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Summary: An investigation into the difficulties facing resehers attempting to geocode data
derived from social networking sites for analysipiesented. A number of issues are identified
including the lack of any inherent scale in eittier socially-generated data or the results from a

geocoder, and the ambiguous nature of place nakmasthodology is therefore presented that may
be followed by the researcher in order to addiessa issues, and as such improve the quality and
meaning of spatial analysis that is based uporettiata.
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1. Introduction

It has become common practice in academia, thearetl beyond to attempt to derive geospatial
information from socially-generated data. There hoavever, a number of issues with doing so that
have yet to be addressed fully in the literatutee purpose of this paper is to address these issues
and suggest a succinct methodology by which theareker can geocode their data to the greatest
effect.

1.1 Twitter

Twitter is an example of a ‘micro-blogging’ site reby users can publish short texts of up to 140
characters in length known as ‘tweets’ in ordestiare information; described by Twitter as “what’s
happening?” (Phuvipadawat & Murata, 2010). Ovegetilmwever, Twitter has become an important
tool for communication and collaboration, the disgtion of news and even marketing; taking the
medium far beyond the ‘conversational’ interacttbat it was originally intended for. Tweets are
published using both traditional computers andagime platforms such as mobile phones.

1.2 Geocoding data from Twitter

Geocoding refers to the process of attaching dpafiamation to data that previously did not have
it, normally by the comparison of locational iddietis such as place names or postcodes to gazetteer
databases in order to determine the most likelgitlon. In recent years it has shifted from being an
expensive specialist process relying on skilledrajoes (Roongpiboonsopit & Karimi, 2010), to
being available for free online to the general ulllung et al. 2011), and has become almost
commonplace within academia and the media for svieebe geolocated on a map in order to allow
the identification of spatial patterns relatingatgiven topic (Field & O'Brien, 2010). As most tuse
lack explicit locational information, researcheengrally assign coordinates to the textual location
that the ‘tweeter’ has specified within their Twittprofile using an online geocoding service: &ithe
commercial, such as the ‘Google Geocoding API' (§e02011) or ‘“Yahoo! PlaceFinder’ (Yahoo,
2011); or open source, such as ‘Nomanitim’ (OpeaebtMap 2012).

2. Background to Study



The sample dataset used within this study is datkeated from Twitter regarding the ‘Royal
Wedding' of Prince William and Kate Middleton whidbok place on Friday 29April 2011
(Official Royal Wedding, 2011); with over 1.7 mdh Tweets collected during the period of a month
before and after the event. The locations from tihese tweets originated are illustrated on the
map in Figure 1.

Figure 1. ‘First pass’ geocoded locations for the tweets ctdbwithin this investigation. The areas upon \wtle
data collection focused are illustrated in red.

The spatial distribution of the data in Figure Ppisely indicative, as the geocoding is a ‘firstga
attempt using the Google Maps Geocoding API (Ggogfd1) that does not address any of the
issues in this paper. There are obvious conceotrstin the USA and Europe, and a smaller
concentration in Australia; though it should beeabthat these areas represent the areas of search
that were used to capture Tweets (illustrated dycrecles in Figure 1), and so may not represent th
complete global distribution of Twitter activitylaging to the Royal Wedding. Additionally, as the
US-based Google Maps Geocoder (Google, 2011) webtogyeocode the data displayed here, there
is likely to be a positive bias towards the USA.

2.1 False hotspots

One of the major issues associated with geocodiniléy-generated data is that of scale; whereby
there is no implicit scale associated with eitter data returned from a geocoder (Whitsel, 2008), o
the textual representation of location given invétter users profile. ‘Scale’ in this sense refers
general indication of the ‘level of detail’ attathby the data returned from the geocoder, and not a
specific numeric scale as would be found on a.nmghe event that no normalisation work is
performed upon the data returned, it is likely ttadge ‘hotspots’ will tend to form at the centraifl
administrative areas; appearing as a dense clabteata-points on the map, but in reality being
nothing more than an artefact caused by data béeged at the wrong scale (e.g. a cluster of
Twitter users who list their location as “UK” shduhot be compared as like-for-like with a cluster
of Twitter users who list their location as “LANCAER?").



Figure 2. A density map of ‘first pass’ geocoded tweet lomasi in the UK. Hotspots are all illustrated in rAcclear
hotspot is evident over London (A), as well as §eahotspots’ at the centroid of the UK (B) and gadividual country
(C-E).

For example, the distribution of tweets collecteding the Royal Wedding study across the UK
exhibits two significant ‘hotspots’. One of thesdacated in London, a major population centre and
the location of the Royal Wedding itself, the otietocated in the Scottish Borders, and does not
represent a population base of corresponding BiZact, the reason for this second cluster of data
that the geocoding service returns this locatiothascentroid for the location “UK” OR “UNITED
KINGDOM”. As such, any Twitter users who list thédcation as such will be placed in the Scottish
Borders by the geocoding service, when in reality ts most likely not the case. This is illustchte
in Figure 2, with the two hotspots clearly visibEpng with smaller hotspots at the centres of
England, Wales and Scotland.

2.2 Place name ambiguity

Geocoding is not a process that will absolutelymreta single correct set of coordinates for each
textual location that it is passed. It is likelyathin many instances, a list of possible location
‘matches’ will be returned; and merely accepting finst result in the list (although this is usyall
the location that the geocoding service deems i fikely) is not sufficient to prevent bias ireth
data. This problem is particularly prevalent witte tuse of place names, which are intrinsically
ambiguous (Longley et al. 2011) (e.g. there arda8gs called ‘WHITCHURCH' in the Ordnance
Survey 1:50,000 gazetteer), and this is compoumdenformal data such as that found in social
networking profiles, with ‘vernacular’ or non-offad place names often causing problems for
geocoding services, once again leading to the auslg coordinates being attached to data.

3. Suggested Methodology



In order to address the issues raised, a methogbkg been developed which is illustrated in Figure
3 below.
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Figure 3. Flow chart illustrating the proposed methodolagyé followed in order to minimise the impact oknown scale
and place name ambiguity in analysis of Twitteladat

Upon the collection of the data, it should be sutedito a geocoding service, allowing the datago b
separated into three groups: ‘unique’ (whereby dbecoder returns a single location); ‘ambiguous’
(where the geocoder returns several possible gt and ‘unknown’ (where the geocoder is unable t
return any locations). Unknown data can be dischadéehis stage, whilst unique data will be acogpte

It is then necessary to determine the most liketytion for the ambiguous data as it is not su#fitico
rely on the ranking given by the geocoder, which génerally exhibit geographical bias (e.g. whereb
locations in the US will receive a higher rankingpbler's ‘First Law of Geography’ states that;
"Everything is related to everything else, but near things are more related than distant things." (Tobler,
1970) If this law is applied to the phenomenon of twegtom a specific topic, one can assume that a
tweet location is likely to be close to other knotmreet locations. A density surface can, therefbes,
generated based upon the unique locations (FiglreEvery potential location for each of the
ambiguous tweets can then be assigned a valuesesyireg the density of unique tweets in that area,
which can be used in order to assess the mosy likehtion. Although it is not possible to define a
definite ‘correct’ value, increases confidencehe tlata compared to simply relying upon the ranking
value assigned by the geocoder.



Figure 4: Density map of non-ambiguous tweets in the UK (Vatlse hotspots removed).

The next step in the process is to determine aldeitscale at which analysis should take placedero

to avoid the issue of ‘false hotspots’ of data fioigrat the centroid of administrative areas. Thecpss

of identifying the scalelével of detail) of each geocoded location is trivial, and thecgjms will
depend upon the format in which the data is retifnem the researcher’'s chosen geocoder, but the
principle involves simply identifying each of theddress components’ that make up each location, and
geocoding all of them. A distribution of the grestkevel of detail at each of the locations camthe
created, and used in order to determine the apptepscale for analysis, with the location foundtfae
address component at the selected scale usedai® leach tweet. This is a trade-off, as any data at
lower level of detail will need to be discardednirthe analysis, and any at a greater level of ldetthi
need to use a lower level of detail than the besti@ble. A coarser scale will therefore sacrifaktail

and maximise the amount of data used, whereasa stale will sacrifice more data, but allow for a
more detailed analysis.

Once this process has been completed, the researitiige left with a ‘normalised’ dataset, which at

a specific scale and has a minimised level of anityicarising from the use of free-text place names.
The ‘normalisation’ process of a tweet with a geedg¢vel of detail than the selected ‘optimal’ leige
illustrated in Figure 5.
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Figure 5. Flow diagram illustrating the ‘normalisation’ praseof a tweet which has a level of detail gredtantthe selected
‘optimal’ scale.

4. Discussion and Conclusions

As the use of geocoding services and socially geeérdata increases in both academia and the media,
the value of these data as a resource for gaugibgcpinterest and opinion will be increasingly
recognised and exploited, allowing it to influerdexision making. The spatial analysis of such @ata

an inevitable and already prevalent extension i® dhd, as such, standardising data to maximise the
quality of analysis is vital to ensuring that carsibns are meaningful and representative of tragiadp
patterns. This paper identifies two significantuss that need to be given consideration during this
process, and suggests a methodology by which thktyyof geocoded socially-generated data can be
increased: both in terms of the removal of biastfigyeradication of scale-related ‘false hotspptsid

of a reduction in the ambiguity arising from the w$ free-text place names for locating tweet origi
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