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Abstract
The informal and unofficial nature of how citizens discuss and conceive geographic al

entities such as neighbourhoods has traditionally be en difficult to capture. Ambient
Geographic Information  (AGI) from social media services offer sresearchers an opportunity
to collect large amounts of geo  -referenced information concerning vernacular
geography. Twitter data was harvested and analysed in R statistical software in order
demonstrate whether  using geodata from social media is a feasible method for spatially
defining vague, vernacular neighbourhoods in Inner London, UK. The results suggest that
social media data can be a valuable source for capturing vernacular geography from

which vernacular neighbourhoods could be delimited. The study a Iso revealed factors
which may have contributed to vernacular neighbourhood demarcation. Twitter data was

seen to both mirror the physical form of the underlying topography and reflect the social
character of the cityds | and uosseattemfishtd mvestigate k b ui |
vernacular geography which used more traditional methods, such as sketch maps and
interviews. It also examines how manual qualitative coding can improve data quality and
demonstrates how R statistical software can be used to ca pture, analyse and present
geospatial data
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1 Introduction

Therelationshietween tban form and functio(Batty, 201,3Batty & Longley, 1984as

well as how social activity interacts with and replicates the physical structure of citie
(Tonkiss, 2013)ave long been theaed Ho we v er , the cityds i nl
also offer us a strong insight into geographic form and the way th& spade perceived
mentallyand referred tdlhis bottomup, unofficialdiscourse concerniggographic plaée
fundamental to our understanding of c{tigach 1960)The question of how to reqruce
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these colloquialaguenotions of spaci rigid computemepresentationis also central to
the advancement of GIS softwanel GIScienc@Goodchild, 2011).

This study is concerned witte individua® awarenessf fuzzy,abstracgeographiareasn

relation to theiownlocation Thesareagould be informal or defined by @hministrative
boundary©Official legislative bodies have lattgmptedo dematategeographic areas for
administrative purposes (Fletchéd44) However, in the minds and conversations of
citizensthese imposed, pise boundary lines are often much vaguer, guided by landmarks,
street networks, architecture, land use, transport hubsdHalkcj2014)and less visible
factorssuch as demographics, class, politics aneesociomics (Galster, 2001)
Vernaculageography has important applications. The emergency services find these types
colloquial indications of place invaluable when locatingtecpincidents. There are
commercial applications for daiies and irvehicle navigatipmnd government usésr

the allocation of services and collection of census MNiighbourhoodsalso form
geographical entities that people and communities can relate to and feel associated v
(Brindleyet al, 2014).

Capturingthis type of qualitative, casuahbiguousnformationhasproved challenging
(Montelloet al.,2003).However dueto the proliferation ofsPSenableddevicessocial

media posts are often geggedwhich leads to the unconscious generation of massive
amounts of geodatln turn this enables spatial analysis (Sui & Goodchild, 2011) and spatial
modelling (Lovelaocet al.,2014) ofAGI. Thus, he acquisitiorof AGI can help ustudy

how large numbers of people use vernacular language to describe where they :
(Hollenstein & Purve®010) and the corpus obtainectcésrtainlyfar more substantitiian

it would be possible to colleingtraditionatechniques

In this paperl present howAGI from the socialnetworking service Twitteran be
harvestedprocessedndanalysedh Rin orderto capturevernaculamdications ofvhich
neighbourhooslindividualghink they aréocatedn.

AGI is used to describe passively volunteered data where the volunteers of the informati
are often the focus of the study (&ea. 2016).The qualitative nature of soeiaediaAGI

is evidentin its contentFor this reasgmmanualualitative coding techniquereemployed

to test for dataset veracity line withCope (2003Whodescribes the coding of qualitative
textualdata as a way of interpreting and filtering data in order to classify it into themes.
Qualitative GIS(or mixedmethod GIS)is the integration of qualitative data with the
quantitative analysis capabilities of GIS (Cope & Elwood, 2009). Elwood & Cépe (200
describe Qualitative GIS as an extension ofwhigh includes nomumerical data, the
mixing of methodologies, technologies and data, citizen participation and social practices.
After this quality testing, thpointbased datasetis validated againstoggrnment
administrativgolygonsand plaename seed3he delimitation of precise neighbourhood
boundariesis then attempted along with an investigation into tleeicentresand
demarcatiorfactorsaffectinghese vernacular neighbourhoods
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2 RelatedWork

Lynch (1960) set the foundations for understanding mental images held by individuals abc
their environmentdescribinghow cities are comprised of imagined elements and views,
which form continuous patchworks of distinct regions. The five elerantsyhch
adopted were paths (movement channels), edges (boundaries), landmarks (familiar buildi
etc.), districts (areas with a commecogrdable character or architecture) and nodes
(places of navigational decision).

Vernacular geography has tradily been captured froparticipants who are aware that
they are involved ia study mainlyby asking tha to draw sketcimaps Coultonet al.,
2012 Doran & Young, 2013; Stanton Frasenl.,2013),by conductinginterviews and
questionnaires (Valléeal.2015), orthrougha combination of these techniques (Raanan &
Shoval, 2014).

There is a growing body of warkwhichvernacular geography has been capfroed
participantasvho are unaware that they are involved in a Stbdytechniquessedhave
involved the use of wedgrapingl{ieschet al.,2015;Brindleyet al.,2014 Twarochet al.,
2008 and gedagged Flickr photogriap Feick & Robertson, 2015y et al. 2015.

Twitter data has beesed invariousGlScience research fie[dsmmer &Proferes, 2014)

as well am other analytical social sciences (Batrinca & TreleavenTB8IHost notable
studiesncludeones orthe effects of geographical distance on social networks (Stephens &
Poorthuis, 20153nalysis ofisitor flows to attiitions (Lovelace et,£2014); exploratiasf
urban sociapatial inequalities (Sheltenal.,2015) and cartographic display (Field &
Od Br i e rrhereare ald ya profusion of stubesed on Twitter data thaatalys the
spatial distribution of phenomerihese includeénvestigation of the temgpatiality of
earthquake activity (Croogs al.,2013); mapping the course of hurricanes using Tweets
(Sheltoret al.,2014); accessing Tweets to determine location, fregurehtime of forest
fires (De Longuevillet al. 2009); monitoring of infectious disease outb(Paknanabhan

et al.,2014); predicting spatiality and severity of traffic congestion éL.ét\#14) and
mapping Tweet topics (Lansley & Longley6R0

The study of how invisible social factors affect and mirror the physical fabric of cities ha:
successfully been explored ugi@g. Battyet al.(2013) saw street networks and population
densities replicated virtually by Twestsl Ferraret al.(2011) extracted urban mobility
flows fromAGI. These studies show us ha@l linksthe virtual world with the underlying
physical urban structure by revealing virtual traces of processes and activities §5teiger
2015).

3 Data and Methods

Data

Twitter (201Y stats that it has 31#illion active monthly usersansley & Longley (2016)
calculate that this results in 500 million efswéaily For this study, Twitter datawas
collectedfor selectedneighbourhoods within Inner London. The dataset corist
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individual Tweeteach containg numerous fields of informatiptwo of which are the
longitude and latitudigom which the Tweet was semthich areused to form a point
geometry object. Other fields include the stgidate text of the Tweet,temporal field

with Tweefcreation date and time, the source of the Tweet (e.g. from a linked social medi
site such as Instagram), the screen name of thenasarunique identifier for the Twéset.

fact, Twitter data fulfilall the characteristidthat geographical data should adherasto
proposed by Worboys (1994).

Software

The opersource statistical software environment R and the R lamgaragsed for all
data collection and analy@igtps://www.r-project.orlyy R offers research reproducibility
and seHdocumentatiorthanksto its command line format. ik alsoefficientat analysing
large datasetmdrepeating taskandit candraw dowrbase magthroughinternet callsRd s
capabilities are enhanced by shods of usarreategackages which provifimctions and
code librariefor statistics, visuzdition, data handling and data collection.

Data oollection from the Twitter API

The Twitter APlis accessed from &Ssing the twitteR librgrgndauthentication codese
requested from Twitter (an APl Key, an API token and an API s€aret}sarefiltered
based on the searchTwitter/ () functionds
hashtags which reference an Inner London neighboughg@bho, #Soho). The geocode
argument specifies a geographic location (a latitude/longitude) and a searehicdius
both remain constanThe geographic locatiammosenwas Charing Crosgtraditionally
thought of as the centre of Londoandthe seach radiusvas set @& mileswhichis the
extent of the study argand coincides witlthe current CongestionCharge Zone
https://tfl.gov.uk/modes/driving/congestiogharge/congestiechargezong.

The keywords and hashtage changed each time the query is run depending on the
neighbourhood that is being researchidde queryis run multiple times for each
neighbourhoodat different timgof the weelkandday Tweet retrievals from the Twitter
API are limited to ,500 each timthe query is run. Longlelyd (2019 suggest that this is
roughlyl% of a random selection of Tweeétswevey Lansley & Longley (201€)ggest

that this small percentagry stillallow access tover 90% of all getagged Tweets. 28
neighbourhoodswere studied based on plageme seeddrom OpenStreetMa@mnd
Ordnance Survetp give an even spread throughout the study area.1Tsidevs the
neighbourhoods selected avitkthetthere is currently an eponymous official administrative
area
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Table 1: Neighbourhoods selected from OpenStreetMap and Ordnance Survey data

Clasper

for keywords and

hashtags
Neighbourhood Official Administrative Boundary?
Aldgate Aldgate Ward
Barbican No
Bishopsgate Bishopsgate Ward
Blackfriars No
Bloomsbury Bloomsbury Ward
Brick Lane No
Clerkenwell Clerkenwell Ward
Covent Garden Holborn and Covent Garden Ward
Elephant and Cast] No
Euston No
Farringdon The Ward of Farringdon Within, The Ward of Farringdon
Without
Fitzrovia No
Holborn Holborn and Covent Garden Ward
Hoxton Hoxton Ward
Kings Cross Kings Cross Ward
Lambeth Lambeth London Borough, Lambeth and Southwee&t&

LondonAssembiConsttuency

Leicester Square No

Marylebone Marylebone High Street Ward

Mayfair No

Paddington No

Shoreditch No

Soho No

Southbank No

Southwark Southwark London Borough, Lambeth and Southwaikt&s
LondonAssembiConsttuency

Spitalfields Spitalfields and Banglatown Ward

Strand No

Vauxhall No

Waterloo No

Qualitative thematic ading

Lovelaceet al.(2016) concede that social media data suffers from a lack of. vieracity

improve data qualjtg methodalogy of unautomatedjuantitative codinggasemployedA

manualscrutinzing of geetagged sociahedia data for locational errors was implemented

by Hollenstein & Purves (2018)qualitative examination of Tweets for toplated eprs

was considered MAlbuquerquest al.(2015) In this study, acombination of these two

approachesvas used t@roduce a derived, quality controlled, datdsecetsare first

visualred geographicallgndassesseor outlying Tweets in unexpected locatidhs. text
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of all Tweets is theexamineananuallyfor off-topic subject mattethat indicatethe user is
not located within the neighbourhoaidout whichthey areTweeting Finally, Tweetare

filtered by assigning each with a textodé depending on its contentjraplementedy

Jung (2015).

The qualitative coding is designed to find cateégode Tweets that may be sent from
outsidea neighbourhoode.g.Tweets senwhile travelling to or froma neighbourhood
(Tweet exampl@iade it as far as Covent Gardemaerte to Soho, gotta experience the gay
ni ght I i f e & €adiag will malso lfirmd malgbbow@hood keyword used in the
wrong context, e.ga Tweet about a person or enttyth the same name as
neighbourhood(Tweet exampledPaul Strand 1880976 arguably one of the greatest
documentary photographers of 20th cedtuoyone about an event that took placeain
neighbourhoodr will take place in theature (Tweet examplétill feeling stuffed after
yesterddy meal at @BodeansBBQ in soho. huge massive portidnsaitan go agaii.

A Tweetfor whichthe Tweetsubject matcls¢he Tweetlocateds classed asWellLocated
Tweet(Tweet exampld'm at Gais Artisan Bakery in Sdhdrable 2 shows theoding
categories and gives a descriptiomefcriterigfor determininghow Tweets fit into each
category.

Table 2: Coding categories and  criteria for how Tweets are attributed to them

Category Description

Travelling to or from neighbourhood. The Tweeter is travelling to or from the
neighbourhood that they mentiose of
phrases lik@&nroute td d@ound) &ycling
to§ @n my way tdetc.

Tweeting fronarother location abouwat The Tweet is sent after beingin
neighbourhood. neighbourhood, past tense is used, or TV
is aboutainevent hapering inanother
neighbourhood.

Tweeting from a venue named adter A venue named after a neighboorchbut

neighbourhood. not located in that neighbourhood, e.g. T
Hoxton Hotel, Holborn

WellLocated Tweet Tweet where the subject matches the
location.

GPS Positional Error Many Tweets at exactly the same latitudg

longitude from many different
neighbourhoo#teyword searches.

Tweet about person or entity named afte| Tweet about a person or entity that has t

neighbourhood same name as a neighbourhood.

Truncated Coordinates Cannot locate Tweet accurately.

Uncertain Outlier Anomalies, possiptiue to network
coverage.
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Point clustering and polygon delimitation

A combination of methods usal to investigat theTweetpoint clustersboth before and
after qualitative coding. Threan centres of tAaveet point patterrge calculated and the
dispersions of neighbourhood Tweets around official-nHace seedsre recorded.
Standard Distanceebiation(SDD) of Tweet dispersals calculatedo find the central
tendency of the point® validate thelataseand asss thequalitative coding process
Buliung & Remmel (2008) dseDD to measure the spreafda set of pointsStandard
Deviational Hipses(SDE) measure directional dispersal arelused to look for any
directional factors affectinthe point clusters. Thisheks whetherany underlying
topographical factors are affecting dispéfsdian& Cubukcu,2010) Kernel Density
Estimation (KDE)s employed to determimeighbourhoogoint concentrationg hesere
comparedgeographically to official administrative boundaries (where they exist) to agail
validate the dataset. 2D contoarg used to research the basis of neighbourhoods,
identifyingcentresof neighbourhoods orderto draw conclusions abotlte reasons for
vernacular neighbourhood derasinrs. Finally,hexagonal binning armmdnvex hullsare

built to spatially determine neighbourhoestents and creatdiscrete vernacular
neighbourhood polygons.

The techniques described above provide point clusters of tovestming where people
believe they arlcated These techniqueghen provide a qualibontrolled dataset of
Tweets from which vernacular neighbourhood extents can be analysed and delimited.

4 Results

Results for Tweet collection

Over a period of twanonths 31,692Tweets were collectegsent by 14,832 individual
Twitter usersFigure 1 shows the uneven distribution of Tsveetlected between the
neighbourhoodsshoreditch and Solave by far the greatest number of Tweets, followed
by Covent Garden and Mayfair.

When the Tweets are viewed spatially (Figuterer point clusters of Tweeds beseen

to the west andast of the study areAs well as highlighting theeas of lgh Tweet
intensitythe 2D density estimation contours (Figure 3) higlitighdreas of sparse Tweet
coverageThese can be seen aroundGhg of London, Westminster, Hyde Park,eRed 0 s
Park, GreeRark,andlarge swathes to the north and south oétilvgy area.
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Number of Tweets Collected for each Neighbourhood
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Figure 2: All Tweets collected for each neighbourhood . Map tiles by Stamen Design, under CC BY 3.0.

Data by OpenStreetMap, under ODbL
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Latitude

Longitude

Figure 3: 2D density estimation contours for all Tweets collected.
CC BY 3.0. Data by OpenStreetMap, under ODbL

Qualitative coding results

The results of the qualitative coding exercise are presented B Wdialeis cleais that
the Well located Tweet category includes by far the greatest number gfWitveateund

95%

Table 3: Results of the qualitative coding

Map tiles by Stamen Design, under

Qualitative Coding Category

Number of Tweets

GPS positional error 393
Travelling to or from neighbourhood 69
Truncated coordinates 49
Tweet about person or entitith the same name as a 108
neighbourhood

Tweeting from a venue named &dteeighbourhood 286
Tweeting from other location abauteighbourhood 430
Uncertain outlier 47
WellLocated Tweet 30,210
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As an example of theanuahualitative coding exercise, a cartographic output of the results
for the neighbourhood of Shorediishpresenteth Figure 4 This shows thdistributions

of each coding category and indicates that Shorfeditcda large region to the east of the
study area.

Qualitative Coding Results for Shoreditch Twitter Points
Rosd S

et N
XX
¥

Qualitative Code

Latitude

on or entity named after neighbourhood
ther location about neighbourhood

Uncertain Outlier
® Well located Tweet

Longitude

Figure 4: Qualitative coding results for Shoreditch. Map tiles by Stamen Design, under CC BY 3.0. Data
by OpenStreetMap, under ODbL

Cluster analysisresults

The standard distance between official place seeds and mean centres of clusters
decreasedfter qualitative codinfhe SDDresults sawhe dispersal of Tweets around the
mears decreader all neighbourhoods after qualitative codihgy als@ave an indication

of how dispersed or compact aighbourhood isIn all case the KDEs of the
neighbourhood Tweetserewithin or neartheir official boundaes Figure5 showsthe

KDE for Marylebone. The resultf the SDE analysis demonstrated the directional
tendencies of # neighbourhoodl'weets. Figurés illustratesthis for the Brick Lane
neighbourhoodshowing éinear directional trend alothg eponymouthoroughfare.
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Figure 5: KDE for Marylebone , along with the Marylebone Ward official boundary . Contains OS
OpenData © Crown Copyright/database right 2018. Map tiles by Stamen Design, under CC BY 3.0.

Data by OpenStreetMap, under ODbL

Brick Lane Standard Deviational Ellipse
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Figure 6: SDE result for the Brick Lane neighbourhood.  Map tiles by Stamen Design, under CC BY 3.0.

Data by OpenStreetMap, under ODbL

326



Clasper
4.1 Results for delimiting vernaculameighbourhoodsand centres

Hexagonal binning was applied to the dataset to explore any preliminary vernacul
neighbourhood formation (Figure Hollowing this, based on Tweets, vernacular
neighbourhood polygons with cerv hulls were delimitated’he results for the
neighbourhoods in Westomdon are presemtein Figure 8. The epicentresof
neighbourhoodwere examinedith 2D density contour@=igure9).

Hexagonal Binning of All Well Located Tweets
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Figure 7: Hexagonal binning results for all Well Located Tweets. Contains OS OpenData © Crown
Copyright/database right 201 8
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West London Vernacular Neighbourhood Boundaries
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Figure 8: West London vernacular neighbourhood boundaries. Map tiles by Stamen Design, under CC

BY 3.0. Data by OpenStreetMap, under ODbL

Figure 9: West London neighbourhood  centres . Map tiles by Stamen Design, under CC BY 3.0. Data by

OpenStreetMap, under ODbL
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