectsas spatial featureswasto evaluate how possible it
is to identify land uses and landmarks based on the use of emojis.

The subdivision of objectswas 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( 6 Emoj i Ver si on 1
2018).
Anderson (1976) listed the land uses in 2 levels: 1 level correspondstomainc at egori es | i ke oUr

Buit-Up Lando6, OAgricul t ur &M levelanoluiés subaatEgoriesdd the maia ca@-6 a n d
gories. The subdivision of objectsbenefited from the category 0 Ur ban -Op BdrenmidAnder sonds
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, highwaysfrans-
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 1% level categories claiming that recreation-oriented land use can be found in many other land uses,
such ascommercial and services. In this classificationp &creational Open Spacedsubcategory represents
recreational areas, parks and green spaces. Theubcategories of objectsare shown in Figure 16.

Land that is dominantly covered
e Built-Up & Residential with structures like buildings,
housing developments.

Areas with utilisation of
= Transportation & Utilities transportation or communication
like highways, railways, airports.

Objects

Areas with recreation facilities like
= Recreational Open Space parks, playgrounds, green and ope
spaces

Areas that are used for services or
p— Commercial & Services sales like shopping centres, office
buildings, schools, churches.

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-
muni t i e s éswellagd theaavaopment of areas, the analysis of opinions and sentiments of citizers
is valuable for successfulplanning implementations. Due to the complexity of urban nature and limita-
tions of methods, scaling subjective valuesis challenging. However,a large amount of social media data
gives a possibility to assessthe 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 emoiji. 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 sertiments. According to their polarity, sentimentswere subdivided as pos-
itive, negative, neutral, and emojis were assigned to these groups.

Positive psychology defines positive emotions as valued subjective experiences of wellbeing, hope and

optimism (Csikszentmihalyi, 2000) Thesubc at egory OPosi t i v ewell-beiag, mositteo nc e pt
experiences and states like love, hapiness, joy, hope, compassion, gratitude. Negative emotions were
described as ounpleasant or unhappy emotion which i:
towards an ev@antM.S, 2013) Univessal negative enotions are anger, disgust, sadness,

fear, loneliness, melancholy, annoyancgAckerman, 2019) Lastly, neutral emotions area type of feelings

that are neither unpleasant nor pleasant ( An bl ay oEmoti@n8 Iik& surprise, indifferent, dull, cold,

bored, weary were included in the 0 N e u tsubeategory.

— Negative Anger, disgust, sadness, fear,
9 loneliness, melancholy, annoyance

[2]
|5 o
£ I Love, happiness, joy, hope,
B Positive compassion, gratitude
&

- Neutral Surprise, indifferent, dull, cold,

bored, weary

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. Tte
assignment was performed separately for each main category; activities, objects, sentimentsThe ap-
proach for assigning emoijis for activities and objeds was matching keywords that were previously defined
when subdividing the main categories (discussed in Section 3.3.1.1and 3.3.1.2 with emoji nhames from
Unicode emoji character list. Emojis wereassignedto sentimentsaccording to their sentiment scores from
the study of Novak,Smai | ovi L, S| u(B045), whichwad préMiouslediscused inSection 2.3.

3.3.2.1 Activities
(1) Defining keywords

I n OEat subc aDtra gackréy, all emoj i s i n ieéUnioode lisiweleaddignedh k 6 cat e
(6EmMoj i Ver s.i oHho wlelvée,r , 2 0f10&) cat egor i esOultidkoeor 0 BAacstiicv i En te
S p o rthere dvere no formerly grouped emoijis. Therefore, suitable keywords for each category from

literature research @s discussed inSection 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

emoijis representing these words could be counted in 6 Out door Act i vHowever,emofs Sportsé
ochristmastr e and dsu nwere some of the most used emoijis 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 functionogether with INDEX and
MATCH was used(Table 1 and Table 2).

=INDEX(Keywords[[#All],[Categories]] MATCH(TRUE,ISNUMBER(SEAR&&(words[[#All],[Key-
words]], 0).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. Forexample; the keyword park belongs to the category dOutdoor Activities G
However, all emojis containing the name park were assigned to dOutdoor Activitiesol i ke G&G&Ep 3
csparkler6( ), csparkling heart6 (). Thus, theword park was removed, and the emoji thational parké
() was insertedinto the category.

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

After the first three steps employed, 238 emoijis 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 cEat & Dr i pakddonly five emojis were assigned to the 0 I$opping 6 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 inGraph 4. Themost found emaoijis in the activities category is shown in Table 3.

92
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o
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Graph 3. Number of assigned emojis in activities cat- Graph 4.Count of posts in activities category
egory
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Emoji Name Emojis Number of Posts
(Points)
eat & drink
face savouring food 3453
hot beverage 3 2082
wine glass 1861
outdoor activities & sports
flexed biceps E 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 ° 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

3.3.2.20bjects

A similar approach was usedfor assigning emoijis in the objects category. Main keywords were defined
for every 4 subcategories, and the terms were matched to Unicode emoji names. Afterwards, emaijis in
Travel & Places from default category which contains emoijis for locations, buildings and modes of
transport ( 6 Emo j i V e r swereralso hddéd, in aiditibr8t) emojis which were automatically
assigned after keyword matching process. For example,thaggage claimé () and deft luggaged
() were added to dTransportation & Utilities 6 considering they indirectly indicate airports.

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

Graph 5 demonstrates the partitioning of emaijis in the categories; 54 emojis in0 Tr ansportati on & L
tieso, 15 emojis in oCommericni ad Re& r ®eartviiomead 6 ,& 10p eexmoSp
emojisind Bullp t& Re s sublcategory veete assigned Subsequently;12,988 out of 369,480 points

were assigned to asubcategory of objects Even though only 14 emojiswerer e pr esent ati ve for 0
tonal & Open Sp asigndicant poatibneopoimtsy(28%)avere assigned to this category. The

most used emojis in objectscategory are indicated in Table 4.
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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 emoajis in objectscategory
3.3.2.3.Sentiments
The approach to assign emojis to sentimentssubc at egori es ( 0ONegatived6, ONatur

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 & Peopledefault category of Unicode list ( 8 Emo j i

Ver si

on 1

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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(2) Ranking emojis with the help of 6 Emo j i

Senti ment rankings for

the list did not include, were scored the same wi t h

Sent i me (Novakeaah,R41%) g v 1. 06
each emoji were found from
the most similar emoji;

() wasnot ranked. Therefore,the same score for emoji aunamused faced @ () was inserted for dface

with rolling eyeso.
Emaoji Name Emoji Sentiment Ranking

neutral face 0 -0.388
weary face -0.368
anguished face -0.063
flushed face (0] 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" and 7" decile. Later,

emojis were assigned to ONegat i ve 0 sentiméhes(showndnlTablea n d
6).
Negative Neutral Positive
. . 2nd dec- | 3rd 4th 5th dec- | 6th 7th 8th dec- 9th
Decile 1st decile . . . . . ) . .
ile decile decile ile decile decile ile 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 O x < 0.410 O x
Nr. of
. . 34 26 26
Assigned Emojis

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 S 392
neutral

face with tears of joy 0.221 7092
grinning face with sweat 0.178 3086
smirking face 0.332 U] 1356
positive

smiling face with heart-eyes 0.619 16503
smiling face with smiling eyes 0.644 9702
smiling face with sunglasses 0.491 o 5986

Table 7. An example of categorisation of emajis for each sentiment subcategory

t he
e. g.

oPos
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In total, 86 emojis were assigned to sentiment category (shown in Graph 7). Even though most emojis
were assigned to dNegatived comparing to dNeutralé and dPositived (illustrated in Graph 7), only 5% of
postswer e assi gne dandligportde (750%) of post® were assigned asdPositived ( s h o wn
Graph 8).

Number of Assigned Emojis in Object Count of Posts in Object Categories

Categorisation
0 20000 66598
34 60000
30 26 26 50000
40000
20
30000
17
10 20000 335
10000 4297
0 0
Neutral Positive Negative Negative Neutral Positive
Graph 7. Number of assigned emojis in sentiments Graph 8.Count of posts in sentimentscategory
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 hame, 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.

3.4. Geovisualisation of Emojis in LBSMPosts in Dresden

In this study, it was deduced that the most appropriate approach to present the LBSM data wasadopting
adigital interactive geovisualisation method , asdiscussedin Section 2.1.1 Geographic visualisation plays
an essentialrole 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 postshased 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, objectsand sentiments Created web map can be found under this
link: hitps://elifcanozyildirim.shinyapps.io/mapemoiji/ &

3.4.1.Chosen Environment and Libraries

The map was createdutilising the Leafletlibrary in R environment. Leafletis an open-source JavaScript
library and comprises of features like map controls, zoom buttons, layer switcher; visual features lile
markers and pop-ups and interaction features like drag panning and double click zoom. Leaflet can add
geoJSON, WMSlayers; markers and popups to the web map. The R packagel eafletenables Leafletmaps
and other applications such as Shinyto integrate into the R.


https://elifcanozyildirim.shinyapps.io/mapemoji/
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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 scientist¢Beeley,
2013), R language and Shiny package were found to be most suitable for use when creating the web

map. Shinyis an R package used for building interactive web apps through R environment (Team, 2016)
The R packageShinywas utilised because ituses 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 RStudioLeaflet library was used and integrated into a Shiny web application.

Simple creation of Leafletmap 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. Ul 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 Ul section and
assigning renderLeaflet () expression in server to render the Leaflet map, as shownin the following

code.

library  ( Shiny )
library (leaflet )

ui <- fluidPage (
leafletOutput ("MyMap"),
)
server <- function (input , output , session ) {
outputdMyMap <- renderLeaflet (
leaflet () %>%
setView (13.74518 , 51.04828 , zoom = 13) %>%
addProviderTiles ( providers$CartoDB . Positron , group = "Positron (de-

faul)" ) )

}
ShinyApp (ui, server )

3.4.2.Design and Development of the Interactive Geovisualisation

3.4.2.1 Main Page

Serverside and Ul side of the application for the interactive web map were handled in separate two files
as server.Rand 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 containsthreet ab s : 6 ,0 Makeat Mapd an
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GEmoji Categorization and Wordcloud¢ .irstl¥, Ul was built using tabsetPanel() function and in the
server, the partials Map.R, Wordcloud.Rand Table.R files were sourced. The Ul side of each tab was saved

inthef i | e namanddtheds ¢éi Ves 6part was savedFigural8oser ver fil es
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 <- renderUl ({

source (file . path ("Ulfiles" , paste0 (input$Ulfiles , "R" ), lo-
cal =TRUE $value
)
for (file in list .files ("serverfiles" ) |
source (file . path ("serverfiles" , file ), local = TRUB
}
server.R ui.R global.R Ulfiles serverfiles
| | : | | | : |
Map.R WordF(;Ioud. Heatmap.R Map.R Word;loud. Heatmap.R

Figure 18. File order

Thet a b apdiMthe start page, where the user can filter and visualisethe 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 locationswas added underthe map.0 He at map 6 vi s uaimilarses t h
to the first map in 6 Madp that hwithout cluster points and using warm and cold colours to show the

density. Endoji Categorisation and Wo r d c | was gederated to inform users about trends in emoiji

usage and which emojis were assigned to which category.

Map Heatmay Emoji Categorization and Wordcloud

Figure 19. Thenavigation bar in the web app

3.4.2.2The 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.












































































































