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Online social networks, location,

and the dual effect of distance from the centre

Abstract

Online social networks (OSN) are major platforms I@T-enabled communication,
supporting place-independent social life. Howevegcent findings suggest that the
geographical location of users strongly affectsvoek topology. Therefore, OSNs may be
simultaneously related to locations and also urddckom offline geographies. Our paper
addresses this dual-faced phenomenon, analysingloitegion-specific effect on OSN
diffusion and OSN usage. Findings on iWiW, the IlegdOSN in Hungary in the 2000s with
more than 4 million users, suggest that the rateausdrs (proxy for OSN diffusion) is
positively associated with the geographical proiymoif Budapest, the foremost urban centre
in the country. On the contrary, the average nunobeonnections (proxy for OSN usage) is
independent of the geographical proximity of theitzd, and it is even higher in peripheral

regions when controlling for other offline factors.

Introduction

The majority of geography-oriented research onnenkocial networks (OSNSs) is
based on a body of literature in which major cotsegnd “placeless” hypotheses were
formulated in the 1990s due to the revolutionaryetigpment of the internet (Cairncross
1997). Cyberspace quickly became a central issumdaerstanding human behaviour in the
virtual world, and the cyber world has always betnimed to strongly intertwine with the
physical world (Batty 1993, Hayes 1997). More relyerthe concept of cyberplace has been
used to depict internet-mediated communication,eudgithg the importance of spatial base

and the diminishing role of distance in interndtastructure (Devriendét al 2008, Tranos



and Nijkamp 2012). However, further efforts aredezkto unveil the spatial dimension of the
offline-online interrelatedness, and OSNs provideedent data sources for analysing this
issue. In this paper, we compare the role of locasipecific factors and the distance from the
centre in OSN diffusion to the role of the samddexin OSN usage.

OSNs are large-scale networks built in social netwsites that are major fields of
online communication and thaeriable users to articulate and make visible theicia
networks$ (boyd and Ellison 2007, at p. 212.). Thus, OSNKs eaimed to be supplemental
forms of communication between people who have gmignknown one another in real life
(Ellison et al 2006, 2007). These websites not only speed ugd lm@mmunication but also
empower people to connect themselves to distaaids (Backstronet al 2011). It has been
shown that geography is a determining factor in 3Ne location of users and their friends
strongly influences the topology of the network,damost social ties remain within
geographical boundaries (Takhteyetval 2012, Ugandeet al 2011). However, the role of
geographical factors in OSN diffusion and OSN usagmder-researched.

One may associate the diffusion of a particular Q@tk innovation spread because
joining an OSN is, after all, an adaptation to reemmunication trends. Diffusion has always
been closely related to spatial patterns (Grilich®87, Hagerstrand 1967), and location-
specific characteristics have remained crucialiioovation diffusion even after the internet
has reduced communication costs (Feldman 2002 auBecface-to-face interactions have not
lost their importance in knowledge sharing, we ps®that geographical proximity favours
and geographical distance decays diffusion.

However, the role of geographical location andatise is not at all clear regarding
OSN usage. The internet seems to stimulate locihefcommunication (Storper and
Venables 2004). Users primarily interact with th&irongly connected cliques but are also

able to extend their interactions to more distdatgs than ever before (Wellman 2002). For



example, communication on certain online platformght be centred on short messaging to
massive communities that are primarily local (eF@¢ebook), whereas others are principally
designed to communicate with distant friends (eSkype; Lobburi 2012). Therefore,
involvement in online communities might be very #amacross agents scattered in space
regardless of geographical location and distaram® the centre. One might even suppose that
distance intensifies online activities becauseost concerns.

The paper is based on a dataset collected from iV leading Hungarian online
social network in the 2000s with more than 4 milliosers, and focuses on two questions.
First, how does the geographical distance fromctrdre affect the rate of users in the total
population, which is the proxy for OSN diffusion2c¢®nd, how does the geographical
distance from the centre affect the average nurmb&rends (which we apply as a proxy for
location-specific OSN usage)? Findings suggest tth@atOSN has diffused more easily into
settlements that were geographically proximate uddpest, the capital of the country where
IWIW was launched. However, the average numberriehds in the OSN seems to be
independent of the geographical distance from thaetre; this indicator even becomes
significantly higher in peripheral regions far frothe capital when controlling for other
offline factors.

The contribution of the paper is twofold. First, Wastrate the effect of geographical
location on the OSN using “population” type setttamilevel data, such as population,
economic development, telecommunication usage, settlement structure. Second, we
demonstrate that distance from the centre has aersal effect on the OSN user rate among
the total population and on the average numbembh® connections. Thus, distance might
have a dual role in OSN geography and retard tfeasthn of joining the network while

simultaneously increasing the intensity of OSN esagperipheral places.



Location, distance, and internet: an overview

The revolutionary development of the internet anldeo forms of digital communication
sounded the alarm for geographers to reformulatm@ncepts and hypotheses in the
1990s. Cyberspace became a central issue in uadeénsyy human behaviour in the virtual
world, while the term cyberplace is used to deppatially grounded online activities (Hayes
1997, Wellman 2001). The diminishing role of geg@ima was envisaged in the “death of
distance” theorem of Cairncross (1997). Howeverpigoal evidence has repeatedly shown
that physical place and distance have a determipower in online communities (Liben-
Nowell et al. 2005) and internet infrastructure (D’lgnazio a@Bmbvanetti 2007, Tranos and
Nijkamp 2012).

The character of cyberspace is various and comfileruld be characterised as some
type of conceptual space for the flow of informatithat came to existence through the
elemental combination of the digital world’s haraeanateriality, the software of computers,
telecommunication networks, and the human mind (i2adt et al. 2008). Cyberspace is
neither technology nor infrastructure; rather sitai medium for the complex convergence of
computers, communication and people (Dodge 200i¢. Space of flows — which Castells
(1996) refers to as cyberspace — is fluid and sfi@de possibilities for everyone, and it may
become independent of real physical space (KittBBB).

Cyberplace is central element of virtual geographg is defined as the projection of
cyberspace onto real space (Batty 1997). Cyberpas@mething between physical and cyber
space; on the one hand, it is a composition ofiriternet infrastructure, fibres and satellite
networks, and on the other hand, it is the teclgioéd elements of data communication,

which are all embedded in real space (Tranos 2011).



Modern interpretations of geography determine cyb&ce and cyberplace to be either
similar or radically different from traditional gg@aphical spaces; however, the ties between
these concepts can be naturally found (Wellman R@\e to the appearance and widespread
use of internet technologies, the geographical epmsnces of changes necessarily became a
topic to be analysed. Research outcomes of conalegntd empirical analyses were, however,
varied regarding the effects of the internet onenécgeography. In connection with the
seemingly immediate appearance of ICT's commuraoatpossibilities, particularly in
connection with internet technologies, researclodtsn predicted the radical compress of
space-time relations, which could result in the ptate “destruction” of space through time
(Atkinson 1998, Brunn and Leinbach 1991, Cairncr@997, Morgan 2001). In certain
compositions, this has led to a feeling that the degital and globalised world is similar to a
pinhead or at least to its “sense” (Negroponte 1,9%%d geographical location is not relevant
for it.

In contrast, with radical standpoints, it is becoghnmore accepted that although the
internet and cyberspace have essential corrediieet® on time-space relations, geographical
aspects have important roles henceforward in maayswif we postulated social sciences’
terms of external space, the ones that should kentamto consideration, which had the
momentum of definite localisation. Geolocation cbbe determined to be a linkage between
spatial units, cities, regions or the spatial dedion of material objects (e.g., fibre networks)
with known geographical positions. All the formatsothat could be identified along these
cross-sections are possible to be visualised isipalyspace and herewith form the traditional
space of information geography (Hakletyal 2008). As with many social phenomena, in the
information society, we can also often stumble ugogial components with a system of

connections or relations to one another that shayependent spatial characteristics. The



mentioned interior spaces cannot be geographitadblised at all (Suckék 2004, Fabrikant
2000).

However, scholars also warn us that geographiaation is still a major factor that
shapes the internet layer of human life. For exampBrian Hayes (1997) argues that the
internet cannot exist independently of conventigyedgraphy because no bit can proceed via
the net without passing through kilometres of wiagsl optical fibres or tons of computer
hardware, which are all in physical space indeedthiérmore, Tranos and Nijkamp (2012)
argue that although the internet has lowered tlsésaf communication, establishing a link to
distant places has higher costs than does linkimgdximate places. Thus, physical distance
has a diminishing effect on the internet’s infrasture.

Studies on online communities highlight that simiylato the virtual world-physical
world interrelatedness (Benedikt 1991), internghownities are spatially and socially based
(Jones 1995). Online communities are constructscufural, structural, political, and
economic character, which are based on geographlm@lnd social relations and institutions
(Fernback 2007). Thus, “glocalisation” is a majohepomenon in internet-based
communication; due to the internet, people havenger interactions in their local area and
extend some of their interactions to the globaéldwWellman 2002). Consequently, distance
plays a major role in online community constructiés the distance between two random

individuals increases, their probability of belamgjito the same online community decreases.

Location, distance, and online social networks

To address the importance of geographical locatiot distance in the diffusion of online
social networks and the average number of friemds first need to go through the geo-
location specialities of OSNs. There has been aigg scientific interest in recent years in

analysing OSNs; mainstream research covers a wid@, ancluding learning and



communication processes (Greenhow 2011), onlinatitye(Zhao et al. 2008), youth and
digital media (boyd 2008), online privacy (Acquiatid Gross 2009), and network dynamics
(Kumar et al. 2006), among others. Geography has also beenvewah the discussion,
primarily in the field of user-generated informatimapping (Yardi and boyd 2010).

OSNs are large-scale networks on social netwods §i5NS) in which users are the
nodes and their connections with other users aestlyes. SNSs are defined as web-based
services thaténable users to articulate and make visible therial networks (boyd and
Ellison 2007, at p. 212.). The definition claimsathSNSs are supplemental forms of
communication between people who have known onéhangrimarily in real life (Ellisoret
al. 2006, 2007). In other words, major SNSs are setduo meet new people but rather to
articulate relationships with people in their exigtoffline network. Furthermore, the degree
distribution of Facebook is very close to the degdestribution of real-life social networks
(Ahn et al. 2007, Backstronet al 2011, Ugandeet al 2011). In other words, OSNs clearly
differ from other web-based networks, such as m#einfrastructure. The latter are led by
power-law tie-distribution: A small share of webpagaccounts for an outstandingly high
number of links (Barabasi and Albert 1999). In anderstanding, OSNs are “biased versions
of real-life networks” (Backstrorat al 2011, Ugandeet al 2011).

Therefore, when we claim that virtual space prodideSNSs and the physical world
are strongly interrelated, we assume that flesh blodd users document their offline
friendships in the online environment. The geodmeaof online content is based on the
position of users that can stem from voluntary gaplic information that users attach to the
content they upload (e.g., pictures) or can bedaselP addresses (Elwoetlal. 2012). The
possible projection of the virtual world onto regographies and the effect of location on
shaping cyberplaces poses several questions thabegiond the scope of this paper. For

example, research is still missing on the corr@hatbetween online and offline social



networks (Traucet al. 2008, Hogan 2009). We only gather that geograplocation and the
physical distance from the central location areyverportant in OSNs. Other geography-
related papers discussed this topic, mentioningcbastcomes in relation to OSNs, as
follows.

First, spatial dimension and geographical locatsmem to determine OSN ego
networks. Liben-Nowell and his colleagues (20059hhghted that only one-third of
friendships established on LiveJournal was indepehdf bound geographical areas. Escher
(2007) also found that the majority of ego netwoekg local. Takhteyev et al. (2012)
demonstrated that the majority of social ties ontfBw are within city agglomerations. A
mega-analysis of Facebook found that the majofityoonections are within country borders
and the number of ties across countries accords gabgraphical distance (Ugandsral.
2011). Thus, the geographical location of the usteongly determines the geographical
position of the friendship ties she documents ewikbsite.

Second, distance seems to be of crucial importean@SNs. In general, tie formation
in social networks is deflated by the geographitistance between two locations due to
travel-related and communication costs (Borgaital. 2009, Experet al. 2011). Although
spatial effects do not solely determine social grdarmation (Daraganovat al. 2012,
Onnelaet al. 2011), the probability of online friendship degesa as distance grows (Liben-
Nowell et al. 2005, Scellatet al. 2010). Takhteyev et al. (2012) showed that thasability
is influenced by various other factors, such asonat borders, language differences and
travel frequencies. The authors found that theueagy of airlines between two cities has the
strongest correlation with inter-city Twitter tiesdditionally, information flow on Twitter is
related to offline space, and distance has a ndgterring power over it (Cramptaet al.
2013, Yardi and boyd 2010). Finally, a study onglabal Facebook network found evidence

of a “small world phenomenon” (Backstroet al. 2011) that accords with our geography



focus. Users formulate strongly connected cliquéth \whysically proximate other users,
whereas relatively few long-distance ties connée éntire network and establish short
average paths between two random users.

Our paper aims to contribute to the above litemtartwo aspects. First, we illustrate
the effect of geographical location on OSNs usipgpulation” type settlement-level data,
such as population, economic development, telecamuation usage, and settlement
structure. Second, we will demonstrate that theadie from the centre has an adverse effect
on OSN user rates among the total population andthenaverage number of online

connections.

Data from iWiW

The iWIW (International Who Is Who) was launchedl@April, 2002. It quickly became the
best known SNS in Hungary and even the most visitgtbnal website in 2006. The number
of users was limited in the first years but state@row exponentially due to new functions
introduced in 2005 (e.g., personal advertisemeguitdure uploads, public lists of friends,
town classification, e-mail address). The systerd 640,000 members with 35 million
connections in April 2006, when Origo Ltd. (membrthe Hungarian Telecom group)
became the owner of the site. The number of rag@tasers continued to rise afterwards; it
had 1.5 million users in December 2006, more th&nhn3llion users in October and more
than 4 million users in December of 2008. Certaitihe competition among SNSs favoured
Facebook in Hungary. Though the number of HungaFiacebook users reached 3 million
only in late 2011, Facebook outnumbered iWiW inmerof daily visitors in October 2010.
Due to decreasing online traffic, the owners detitte close down iWiW servers, and the

website stopped service by June 2014.
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However, iWiIW offers a unique approach to develgmur argument for two reasons:
First, it preceded Facebook in Hungary. Secondgéugyraphical interpretation of diffusion is
more straightforward because the original locatam be identified easily in the case of
IWIW, but Facebook might have spread to the coufnomn multiple geographical locations.

A detailed spatial analysis on Hungary's informaticociety claims that the
distribution of iIWiW users provides good descriptiof internet diffusion in Hungary: The
community of users grew faster in regional censies larger settlements than in small towns
(T6th 2012). Furthermore, the rate of iWiW useramtotal local population correlates to a
high degree with other spatial indicators of infatran society.

We collected data from the website in October 2@@38n the number of users and
the sum of connections were visible for every egtént. The localisation of users based on
profile information is considered to be problematipapers focusing on OSN user and social
media content localisation (Heckt al. 2011). In iWiW, however, it was compulsory to
choose a location from a scroll-down menu whenstegng as a user. Users’ place of
residence could easily have changed afterwardsthaard certainly was no eligibility check.
Thus, one might consider our profile-based locatiaa to be a biased and occasionally
updated census-type data.

Out of the total number of 3,135 Hungarian villages! cities, there was a minimum
of 10 iWIW users in 2,426 settlements. The rem@ni®7 settlements did not have iWiIW
users in 2008; the majority of these latter loga&tiovere very small villages, but 128 of them
had more than 500 and 23 had more than 1000 iamabit Altogether, 3,545,103 users
established a total of 238,930,412 friendship ties.

Table 1 around here

11n 2008, each user could access the number of irséer/his settlement and also the aggregate auafb
connections of users in the settlement. Data welieated manually by Balazs Lengyel and DorottytyVi
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The two settlement-level variables we examine itail@re the rate of iIWiW users
among the total population (USERRATE) and the ayemumber of iWiIW friendship ties
(AVERAGE NUMBER OF CONNECTIONS) with other usersiifwn the same settlement
or elsewhere).

USERRATE reports the extent to which the commuhéy diffused to the settlement.
The spatial distribution of this variable can b@eosted to depend on internet penetration and
infrastructure. The AVERAGE NUMBER OF CONNECTIONSveals how users in the
settlement are involved in the online communityisTvariable takes a higher value if users
have felt more enthusiasm in documenting previoesiyablished friendships on the online
platform?

We analyse how DISTANCE FROM THE CENTRE, measurgdtie Euclidean
distance from Budapest, the capital of the coumtng origin of the OSN, affects these
attributes. The model included additional locatd@pendent variables such as
POPULATION, regional development measured by tlte o& taxpaying citizens among the
total population (TAXPAYERS), a composite  teleconmaation index
(TELECOMMUNICATION), in which higher numbers inditea a better accessibility of
telecommunication channels, and the share of exgidtlibrary users among the population
(LIBRARY), which refer to local cultural activitiesSettlement-level dummies were also
created, taking value of 1 if there is a universitythe settlement (UNIVERSITY), if the
settlement is a centre of a subregion (REGIONCENTREIf it is a city (CITY; in 2008,
altogether 306 settlements were counted as citfdsthese location-specific variables are

expected to have a positive effect on the spage¢ls of online social networking. The

2iWiW was a major innovation of its time in Hungaand users typically spent a significant
share of their online time finding current acquantes and old friends who they had not seen
in years.
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location-specific variables were composed of thealase of VATI (Hungarian Regional
Development and Urbanism Ltd.). The definition lud tvariables and the descriptive statistics

are summarised in Table 1, together with globabeurtrelation indices.

Results

Two-way associations and spatial distribution —Plotting the two dependent variables
(USERRATE and AVERAGE NUMBER OF CONNECTIONS) agaimsajor location-
specific variables such as DISTANCE FROM THE CENTREOPULATION, and
TELECOMMUNICATION unfolds the key point in our arguent. Although the rate of users
seems to depend positively or negatively on theéfime factors, the average number of
online friends seems to be constant or much legerdkent on the offline environment
(Figure 1).
Figure 1 around here

One can find a negative relationship between USERRANd DISTANCE FROM
THE CENTRE, in which the departure from the expsredl maximum level is, in fact,
growing in negative terms (Figure 1). As the distaincreases, the probability of a lower
USERRATE increases. The negative association bettfeedistance from the centre and the
spread of the online community is even more outt@nwhen one compares it with the
positive relationship between USERRATE and otherjomaffline variables, such as
POPULATION or TELECOMMUNICATION.

However, such a strong relationship is not presenthe association between the
AVERAGE NUMBER OF CONNECTIONS and the DISTANCE FRONHE CENTRE; the
latter variable seems to have only a slight positeffect on location-specific average
involvement in the online community. The large migyoof observations are not within the

95% confidence interval of the linear estimatiamd ¢he variation is higher in the right side of
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the distribution. In a similar vein, the AVERAGE MBER OF CONNECTIONS is
independent of POPULATION and rises slightly alahg TELECOMMUNICATION axis.
We find that settlements do not differ significgnégarding the scale of users’ connections.

The Pairwise Pearson correlation co-efficient betwéhe DISTANCE FROM THE
CENTRE and the AVERAGE NUMBER OF CONNECTIONS is pioe and significant.
The AVERAGE NUMBER OF CONNECTIONS takes higher \eduin more distant
settlements. The correlation does not exceed mhie ¢f 0.7 in any of the variable pairs; thus,
the regression models that we introduce later gpeated to be unbiased by multicollinearity
(Table 2).

Table 2 around here

These findings suggest that OSN diffusion and doation-specific average number
of online friends have different spatial charastiées. Enrolment in online social networks
largely depends on the distance from the centregmistant cities have relatively lower rates
of users than larger ones. Meanwhile, once OSNhe=maeven a tiny place far from the centre,
users will likely act and build networks similatly citizens in urban areas; average users have
almost the same number of connections in both akeatid peripheral locations.

However, when examining the spatial structure ef t§s ERRATE and AVERAGE
NUMBER OF CONNECTIONS variables, an interesting mdreenon unfolds: The
landscapes drawn from the two variables are vdifgrdnt. It is evident from the maps that
USERRATE and the AVERAGE NUMBER OF CONNECTIONS haadverse spatial
structures concerning geographical distance frarcéntre (Figure 2).

Figure 2 around here

USERRATE is higher in settlements that are closéhto capital, a finding that is

consistent with the idea we got from the two-wagoagation in Figure 1. The agglomeration

of Budapest stands out from the country (Figure @e) same concerns the settlements along
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the Wien-Budapest highway and the area obrG{Qther locations in Trans-Danubia where
user rate stands out are the surroundings of Lakat® and Pécs (the cultural capital of
Europe in 2010). Regional and education centresg&¥, Debrecen, Nyiregyhaza, Miskolc)
also surpass smaller towns in the Eastern pahteotountry.

On the contrary, despite the growing dispersal ¥ AVERAGE NUMBER OF
CONNECTIONS in peripheral locations, the varialdevisibly higher in settlements far from
Budapest. Put differently, Budapest's agglomerataod the regional centres in the East do
not stand out (Figure 2b). The two locations thatenboth an outstanding USERRATE and
an AVERAGE NUMBER OF CONNECTIONS are the surrourgdirof Gyr (Northwest)
and Pécs (Southwest).

These results imply that the spatial charactegasticOSN diffusion and the average
number of online friends do not coincide necesgafiine might perceive the dual-faced
phenomenon of OSN geographies. First, the diffusibthe online community depends on
the location, particularly the proximity to the ¢ten Second, the average number of online
friends seems to be independent of offline factbosyever, users can be even more active in

building connections in some peripheral locatidremntin the centre.

Spatial autocorrelation analysis —A special supplementary attribute of the previously
mentioned distance-dependence is that the adjapatil objects of the analysis could also
be similar to one another in social and economimge(Tobler 1970). Accordingly, we
assume that neighbouring geographical objects dilpichave a somewhat similar
USERRATE and AVERAGE NUMBER OF CONNECTIONS valueg tirtue of their
relative geographical position. This phenomenon nsapw that virtual space is not

independent of real geographical relationships. Measure spatial statistical similarity:
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whether high values are typically located in nemmng regions or are geographically
dispersed and randomly located. (The questiontiza@ldy the same for low values.)

To explore neighbourhood effects, we examined filsd global autocorrelation
indices of USERRATE and the AVERAGE NUMBER OF CONBIHONS. The indices of
global Moran’s | were calculated with one spatiadight matrix built up from 20 km
threshold distance weights

The Moran’s | value of USERRATE was 0.28; a somedwgmaller but nonetheless
significant positive spatial autocorrelation wasasiwed for the AVERAGE NUMBER OF
CONNECTIONS (see Table 1). Although the outcomethefcalculations are far from strong
and the high absolute values of the results ark d#cisive; there are measurable
neighbourhood effects in the dataset. These neighbod effects are locally rather variant;
however, certain parts of the country are stahigtelred (Figure 3).

Figure 3 around here

The local autocorrelation pattern of USERRATE reflestrong clusters in the
agglomeration zone of Budapest and some smallémldfinitely still observable, clusters of
high values around certain regional centres (Fi@ae The low value clusters are typically
observable in the Southwest and Northeast partth@fcountry. The map of the local
autocorrelation pattern of the AVERAGE NUMBER OF BRECTIONS also reflects
spatial clustering processes; however, there aignificant results for the centre parts of the
country (Figure 3b). A very stable high value cings observable in the Northwest, whereas

low value clusters are again typically located émipheral areas.

3 Settlements without iWiW users were omitted; theme we could not use rook or queen contiguityspatial

weight matrices.
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Regression and spatial regression modelsFwo sets of models were built to test the effect
of the DISTANCE FROM THE CENTRE on USERRATE (Tal3® and the AVERAGE
NUMBER OF CONNECTIONS (Table 4) across 2,426 Huragasettlements.

The estimation strategy was identical regardind lat#pendent variables. First, linear
models were tested using OLS regressions thatdediDISTANCE FROM THE CENTRE
as the explanatory variable and POPULATION, TAXPAE TELECOMMUNICATION
and LIBRARY as the control variables (Model 1). Whethe UNIVERSITY,
REGIONCENTRE, and CITY dummy variables were introgl into the models separately
(Models 2-3-4). Lagrange Multiplier tests were cocied in Models 1-2-3-4 to provide
diagnostics for spatial autocorrelation in the Oteression. Finally, spatial regression
models were developed using maximum likelihood nestion, where the spatial weight
matrix controlled for neighbourhood effects (Mo&¢! For this last model, we chose the one
from previous OLS regressions with the highest Rasg value. Because Robust LM-lag
statistics were not significant in the OLS estimas, spatial error ML regressions were run.
Lambda denotes the coefficient of the spatiallyelated errors.

Spatial error models were developed to demonstinatethe effect of location-specific
control variables remained significantly positiveee after controlling for neighbourhood
effects. Evidently, one cannot expect a significaffiéct of distance in the ML regression
models because the level of DISTANCE FROM THE CEMRTR correlated very strongly
across neighbouring regions.

Table 3 around here
DISTANCE FROM THE CENTRE has a negative and sigaifit coefficient in the

USERRATE models that remains stable even afterrtingethe various control variables
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(Table 3§. This finding indicates as the settlement distaiocBudapest decreases, the share
of iIWIW users among the total population increa3é® result suggests that the diffusion of
the online social network is not independent ofgitgl space, but distance from the central
location has a deterring role in it. Furthermoree tfinding strengthens the underlying
conjecture that offline channels have a very imgdrtrole in the spreading of online
communities. The economic significance of the éffaght stem from distance-related costs
that have been previously associated with commtiaicdLiben-Nowellet al. 2005, Storper
and Venables 2004, Takhteyetval. 2012, Tranos and Nijkamp 2012).
Table 4 around here

The effect of the DISTANCE FROM THE CENTRE on th& BRAGE NUMBER
OF CONNECTIONS is significantly positive, and thieet is very stable through all the
regression models (Table®4\Notably, this finding is not even disturbed by thiL spatial
error model (Model 5 in Table #)This finding suggests that as the distance frioencapital

increases, so does the average of number of friends

* The coefficient of POPULATION and TAXPAYERS becofmigher when settlements without any iWiw
users are included in the regression because tieggg@bservations are very small and underdeveluojfledes.
The coefficient of DISTANCE FROM THE CENTRE remaimsgative but becomes insignificant when all
settlements are included. We do not report themdteein the tables.

® The coefficient of POPULATION and TAXPAYERS becosrieigher when settlements without any iWiw
users are included in the regression because tiess@bservations are very small and underdeveluiflades.
The coefficient of DISTANCE FROM THE CENTRE doed sbange substantially when all settlements are
included. We do not report these results in théetab

® The specification of the spatial error model is without problems; the likelihood ratio tests renea highly
significant. However, we do not aim to perfect Hpatial model in this paper; we only intend to shbet the

effects of the control variables are stable.
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The same set of control variables was used in bges of regression models. The
POPULATION, TAXPAYERS, TELECOMMUNICATION, and LIBRRY variables have a
positive effect in the USERRATE regressions, aridra coefficients are stable (Table 3).
These results accord with the expectation that O&smore widely and actively used in
settlements that are larger, have better econommzitons, have a telecommunications
infrastructure that is more developed and havdtaral life that is stronger than average. We
also find that a relatively higher share of citizeergistered on the OSN is university towns,
region centres, and cities, which suggests thdesetnt structure plays an important role in
OSN diffusion.

The majority of the control variables have a pwsitisignificant and stable effect in
models focusing on the AVERAGE NUMBER OF CONNECTI®NTable 4). However, the
LIBRARY variable loses significance, and neither(RENCENTRE nor CITY affects the
location-specific average of online friendship (Mt 3 and 4 in Table 4). Notably, the
UNIVERSITY variable even has a negative and sigaift co-efficient that remains
significant in the spatial error regression (Mod2land 5 in Table 4). These results confirm
that users had fewer online friends on average niveusity towns, but more online
friendships were established in larger, more dgedcsettlements with better internet access.

To sum up, we found that offline factors that sfyegeographical locations play a
significant role in shaping the diffusion of OSNsdathe average number OSN friends. The
role of geographical locations in community diffusimight be interpreted by explaining the
diffusion of online innovations with offline charnleseand networks. For example, a new OSN
user might hear about the service from their ‘rddé&’ friends. However, the
interconnectedness between the average numbernofections and offline geography is
surprising because the former seemed to be independom the latter in our initial

visualisations (see Figure 1). The coefficientoffline geography variables are significant
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when controlling for several of them simultaneouglpnsequently, the number of network
ties in OSNs might depend on the economic and kscltgaacteristics of spatial environments.
Furthermore, we also found an adverse effect ofdibnce from the centre of the
country on community diffusion and average degfée closer the settlement is to Budapest,
the higher the rate of iWIiW users is. This findsgggests that distance has a decaying effect
on the diffusion of online communities becauseigithbe more time consuming for the OSN
to spread through offline channels and networkdistant places. However, iWiW users in
peripheral locations of the country are more inedlin documenting friendships online than
users in geographical proximity to the capital. sSThatest finding is interesting because it
might indicate that distant users took advantagthefonline communication platform more

than users close to the centre in the phase oW lifecycle when the data were collected.

Discussion

Online social networks have opened new opportumnite empirical research and will likely
account for a growing share of scientific intettbstt aims for a closer understanding of online
communication and human development. In this paperpresented an initial attempt to
establish a geography-related research line inptioisising field of interdisciplinary focus.

We demonstrated here that OSNs are place depeheeatuse offline economic,
social, cultural, and settlement-structure funciazan significantly explain the location-
specific rate of users among the total populatidowever, as soon as individuals have a
profile in the OSN, their online activity might lvery similar, regardless of their settlement
size or internet access. These are the paper’s findings, which are novel contributions to
the literature. In a nutshell, geographical loaatmd cyberspace attributes are simultaneously

present in OSN geographies. This finding may berpreted as a promise that OSNs will
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provide us with new insights into online activitiaad may allow us to go further in the
current “death of distance” debate.

Notably, we also found a controversial effect o tistance from the centre on the
rate of users and the average number of connectidssthe distance from the centre
decreases, the rate of users among the total gapuiacreases. This finding indicates that
distance might play a crucial role in the spreasmine communities. On the contrary, the
average number of documented online friendshigggiser in settlements further away from
the capital. This finding will be the basis of duture research in which the iWiW lifecycle
will be traced on an individual level. A possiblgplthesis to be tested in a subsequent paper
is that users in the centre were more active iud@mnting their online friendship in the early
phases of iIWiIW but became less active as the sewent out of fashion, whereas users in
peripheral areas became relatively more activater lphases. This future line of research will
shed light on the role of user-level similarities@SN diffusion because one can expect that
different dimensions of proximities also affect teatial diffusion of innovation (Boschma,
2005). Extra attention will be given to individualel strategies in networking and the local
cultures of OSN usage as possible threats fordistartion and geographical implementation
(Graham 2010, Grabher and Konig 2012).
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USERRATE

Figure 1: Settlement level association between rtagerand the average number of connections wiphilption size, distance from the centre
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Figure 2a: User rate values, 2008
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Figure 3a: Local autocorrelation pattern of uséz xalues
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Figure 3b: Local autocorrelation pattern of averageber of connections
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Table 1: Variable description

Variable Description N Min Max | Mean St.dev. Moran

Natural logarithm of rate of iWiW users L

1 | USERRATE among the population 2,426 0.548 5.896 2.882 0.486 0.280
Natural logarithm of the total number of

2 é\g’z\m;(é%gw\gBER OF iWiW connections over total number of 2,426 0 7.498 4.903 0.271 0.187
iWiW users

3 | POPULATION Natural logarithm of the total population 2,426 2 14.342 7.215 1171 0.282

DISTANCE FROM THE | Natural logarithm of distance measured by N N

4 CENTRE km on the road from Budapest 2,426 0 5.913 5.005 0.578 0.950

5 | TAXPAYERS Eg;ilg';iga;‘pay'”g citizens among the totall , 4o6| 15097 61070 40096  7.251 0.449
Standardised average of internet, cable

6 | TELECOMMUNICATION | television, telephone main lines (ISDN 2,426 -1.534 3.247 0.081 0.615 0.529
included), and cell phone subscriptions
Rate of library users among the total L A b

7 | LIBRARY population 2,426 0 71.748 8.366 9.728 0.1p8
Dummy variable taking a value of 1 if the

8 | UNIVERSITY settlement accounts for a university 2,426 0 1 0.018 0.13p -0.001
department
Dummy variable taking a value of 1 if the 4

9 | REGIONCENTRE settlement is the centre of its subregion. 2,426 0 L 0.072 0.258 -0.019
Dummy variable taking a value of 1 if the d

10| CITY settlement is administratively a city 2,426 0 L 0.128 0.331 0.042

Notes: Global Moran Indices were calculated byapplication of 20 km threshold distance weights.
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Table 2: Pairwise Pearson correlation values dbibes

1 2 3 4 5 6 7 8 9
USERRATE 1

AERACENNBEROF 2| oa2

POPULATION 3 0.393  0.022

E:ESJTAQEE FROM THE 4 -0.344 0191 -0.319

TAXPAYERS 5 0569 0.214 0.131 -0.272

TELECOMMUNICATION 6 0.528 0.150 0.149 -0.406 0.677

LIBRARY 7 0.172 0.011 0.321 -0.047 -0.003 -0.021

UNIVERSITY 8 0.238 0.034 0415 -0.066 0121 0209 0.128
REGIONCENTRE 9 0.384 0.083 0564 -0.048 0.167 0.186 0232 0.464

CITY 10 0381 0077 0582 -0.101 0124 0108 0250 0.149 0.618

Note * denotes statistical significance at the 1% leve
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Table 3: Regression models for USERRATE

ML
oLs OoLS oLs OoLS Spatial Error

[1] (2] [3] [4] [5]

DISTANCE FROM THE 0057 ™ 0061 ™ -0.000 ™ -0078 -0.050
CENTRE

(-4.04) (-4.27) (-6.23) (-5.55) (-1.54)
POPULATION 0.108 0.103 0.065 0.059 0.060
(15.70) (13.60) (8.07) (7.40) (7.28)
TAXPAYERS 0.024 0.025 0.024 0.024 0.026
(18.35) (18.42) (18.32) (18.34) (19.17)
TELECOMMUNICATION  ©-169 0.160 0.146 0.161 0.146
(10.07) (9.54) (8.81) (9.83) (8.23)
LIBRARY 0.004 0.004 0.004 0.004 0.004
(5.70) (5.70) (5.12) (4.92) (5.78)
UNIVERSITY 0.107
(1.79)
REGIONCENTRE 0.331
(9.57)
CITY 0.297 0.273
(11.18) (11.10)
LAMBDA 0.720
(20.31)
CONS 1.344 1.396 1.815 1.788 1.578
(12.27) (12.32) (15.23) (15.63) (-7.88)
N 2,426 2,426 2,426 2,426 2,426
R 0.47 0.47 0.48 0.49 0.57
F test 41935 ™ 35192 ™ 37798 ™ 38857
VIF 1.51 1.53 1.64 1.62
Robust LM-Error 674.12 ™ 67738 7 688.24 7 62793
Robust LM-Lag 2.06 1.98 0.12 1.02e-5
LR-Error 341.64 ok

Notes: OLS regression models use the Huber-Whitmason method, whereas the spatial error modektgmated using a maximum
likelihood estimator. t-statistics are reportecparentheses beneath the coefficients in OLS mdtigslels 1-4), whereas the z-values
are reported for spatial error models (Model 5%, **, and * denote statistical significance at th&, 5%, and 10% levels, respectively.
F tests assess the null hypothesis that all césfifis are zero. The spatial weight matrix is bame@0 km threshold distance weights.
Because LM-Lag and LM-Error statistics are both higiignificant, we report only Robust LM-Lag and RebuM-Error statistics.
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Table 4: Regression models for AVERAGE NUMBER OFNIMECTIONS

ML
oLS OoLS oLs oLS Spatial Error

[1] [2] (3] [4] [5]
DISTANCE FROM THE 0.152 0.155 ™ 0.153 ™ 0150 0.145

CENTRE (14.99) (15.10) (14.65) (14.67) (6.58)
POPULATION 0.018 0.022 0.019 0.013 0.037
(3.68) (4.10) (3.24) (2.22) (6.54)
TAXPAYERS 0.007 0.007 0.007 0.007 0.006
(7.74) (7.64) (7.74) (7.65) (6.16)
TELECOMMUNICATION  ©-060 0.064 0.060 0.059 0.054
(5.03) (5.29) (5.03) (4.99) (4.11)
LIBRARY 1.129e-4 1.138e-4 1.246e-4 4.125e-5 4.343e-5
(0.20) (0.20) (0.22) (0.07) (0.07)
UNIVERSITY -0.077 -0.098
(-1.81) (-2.47)
REGIONCENTRE -0.007
(-0.30)
CITY 0.030
(1.57)
LAMBDA 0.523
(10.54)
CONS 3.706 3.668 3.690 3.753 3.648
(47.61) (45.53) (43.16) (45.07) (28.19)
N 2,426 2,426 2,426 2,426 2,426
R 0.13 0.13 0.13 0.13 0.22
F test 70.36 59.23 ™ 58.63 ™ 59.08
VIF 1.51 1.53 1.64 1.62
Robust LM-Error 101.05 ** 106.17 7 102.17 ™ 9762
Robust LM-Lag 2.24 1.86 2.07 2.66
LR-Error 225 50

Notes: OLS regression models use Huber-White eStimanethod, while Spatial error model is estimatisthg Maximum-likelihood
estimator. t-statistics are reported in parenthéseeath coefficients in OLS models (Model 1-4heveas z-values are reported for
spatial error models (Model 5). ***, ** and * detestatistical significance at the 1%, 5%, and 169&ls, respectively. F test assesses
the null hypothesis that all coefficients are zérbe spatial weight matrix is based on 20 km thoshdistance weights. Because LM-
Lag and LM-Error statistics are both highly sigcéint, we report only Robust LM-Lag and Robust LM-Estatistics.

34



