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ABSTRACT
To develop an understaing of the factors that may impact on international
e-business and-marketing, this research examines the16f ecommerceNeb
sites in a sample of nineountries of diverse cultures and at different stages of
national development, to determine the akte which the forces of localization
and globalization ar e i andkhoieesnaanking consu
e-commerceWeb sites in these countries. Preliminary results show evidence of
variation among these ranking lisigresumablybecause ofregional cultural
preferenceslocal demandsand language differenseThereis alsoevidence of
some common characteristicsamong thse lists because ofthe globaliing
influence of the InternetThe implications of thee findings for international
e-marketingarediscussed.

Keywords: e-commerce, anarketing, Web site ranking, topl00 Web sites,
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1. INTRODUCTION

The number of Internet users has increasedhdreally in the last few years.
Table 1, from the Internétorld StatisticsWeb site(Internetworldstats 2@),
w 0 expedediced aospelctacylaear30@p ul at i o
growth during the period 200Q007. The largest growths are outside North
Americai in the Middle East, Africa, Latin Amer@ and Asia In fact the
largest online group, Asia, represen&arly38% of theworld total. The Internet
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developed nations. Therefore, anpusinesses operating on timernet have a
growing international presence and cannot igribedr global marketing image.
The question of how local culture and glolmluence of ecommercemay shape
C U st oWebsiteschoicebehavior is something that requires careful attention.

Table 1L World Internet Statistics (Estimates asf March 2008)

World Population % World Number of Penetra | % %

Region Popula Internet tion (% World | Growth
tion Users of Pop.) | Use (2000

2007)

Africa 955,206,348 143 51,022,400 5.3 3.6 1,030.2

Asia 3,776,181,949 56.6 | 530,153,451 14.0 375 363.4

Europe 800,401,065 12.0| 384,332,394 48.0 27.2 265.7

Middle 197,090,443 3.0 41,939,200 21.3 3.0 1,176.8

East

North 337,167,248 51 247,637,606 73.4 17.5 129.1

America

Latin 576091,673 8.6 137,200,309 23.8 9.7 659.3

America

Austra 33,981,562 0.5 20,204,292 59.5 1.4 165.1

lasia/

Pacific

WORLD

TOTAL 6,676,120,28 100 | 1,412,489,652 212| 100 291.3
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Because of its global presences@nmerce provides a fruitful area tudy
a phenomenon that has attracted a great deahterest among marketing
researchers. The aim of this research is to investigate the relationship between
local or national culture and the global influence @oenmerce in cyberspace.

In particular, tle present paper focuses on examining whether theatiging

Web sites from countries of diverse culture and at different stages of their
national development exhibit any different pattern in consumer preferences that
may be attributed to the influencelo€al cultures.

In a recent paper, Land Martinez Santa CruZ2007 examined the
localization effect from a very different point of view. Theé¥égb site lists were
chosen fr om-sipregu if dtci cide t Yebaitespasiginatdde r e t h
Thisrepree nt s a fdApr ovi de Websife eanking lests, tbecause f or
the lists are based on the language used byéisite providers.

In the current study, we chose the website ranking lists based on the
consumer8 choice from all available -businesssites regardless of which
language the sites are in and from which country they originate. Theltiioris
a fconsumer 0 per s\Wabste rankieg listsnFurthermoeectihei ng t |
previous paper exami newherdashisstuiyfocues ent s 0
on the similarities/differences of the ranking lists themseked noton the
content or function of the sitelt is our belief that this approach may provide a
rich source of information for the current investigation.

The purpose of ik study thereforejs to seek clarification fathe effect of
localization on international-eommerceby examining the leadinyVeb sites
from different countri es, whethertmereish e con
evidence of cultural variation and/oghlization influence.

The specific research questions that will be considered in this study are:

1 Do the toprankingWebsite lists from different countries exhibit any

o different characteristics?

0 common characteristics?
If there are differences, can thdmerelated to local or regional culture?
If there are commonalities;an theybe attributed to the globalization
influence incyberspace
Do these differences/commonalities vary according to the size of the
ranking list? If so, what does this mean?
What lessons can one learn from these observations in relation to
international marketing for-Business?

=A =4 a1

The remainder of this paper is organized into four sections. The next
section, Section 2, providea background and rationale for this study by
examining he body of relevant literatures. This is followed by Section 3, which
describes the methods used in this research. It describes both the source of data
and the computational procedures used in arriving at the results. Section 4
presents the resultand Section 5 discusses the results and their implications.
The paper concludegith commenton possible future research directions.
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2. BACKGROUND OF STUDY

Culture is an important consideration in international business and particularly in
international ebusihess. Leung, Bhagat, Buchan, Eramd Gibson [2005]
broadly definenational cultureas the valuesbeliefs, norms, and behavioral
patterns of a national group, which they batiavill influence the decision and
behavior pattern of consumers in differenttd the world as thgroups engage

in international ebusiness. Traditionally marketing research has adapted
overwhel mingly a dichotomization approa
| ocal i z a t[JoysanddValtbredtyfhOB6e Bin, ChenandSun, 2003; Singh,
Furrer and Ostinellj 2004. The main assumption is that in a less developed
economy, consumers would adopt one of two mutually exclusive positions
either they would remain traditional, preferring advertisements that match local
culture, or they would embrace the dominant culture of the day, preferring
advertisements that promote global culture. The former would favor a local
marketing strategy, wdreasthe later would favor a globamarketing strategy.
However, the findings of more ratestudies are mixefChang, Wong, and Koh
2003; Zhou and Bel]k2004, and the reality is more complex than this simple
dichotomy.

Globalization brings different cultures into close interaction. The result is
that both culture homogenization and cultdramentation are occurring at the
same time. On the one hand, because of the presence of global brands, there
emerges a global consumer cultumereinconsumers from different countries
share the same consumption meaning, value, and belAli@n, Stenkamp
and Batra, 1999 On the other hand, localization occurs as soon as foreign
consumer objects are brought in for local consumptiblannerz, 1989;
Yoshimoto, 1989; Chau, Cole, Massey, Montdyaiss andO 6 K e, 20DZ The
intersection of global comodities and local consumption culture results in
culture fragmentation. The fragmentation manifests in music, food, media
content etc.[Appadurai, 199D

With respect to the globalization influence eE@mmerce, there are two
opposing points of view amg scholars. Some argue that the dominance of
transnational €ommerce giantshave created a converging trend of
standardization iWWeb communication and/eb content$Singh, ZhapandHu,

2003; Singh, Furreand Ostinelli, 2004. Others argue that thers evidence of
cultural sensitivity in thematic appearance, contents, interactivity, and consumer
trust behaviofSagi Carayannis, Dasguptand Thomas 2004 Lo and Gong

2005 andWurtz, 2005. Therefore Web site localization is critical to business
swceess. Although some recent studies appear to lean toward the latter, the issue
is by no means closed.
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This is not too dissimilar to the dichotomized debate in international
advertising whereon the one hand, marketing scholars argue, thader the
standrdization approach, the globalization process will absorb different national
cultures andneld theminto a global consumer culture. On the other hand, some
scholars argue that theig clear evidence that localization forces shaped by
national/regional dture are at work in international marketing, thus resulting in
a diverging influenc¢Joy and Wallendorf1994. More recently, scholars began
to realize that consumer preference may be a bit more complex than a simple
dichotomy. In a transitional economgonsumers may apply a varietf
approachessuch as different cultural interpretive strategies andreédfencing,
to absorb global images into their cultural and consumption schidoray, Li,
andBelk, 2007. Therefore homogenization and heterogestibn may occur at
the same time. This is sometimes referred tol@salization

Researchers have now come to the realization that traditionalism and
modernity are not mutually exclusiy&mith and Bond1998]. The globalization
of production, capital, ah t he medi a only | eads to
consumer culture. In fact, globalizing forces are reinvigorating traditional culture
in many regions of the world, where there is a solid history of national cultural
characteristics. Instead of movingnotonically toward globalization, a national
culture converges and diverges to redefine what is meaningful to that nation and
its people for that gentime [Leung et al.2005. The forces at work are not just
unidirectiona) but arealso multidirectiond Several interesting studi¢ghang,
Zheng and Wang, 2003 Chang, Wong and Koh, 2003 found that Chinese
people endorse both traditional and modern values. Therdiotd values
coexist in contemporary Chinese advertididgangandShavitt 2003; Zha and
Belk, 2004.

Although the studies mentioned above were conducted miairdysingle
country we believethat this phenomenon of glocalization is applicable to other
national groups. This leads us to the current study. Furthermore, irstead
looking at traditional international marketing activities, we propose to examine
Web-based international-leusiness. One way tstudy this is to examine how
consumer groups in different countries view thbusinessWeb sites on the
Internet. Do they prefer to visthose ebusiness sites that reflect their own
traditional and/or unique cultural values or do they go for the glebahenerce
giants whose bramsdhey recognize?

Presumably their Web-site-browsing behavior patterns will tell us
something about thepreferences. Therefari is proposed that we examine the
top-ranking ebusinessWeb site lists in a selection of different countridsis
hoped thathe sites included in their top 100 list amigde rank orderin which
they appear will tell us somethig about the consumer so
remainder of this paper will proceed to describe how we go about comparing the
top 100 ebusinessVebsite lists from different countries.

\olume 3, Number 3, June 2008
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3. METHODS

The main task of thisstudy involves the comparison @ieb site ranking lists

from different countries to discover commonalities and differences among the
lists. This section will describe vith lists were chosen for our analysis and how
we perfornedthe comparison.

3.1. Source of Data

There are many ranking list piders for ebusinessWeb sites, using a
variety of methods to rank the sites. Tablgr@vides a ample of different
ranking providers

Table 2 Some WebSite Ranking Providers

Alexalnternet, Inc http://www.alexacom
100BestWebsitehttp://www.100bestwebsites.qrg

BtoBOnline NetMarketing 100ttp://www.btobonline.com/netMarketing200/2003
ComScore Méd Metrix, http://www.comScore.cgm

Nielsen http://www.nielsemetratings.com

PC Magazinehttp://www.pcmag.com/article2/0,1759,1554010,00.asp
Ranking.conhttp://www.ranking.com

T i métfpF/www.time.com/time/2005/websites
Websearchhttp://www.websearch.cam
Web100http://www.web100.com

World Hottest Sitesittp://www.worldhot.com

The different ranking methods basicallgllf into three categoriesas
described belowFor a more complete description, see the papetdyand
Sedhein]2004.

a. Activity -based criteria, also known as usagdmsed or traffidbased
ranking, are probably the best known and most researched among the
three.This methods usually regarded as the most objective. Hafeb
sites are ranked according to #@ume of activitythat tkes place on
the site. The site that attracts the most traffic or has the highedier
of user visits would rank at thegoThe more discerning readers will
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recognize that t he( cronfidgdptiosnteahs a A si
simple.It may be defined in terms of a number of different meanings:

reach, frequency, durationor a variation n any of these or a
combination tiereof The reader is referred two earlierpapes [Lee
andLeckenby 1998 andLo andSedheim200§ for a fuller discussion

on these issues. Ranking providers that claim to use this criterion
include Alexa, comScore Media Metris, Nielsen NetRatings,
Rarking.com, and Websearch.

b. Referencebased criteriarank aWeb site according to how frequently
that site was cited by another in relation to a given search topic.
Presumably the more frequently a site is cited by other sites,
particularly sites that anegarded as authorities on the subject matter,
the more important that link will be weighted. The Google pamgd
method is probably the best known among this group of methods.

c. Opinion-based criteriause the opinion of a panel of judges to rank the
list of Web sites. The resulting rankings thus depend on the subjective
judgment and preferences of the panel members. In a, sdinsaking
methods, including the traffibased ones, rely on a panel of judges
becausegin the trafficbased criteria, an Inteehsurfer decides to visit a
Website or not. But what distinguishes opinibased criteria from the
others is their explicit dependence on the subjective opinions of the
judges, with little or no regard for objective statistics. It is not
surprising to find that opiniorbased ranking lists may be very different
from traffic-based lists. Among ranking providers cited above, the
following may be classified in this categorfime&d s 50 Web ol est
sites,PC Magaziné s t oWeb site@, 00BestWeb sites, Wor d & s
hottest sites, and Web100.

In this study we base our analyses on ranking lists provided by
www.Alexa.com [Alexa, 2007. Alexa is chosen for several reasons. It is
well-knowmnand wuses the mebasedor erhe taVebaite fia m a f f
ranking. Al exabs parent company i s Am
well-known andreliable company. Alexa data are free, and are widely available.

The Alexa toolbar has a large installed base of users. The Alexa data are
constantly pdated.

Once it has been decided which ranking provider to use, the next question
is: Which countriesdéd site ranking dat a
our objective is to examine differences and commonalities among\Wessite
ranking lists,it would make sense to include a collection of cdastthat have
varied cultural backgrounds and are at different stages of national development.

In this studywe included the following nine countries

\olume 3, Number 3, June 2008
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USA Pakistan Indonesia
Mexico France Germany
India Japan China

The USA, France, and Germany are chosen to be representative of the
Western culture, buwith differentlanguages. Indonesia and Pakistan are chosen
because of their Islamic heritage. India and Pakistan are chosen because of their
common Indasubcontinent culture angecause both argrongly influenced by
Britain and the English language. Mexico represents the Latin American group,
wherea<China and Jagn represent thiéast Asian cultureThe ranking lists were
collected around Septdrar 7, 2007. It is recognized thafteb site rankingsare
not static and may change. For the current analysis, we take a snapshot. The
phenomenon of ranking changes over time will be the subject of a future
investigation

In addition to thenine lists of tq-100 ebusinessNeb sites in these nine
countries, we also coll ed00®dbsiteh By dat a
global we mean the tef00 most visitedVeb sites overallregardlesf from
which country theeonsumergome T h e i g | -400 Astwil bet used as the
freferencé f r om whi ¢ h magbe tomparedi msave gpacHabke t
3 shows just the topl0 Web sites for the ten lists mentioned abow@né
countries plus global). The full tofd00 lists are available from the authors by
request. InTable3,GL ref er s t @ taddesthefstgndasdocauntry!| i st
domain codeareusel for each of thaninecountries.

3.2. Computational Details

To investigate the differences (or similariti€gtween two rankrder lists,
we proposea threestage approach similar to that used in a previous paper to
compare ranking providerdio and Sedheim, 2006]. These three stages are
progressively more discriminating in characterizing the differences.

(1) Membership Commonality (m)T Here, we computthe percentage of
common membership between two lists of the same size. For example,
the question we ask is this: Among the-&ipWeb sites from the two
countries, how many of them are common to both lists? Suppose 10 out
of the top20 sites from one cairy are also among the t@® sites in
another country. The value of m=50% or 0.5; that is, half oi\\feé
sites in each list are the same. The higher this number, the more
commonalitybetweerthe two lists. If m=1, this means the twodiste
identical implying that consumers from the two countries from which
the ranking lists were based agree on whidiuginess sites should be
included among the tep ranking list.In other words, the consumers in

International Journal of Business and Information



Lo and Kao 9
Table 3. The Top-10 E-Business WelSitesfrom Ten Countries
(As of Septmber2007)

R* GL us MX IN PK

1 | yahoo.com yahoo.com google.com.mx yahoo.com yahoo.com

2 | msn.com google.com live.com google.co.in google.com.pk

3 | google.com myspace.com | msn.com orkut.com orkut.com

4 | youtube.com youtube.com | youtube.com google.com msn.com

5 | live.com facebook.com | yahoo.com rediff.com google.com

6 | myspace.com msn.caon metroflog.com youtube.com live.com

7 | orkut.com ebay.com hi5.com blogger.com facebook.com

8 | baidu.com live.com myspace.com msh.com youtube.com

9 | wikipedia.org wikipedia.org | google.com live.com rapidshare.com

10 | facebook.com craigslist.org | mercadolibre.com.mx | rapidshare.com| wikipedia.org

R* DE FR 1D JP CN

1 | google.de google.fr yahoo.com yahoo.co.jp baidu.com

2 | ebay.de skyrock.com | friendster.com google.co.jp gg.com

3 | google.com msn.com google.co.id fc2.com sina.com.cn

4 | yahoo.com yahoo.com google.com mixi.jp sohu.com

5 | youtube.com live.com blogger.com youtube.com 163.com

6 | wikipedia.org free.fr rapidshare.com rakuten.co.jp taobao.com

7 | gmx.net google.com multiply.com livedoor.com google.cn

8 | studverzeichnis.co | dailymotion.com| youtube.com nicovideo.jp yahoo.com.cn

9 | myspace.com youtube.com | kaskus.us wikipedia.org tom.com

10 | msn.com ebay.fr msncom google.com eastmoney.com
R* = Rank
the two countries exhibit sihar choice and preference behaviors with
respect tae-businessNeb site ranking.On the other handf m=0, the
two lists hae nothing in common, implying that consumers from the
two countries completely disagree on their choice of thentoginking
Websites It should be pointed out that we did not just com@ugingle
value ofm. In order to observe the similarity and diversity pattern, we
compute a value ahfor lists of differentsizesn, where = 1 , 2,
100 thatisanmvial ue 6 f oea fetaic hiThemefore weh
have a total of 100 m values. What we did was cdculate the
membership commonality as a function of the size of Web site
ranking list.

(2)Kendal 6 £o Ra ak a ii iThensecgnd Jnetric extracts the

Acommono | ists
countries,and then computet h e

f rom t h thetwoaliffédeentn g
Kendal 6s tau,
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coefficient[Daniel 197§ for the two common lists. Even thougheth
membership of the common list from country 1 may be the sentieat
of country 2, the rarikg of their Web sites may still differ. For
example, let us consider the common litthe U.S. and Mexico when
the list size n=3. For illustration purpaséet us saythat, for the U.S,,
the top3 sitesare Yahoo, Google, and MSNyut the top3 sites for
Mexico are Yahoo, MSN, and Googldn this casethe membefsips
are the sameyet the ranksof the sitesare different. So & can easily
comput e t Hhae forKieenvidbdidtsdith the standard formula
[Wikipedia, 2007.

U = {4B}i1 [n(n
where,P is the number of concordant pairs, whiles the
number of items in thiwvo lists.

In their paper Lo and Sedheirf200q also compute the Speaarm e r

rank correlation coefficient,ud no new information was gained by that
computation. So we samdignbre rbanlthg c o mpu
present study. Again, we did not <col
in fact computd a tau value for edcpair of lists of sizen=1, 2, 3,.,

Nmaxcom WHEre Nmaxcom IS the maximum number of common members

between the two lists from the two countries. For example, for the US

top-100 list and the Mexico tep00 list, Nmaxcom = 39 that is, they

contain 39 webites common to both list§.o recap, w note that the
membership commonalityn) simply measures whether two lists

contain the same set ¥febs i t e s, but (e, Kwhdahos
more discriminatingmeasurs to what degree the rank orders tbe

elemensin the two lists are similar.

Rank Discordambe fndak Mme)jric delta
amount of discordance between the two common lists. It is ctddula

as a normalized value of the actual sum of squares of the rank
differences between the two common lists. This is a new measure that

was introduced by Lo and SedheigD0q. Readers are referred to that

paper for computational details. For ease of ezfee, we shall call this

the ARank Di s c o,rfodshorty vehichwill becderioted( R D |

by the symbol deltap. C o nwitlathedweb previous metrics, this is
anevenmor e discriminating measur e. Tau
order of the listsbutd e | t a, ®, actually takes in
differences between the two common lists with respecteaootiginal

rank positions of th&Veb sites in the countrpased listsEven though

International Journal of Business and Information
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the rank order of a pair of sites may be the sdh®r rank positions in
the original countrsbased ranking lists may still diffeThe value of
delta o for lists of siz n, may be computed by the form{ilao and

Sedheim 20084:

D=K (2 i nmaxcorAn) 5:1.. nmaxcom(rjl - rj2)2/ [n(nz'l)]

where K is a constant, andacomiS the number of common members
between the two lists of sizg rj; is the rank of sitg in the original
country 1 list, wiereasrj, is the rank of sitg (remember this site is
common to both lists) in the original country 2 list. The actual value
that was calculated ,ign fact, 2K and not just the delta, since we do
not really know the exact Mae of the constarK. Again, instead of
computing just one value of del(B), we compute ® value for each
pair of lists of sizen=1 , 2 Nmaxcam, WheeNmaxcomiS the maximum
number of common members between the two cotbdped lists.

4. RESULTS

In this section, we present the results of our analyses. Since we performed three
sets of analyses, weesent the computational outcomes in three subsections.

4.1. Membership Commonality (m) Results
Table 4 gives the @ memb ethestdplOpWeb o mmo n a
sites from the global ranking listslus the listgor theninecountries.

Table 4. Membership Commonality Matrix for the 10 Ranking Lists
Gl us mx In pk de fr id ip cn
gl 1.00 041 041 031 031 030 0.28 0.28 0.19 0.20
us 1.00 039 033 035 0.27 022 031 0.16 0.08
mx 1.00 0.26 0.29 0.27 025 0.29 0.16 0.08
In 1.00 046 0.20 0.19 0.26 0.12 0.10
pk 1.00 0.22 020 0.34 0.13 0.09
de 1.00 0.19 0.22 0.12 0.08
fr 1.00 0.18 0.13 0.08
id 1.00 0.12 0.08
ip 1.00 0.08
cn 1.00

\olume 3, Number 3, June 2008
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The interpretation of this table is as follawsake for example the
intersection othe second row (US) with the third column ¥, which contains
the numbel0.39. This meanshat, out of the topl00 website ses,the US and
Mexico hare 39 of them in common between the two lists.
As mentioned earlier, we computed the valuemdbr lists of all different
sizes n, wheren ranges 1 to 100. This means tHfat each pair of countries, we
computel anm value foreveryn value, resulting in 100 such values. Including
the fglobal o |ist, ther'C,=a4bsuchpairtBatt al of
for eachpair of countriesthere are 100 points. Therefpthere area total of
4,500 suchmvalues. To makéhem more comprehensibleevshall present the
results graphically, plotting thervalue as a function af. Figure 1 showshe
nnecur ves, pairing up the f#fAgl obahed | i st
countries.

Figure 1: Membership Commonality for Gl Pairing with Others
1.00

0.90 +
0.80
0.70 -
0.60
0.50
0.40 +—
0.30
0.20
0.10
0.00 -

commonality

no of wehsites (n)

Note that all nine curves exhibitsome common featurds they peak at
aroundn = 5 ton =20, andthatthey all approach somgsymptoticvalues as
getlarger.The curves also bundhto three groups: US and Mexico fall into one
group approaching the value mf= 0.4 whem is large, wiereasindia, Pakistan,
Germany, and France fall into a second group approaching the vatue 6f3
whenn is large, and Japan and China falflo a third group approaching the
value ofm= 0.2 whem is large. These three groups roughly correspond to what
we may r e fMNorth American group h elhdé&Eufopean group and
t h eastAda groum respectively.
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The most unexpectagsulti s p r o b a b-Euyopetarhgeoupfi | Thod os e e
whetherthis observation is real, we also present the membershimonoaiity
graph using Germany (instead of GL)aseference point for compaon with
the other countries. This is shown in Figure 2

Figure 2: Membership Commonality DE with Others
0.70

0.60 A A — le-us
0.50 +—

— =T X

0.40 - \WAYY V- de-in
o0 %W — e
i ~ T —

0.20 e (2T

commonality

0.10 +

—— de-id

0.00 —+
0 20 40 60 80 100

de-jp
de-cn

no of websites {n)

Again, this graphs shows, particularly when the valueisflarge, the three
groupings of countries; i.e., the Nofmerican group of US and Mexico; the
Indo-European group of India, Pakistan, and France (Germany is not graphed
here as it makes no sense to correlate with itself); and the East Asian group of
Japan and China. For this reason, we feel that the obserttednpaay be
considered real.

A natural question is whether the second grougoaf countries (India,
Pakistan, Germany, and France) are indeed a single groupindiether there
aresubgroupings.The iesultsof comparing India with the other three catigs
are shown in Figure 3. Not surprisingly, India and Pakistan seem to have a lot
more in commorwith each othethan with the other three countriddote the
substantially higher asymptotic-value (close to 0.5) between India and Pakistan
Not so obwous is the Indidndonesiacommonalitycurve, which seems also to
have a slighter higher value than thaga~rance or Germany. This provides a
finer subdivisionof India and Pakistan, versus German and France, with respect
to Website ranking patterns.

Thus far, we have been looking at the question of the degree to which the
Web site ranking lists from two different countries share common memberships.
As pointed out earlier, even if two lists have common memberships, the rank
order of each site within eadist may still differ. So, we need to perform a more
discriminating analysis and determine to what degree the rank orders in the two
lists are in agreement (not just the membership). This brings us to the next set of
analyses.

\olume 3, Number 3, June 2008



14

Variation in CountryBasedRankingListsAmong
Consumes Ghoices of Top ££omnerce Welstes

1.00
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4.2. Rank Correlation ( (Results

We use t he

Kendal () dosmeaswmentke degoee ofe | at i

similarity in rank order between the two ranking lists from the two countries. The

guestion we ask here fhis:

Supposehe ranking list from country 1 and the

ranking list flom country 2 havenaxcomWebsites in common, how does the rank
order in list 1 correlate witthe rank order in list 2? lather word, whatwe are
examiningis: To what extentlo the two sets of rank orders correspond to each

other?
We present the reguls

in four graphs. I n each ca

ranking list with a list from another counirgo, there will be a total ohine

curves.

In the first graph, Figure 4, we diagram the tau values for thé&JSland
GL-MX correlations. The two courigs, US and Mexicoare grouped together
because their curves dikely to behavior rather similarlyn Figure 4, we also

include the value ol *whichi s

t he critical .Ivthd ue of

computed tau statistic is greater than this critieabie, U*, then we cannot rule
out the fact that the two rank order lists are significantly correlated. In Figure 4,
this meanghat, for lists larger than about 15, there apsetar be a significant

correlation between the US and MX ranking lists witathii gl obal o | i

st.

words, when the rank order list is large enough, some of the betten kivety
sites begin toihd their respective positions in both counbgsed lists.
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Figure 4: Kendall tau rank correlation GL with US & MX
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Figure 5 presents the results for the correlation of the global listlists

from three other countries: India, Pakistan, and Indonesia. These three are
grouped together becayse the previous section, there are suggestions thgt the
may exhibit similar preference patterns. The relationship between India and
Pakistan is bvious as they have a common British connection, and in fact were

originally one country, before splitting up intwo countries (on@redominantly

Islamic and the othepredominantly Hindu The relationship with Indonesia,
another Islamic country, is leobvious. Perhaps the common factor here is the
dominance of the English language in these countries. Figure 5 shows that all

three curves cross the (significant threshold) curve at around= 15, as in the

case of Figure 4 faheUS andMexico

Figure 5: Kendall tau rank correlation - GL with IN, PK & ID
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Figure 6 showsthe correlation between the global lsstdthe two ranking
lists from the two European countrjgSermany and Franc&hese two curves
cross the significant threshold (tau*) curve much eariryundn = 10.

Figure 6: Kendall tau rank correlation - GL with DE & FR
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Figure 7 presents the results for Ken
with that of Japan and China. The Japan and China tau curves never quite cross
the critical valueihe U * . This probably means that t
forces at work, culturally or otherwise, so that the rank list preferences from
these two countries are sufficiently di
probably reasonable to say that taeking lists from China and Japan exhibit a
significantly different pattern than those from the other seven countries.

100 Figure 7: Kendall tau rank correlation - GL with JP & CN
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4.3, Rank Discordance Index( gResults

The final analysis is concerned with the discordance between rank orders
among ranking listfrom different countries. Here, we take into consideration the
distance between the rank differences of the original hstd not just their rank
order The computationesults are presented in Figures 8, 9, and 10.

Figure 8 gives the rank discordanawlices for the global list with the
ranking lists fronthe US and Mexicolt is interesting tdoserve that the Mexico
curve contains a single mode, evhaghe US curve contains at least two modes,
one at n=3 and theotheraround n = 10 dssumingthe fluctuation around the
second mode isandom noises at this time

Figure 8: Rank Discordance Index - GL with US & MX
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In Figure 9the discordance values fortfiee i | rREHwor opeand countr
India, Pakistan, Germany, France, and Indonésare much larger than the
corresponding values fahe US andMexico. One possible explanation may be
that, in the Alexa data, the global ranking $isire weighted heavily toward US or
North American consumers with the Alexa tdalr, resulting in less discordance
between the global and US#Mico lists. Another obswation is that the
multimodal behavior in Figure 9 is even more pronouncidis probably
indicates that the competition for the top few ranking positions is particularly
sensitive to countro-country variations, resulting in a greater discrepancy in
fank discordance0 abdthoseferethisseét bf eourdrieso b a | [ i s

Figure 10 displays the discordance values for the global list with those of
Japan and China. They also show a similar pattern as in the other cases. However,

a much higher disedance is observed, which also occurs at a much earlier stage,
signifying a stronger localization effect.
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Figure 9: Rank Discordance Index - GL with IN, PK, DE, FR
&ID
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Figure 10: Rank Discordance Index - GL with JP & CN
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5. DISCUSSION OF THE FINDINGS

In this researchwe examine the teft00 ranking lists of dusinessWeb sites

from nine countries and compatbemwith the global togl00 list. The purpose

is to determine whether we can observe any cotb#sged differenceemongthe
consumer sé pref er enc eeasbusinessWeb Isiees. rThe c hoi c e
motivation behind this investigation emanates from thebajization and

localization debate imternationalimarketing.

The data used for this analysis are trafffisedWeb site ranking lists
obtained from Alexa.com. It is recognized tlthese Web site ranking lists
contain noise because site visit statissicare collectedrom uses who had
voluntarily installed the Alexa tool bar on their browsdrsey donot represent
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the entire online population oflrisiness consumerAs pointedout earlier, even

the concept of fsite vrelbased snaybesubjestiioi ¢ h t
sever al interpretations. The Alssexa dat
Section 3.1). They do not give us any indications ch e fvisiefpreeaguency 0
or fi s t idiménsion.Arsothay limitationwe wish to acknowledges that

Web site traffic dataepresentgust part of(and not necessarily the whole tifip

e-commerce consumers o hrowisimyebehaviors. Neverthelesse believe

that the datahere may still be useful forthe currentanalysis provided we

interpret hefindings with caution.

The metrics that we used in this research to measure the differences (or
similarities) betweeMeb site ranking lists are based on an earlier wadkand
Sedheim2004, which was originally intended for investigating the relipiof
rank list providers. Three metrics were used to explore (a) membership
commonality, (b) rank correlation, and (c) rank discordancd&/etf site ranking
lists from different countriesThe assumption is thdifferences (or similarities)
between thes | i st s tell us something about
countries.

5.1. Discussion onMembership Commonality Results

A closer examination of thmembership commonalityatrix in Table 4
shows some interesting patteriVe modify the matrix in Take 4 and present it
herein Table 5 to include just the nine countries. We round up (or truncate) the
cell values to exaggeratieeir differences and similarities

Table 5: Membership Commonality Matrix
us | mx in pk ge fr Id ip ch
us | 1.00| 40 | .30 | .30 .30 .20 .30 .20 .10
mx 1.00f .30 | .30 .30 .20 .30 .20 .10
in 1.00| .50 .20 .20 .30 .10 .10
pk 1.00| .20 .20 .30 .10 .10
ge 1.00 | .20 .20 10 10
fr 1.00 | .20 10 .10
id 1.00 10 10
ip 1.00 | .10
cn 1.00
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The strong conmonality (with a cell value of >= 0.4®etweerthe US and
Mexico, and Indiaand Pakistan is clearly evident. The next lewshich has a
cell value of around 0.3(ncludes four countries: India, Pakistan, Germany, and
Indonesia. The common link here @ppr s t o be the AENgl i sh
Although Germany and Indonesia have their own languages, English is still used
freely throughout the countriglgoth in government and in education. Nexthe
0.20 level that seesnto involve France and certainaipngs of Germany,
Indonesia and Japan. The most dissimilar lists are China and Japan. It would
appear that both language and cultural factors contribute significantly to this
pattern ofdissimilarity.

These observations are reinforaadrigures 1 and ,shown earlierwhere
the nine countrieswereinitially separated into three groupings. Anlden when
combined with Figure 3, the middle group was further subdivided into two (or
even three) subgroups, resulting in the following pattern:

North AmericanGroup (US and Mexico)
Indo-European Group

Indo-Asia Subgroup (India and Pakistan)

Islamic Subgroup (Indonesia and possiB&kistan)

Central Europe Subgroup (Germany and France)
East Asia Group (Japan and China)

The above classification appears to makeseeif one takes into
consideration language and cultural factors. These may even be able to map to, in
a qualitative way, the national culture characteristics as defined by Hofstede
[199G. A more quantitative interpretation will be the subject of a &utur
investigation so, we do not propose to go beyond this qualitative statement at
this stage. It is important to recognize that the above classification is
uni-dimensional, buthatthe effect of culture and language factors on consumer
choices and prefenees are often muldlimensional. Therefor@ur classification
is likely to be too simplistic in the current contelutit does serve as a useful
first approximation.

In highlighting the differences, we should not overlook some of the
common featureanongthe curves in Figures 1 to 3. We observe that there is a
greater degree of fluctuation or divergence among the different curves when the
value ofn (the list size) is smallsayn = 1 to about 3This is not surprising
becausgwhen the list is smalif two countries differ (or agree) in their selection
of the top 1, or top 2 (or even top BJeb site(s), themvalue may fluctuate
widely between 0 and 1. However, by the time the list size esatioutn=5, the
membership commonality curvall seem taeach some sort of maximum value.
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The actualmaximum value mawdiffer for different countrypairs. For
example the maximum rwvalue for the GEUS curve (Global list versus US list)
peaks at about 0.&ndthe maximumm-value for the DEUS curve peaks at
about 0.6whereaghe maximum rrvalue for the INPK curve peaks at about 0.7.
The nostinteresting observation is thaince thecurvesreach a maximuirthey
all seem to plateau off aralistainon the highmvalueuntil aroundn=15 before
they start to fth off. Remember that largetrvalue implies that two lists have
higher commonality.

What this seems to indicate is that YWeb site ranking list of two different
countri es aria mdnbeoship whenithailist size I8 arourd to
n=15. Therefoe, if for example, the consumers in two different countries were
asked, AWhat do -$0dMeb siteh mostkreqaently visiteld ey t o p
your fellow country(wo) men?o, their an
comparedwith if they were asked thep-30, top50 or top100 Web sites. Tlis
commonality patterrseems to implythat the effectof globalization is most

pronounced at the range of abagt ton=1 5 . I n another words,
fgomdwhat ever -bubiressWemsitesnf®rinanetransnational
ecommercegi ant s) have established lytahdei r fi b

are recognized by most consumers regaraieB®m which country obrigin the
consumers come

As n gets larger(beyondn=20), the membership commonality cunies
Figures 1 to Yradually decreasand appear to reach an asymptotic value when
becomes very large (in this casel00) However, the actual asymptotic values
are different for different countrgairs. Atn=100 the asymptotic values ofi are
in fact themembership commonality matrix of Table 4. Noting that the curves of
Figures 1 to 3 have more or less completely leveled autE2Q it is probably
safe to say that the asymptotievalue, denoted gy is not likely to change
further evenasn increasesThis meanghat, if we consider the to200 Web site
list, the value of m will probably remain the same. Théwee, we may say that
this asymptotian-value, ng is no longer a function af but is a characteristic of
the two countries that we are comparimpis seems to imply thaas the ranking
list gets larger ri{ increases beyond 20%onsumers from different countries
disagreemore and morgsmallermvalue) on who should be included in ihe
fitopd Web site| i st (whatever t hei, untl @ ctage ésp t of
reached that the m curve reached amymptotic value m The ny value is
therefore a measure of the Adistanceo b
the two countries under prabably eflectsetheat i on.
difference in culture, languages, and national conditibhserefore here wehave
a measure of the effect of localization.

5.2. Discussion on the Rank Correlation and Discordance Results

The second analysis involves the comp
coefficients (J for pairs of ranking lists from different countriéghe resultsare
presented in Figures 4 to 7, pairing each ofrtine countries with the global list.
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Remember t hat Kendal |l 6s tau medssures t |
agree with each other in rank. Thitsis a more discriminating measure than
membership commonality. As a consequenoee expect t hat t h
correlationo curves wi || show comparat
membership commonality curveas their value is extremely sensitive to the
Aforder 0 of t he wts [HEsiistclearlyiseen in Riguresdam7k i ng | |
The next feature we observed in this set of figures is &sathe list size
gets larger, the computed tdl §pproaches different values for pairs of countries.
There appears to liree or foursets of diffeent asymptotic values for tal):(
theUS andMX are close to 0.6; IN, PKandID are close to 0.40 to 0.5; Dénd
FR are close to 0.4; veheas]PandCN are closer to 0.1 to 0.2. This lends further
credence to the regional group classification proposedigrea
Finally, we note that the tacurves ofsevenof the countries (US, MX, IN,

PK, ID, DE,andFR), except JRNdC N , al | cross owealruem t h
(tau*) .curve whem becomes large (at aroumg15). The tau curves for Japan
and China showthat f o r these two countries, t he

preferences for the te@nking Web sites are very different from ¢se of the
other countries. This may lstribuied to the distinctive language and cultural
differences for these two eastern Asiaountries.

The third analysis involves the most discriminating metge which
measures the rank discordarfoe pairs of countries in the ranking lists. The
results are presented in Figures 8 to 10. The most obvious observation is that the
discordancerom the global list is the smallest fthe US and Mexico. This
probabl y means -budnaess rarkihgdist B gndsolikely Istionglg
influenced by consumers ihe US, as it is the most established country with
respect to Internet-lBusinessesTherefore t h e US consumersdé c
preferences are probably strongly reflected in determining the global ranking list.
As time passes, some of the prominenthh#Sed eusiness sites will become
better known in other countries, resulting in a cogeace of these ranking lists.

As indicated at the beginning of this papbe effect of time on site ranking will
be the subject of a separate study. Therefeeeshall restrict out comment to the
Asnapshoto picture here.

In the data presented here, thiggest deviation (rank discordance) was
observed with the JP and CN group, confirming the comments we made earlier
about their distinctive language and culture. The remaining countries (IN, PK, ID,
DE, andFR) appear to have a discordance values thabligewhere between the
two extremes.

The most puzzling aspect of the curves in Figures 8 to 10 is the existence of
more than one mode2 (or moremaxima) for some of the countries. This is
something that we hope to look for an explanatiornhimfuture to déermine
whether it is just a statistical Anoi secf
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6. CONCLUSIONS AND FUTURE RESEARCH

The purpose of this research is to gain a better understanding of the influence of
the two forces globalization and localization, in-tausiness yberspace, by
comparing the tofi00 Web site ranking lists from different countries. Our
analysis seems to confirm that both homogenization and fragmentation are
occurring at the same time. In the compldxusiness cyberspace, traditionalism
and modernityare not necessarily mutually exclusive. Both forces continue and
will continue to shape consumer decisions and behavi@ssome extent
ecommerce ¢giants may be able to establi
butlocal culture and regional norms sk not be ignoredTherefore e-business
professionals must take both forces into consideration as they plan their
e-business strategies.

We recognize that the data sets used in this analysi®giy@an incomplete
picture of reality. They also may corta noises that need to be carefully
interpreted. Furthermorahe analyses performed in this paper are essintial
gualitative and lack predictive power. It is therefore proposed thafuture
researchpne mayinclude:

1. A comprehensive data set that imds more countries representing
a wider variety of national cultural characteristics

2. A more comprehensive data set that inchal@ariety of ebusiness
industries, as the nature of thédasiness may have a strong impact
on how the website is accepted by consumers in different
countriesdepending on local needs and demands

3. A series of data sets that are collected over time to enable the
observation oftemporalchanges in site ranking. It is conceivable
that some of the newerlrisiness sites may gaimore popularity as
they become better known in the developing countries. An example
is the increasing acceptance of social networking sites among Asian
countries.

4. A more guantitative model, with predictive power, to investigate the
relationships of cultutaand language factors and the ranking
preferences of consumer§hese modelsnay include nodinear
and/or multidimensionatechniques
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