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Abstract

This study focuses on the power law distributiomsnid on the web and proposes a method to
perform statistical inference on data from suchritistions. Beyond describing the state of a
community, the power law nature of social interaasi can be used to explain some of the
variance associated with social behavior. Infeeelbased on data on interval or ratio scales
rests on the assumtion that the data is norméalyilcuted. To obtain normal distributions
the power law data is logarithmically transformett asubsequently used in a regression
model. Data retrieved from the Google Answersviseris used as an example. The
regression model suggests that participation inGloegle Answers information market is
catalyzed both by social and by economic incentiviéls the most influential incentive being
tip, a form of socially-driven economic incentivihis type of analytical approach is seldom
found in the internet research literature and i=lne recommended as a very useful analysis
tool.

Keywords: Power Law Distributions, Social Networl@&atistical Analysis, Incentives for
Participation.

1 INTRODUCTION

Power law distributions describe naturally-occugrievents such as earthquakes as well as
man-made phenomena such as distribution of bolals t&#old (Newman, 2005). This article
focuses on the power law distributions found onwled and proposes a method to perform
statistical inference on data from such distritngio

The power law nature of web interactions has besea umainly to explain network topology
(Faloutsos,Faloutsos, & Faloutsos, 1999), to descwarious web information sharing
environments and to show its wide applicabilityuoiversality. Some examples include file
sharing (Adamic,Lukose,Puniyani, & Huberman, 2004¢p site links (Barabasi & Albert,
1999), electronic markets(Adamic & Huberman, 200f)d discussion groups (Ravid &
Rafaeli, 2004). Further analytics are usually erygibfor social network analysis in order to
establish the centrality or success of actorssacal network. The same data can be used for
the prediction of social behavior but this is usualerlooked.

This paper proposes that, beyond describing the sfaa community, the power law nature of
social interactions can be used dxplain some of the variance associated with social
behavior. Data retrieved from the Google Answers servicased as an example to explain
this claim.
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2 THE NATURE OF THE WEB ASA NETWORK

The web is often described as a social space variebf networks facilitating a wide variety
of information sharing activities between peopleformation is shared via hyper-linking,
tagging, collaborative compositions, conversatiomde transfers, recommendation
mechanisms and so on. As a computerized environmdnch enables tracing and
documentation of activity the web is an ideal seufor the collection of research data.
Scientists have long identified this wealth andehavoduced many interesting observations
about the nature of interactions on the web.

A central empirical observation is that the powaw Idistribution characterizes most, if not
all, network-based interactions in large groups. pdwer law distribution is a scale-free,
asymmetrical, asymptotic distribution created bgf@rential attachment (Barabasi & Albert,
1999). Scale-free is a unique attribute of poveav Histributions (Newman, 2005) and it
means that the same network contains nodes orgedyse activity differs by three or more
orders of magnitude and the network's capacityréavgs virtually infinite. The distribution
of wealth is an example of the scale-free attribstene people have billions of dollars while
other may have only thousands. In this example,difference is six orders of magnitude.
Preferential attachment is a process whereby nevargs will prefer to link or attach to
"winners" resulting in a small number of nodes witHarge number of links and a large
number of nodes with a small number of links (Basal& Albert, 1999).

In other words, the structure of the web is nodan but it is composed of relatively few
highly popular sites (also known as hubs) and gelanajority of sites with low popularity, as
determined by linking or site visits. Other, mopepular, names for the power law
distribution are Pareto's Principle, Zipf's Lawdamore recently "the long tail" (Adamic,
2000; Anderson, 2006).

3 QUANTITATIVE ANALYSISOF WEB ACTIVITIES

Quantitative analysis usually begins with calcalatof descriptive statistics and the drawing
of histograms showing the distribution of the vhles. For the present analysis it is
important to note that these initial descriptivelgtical procedures are done for the natural,
untransformed, data collected.

Quantitative statistical inference is usually deddto parametric and nonparametric tests.
Parametric tests are generally used for data tieatr@asured using ratio or interval scales.
Nonparametric tests are used when data are meassiegl ordinal or nominal scales, or,

alternatively, with ratio or interval data when thember of observations available is very
small. The basic assumption underlying paramd&sts is a normal or close to normal

distribution of the data. When this assumptiordaph regression model can help explain the
relationship between two or more variables, caroaet for some of the variance in the

dependent variable, and can suggest predictiohleast a direction for the relationship.

The activity in online social spaces constituteddfidata which has not been manipulated.
Rigorous causality cannot be inferred in such unsibte data, however, a regression model
may shed light on non-trivial phenomena occurringturally in these social spaces.
Regression analysis requires a normal distributicithe data, while web data tend to follow a
power law distribution. Normalizing positively sked, power law, distributions is achieved
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by logarithmic transformation. The logarithms dfetvalues are normally distributed.
Having fulfilled the assumption of normality a stiand regression model is readily produced.

Logarithmic transformation pulls outlying data irttee normal distribution. Each single unit
on a logarithmic scale translates into a ten-féldrge on the original scale of the data. Since
the transformation is not linear interpretationtioé regression model is made easier if all
variables are transformed using the same proceddogever, this is not compulsory as long
as the assumption of normal distribution is keptdib variables, natural or transformed. The
example provided below uses five variables, fourgrelaw-based and transformed, and the
fifth variable, with a normal distribution. It shldl be emphasized that descriptive statistics
are calculated for the original, untransformed data

4 A CASE IN POINT

Google Answers (GA) was a service offered by Goomghere search experts, known as
Researchers (GARSs), provided answers to searchiguedor a fee offered by the asker.

Beside paid answers the system enabled a free myela ideas in the form of comments.

Another system characteristic was a customer'ogative to give a monetary tip and/or rate
the GAR after receipt of the answer. A more dethdescription of the system can be found
in Rafaeli et al (2007, forthcoming) or in Edelm@®04) as well as online in the site itself

(http://answers.google.cgmThe GA service was discontinued as of Decergbeésb.

GA is an interesting example of a combination ahnenmarket and a social space and is
unique because the object of trade was informatiés. will be described in the Method
section, distribution diagrams of variables rete@yrom GA were mostly classical power law
distributions.

Logarithmic transformation and regression analysis applied to the study of incentives for
participation in the Google Answers (GA) informatimarket, or, in other words, to answer
the question: what motivates a GAR to provide amsWeThe unit of analysis was the GAR,
the dependent variable was the number of answevwsded by the GAR.

5 METHOD

The data from four years (June 2002-May 2006) ofd@fvity were retrieved and parsed into
a database. The original data spanned a longergeniod but we excluded two months of
activity from the beginning and from the end of dega to avoid incomplete observations.
Our database contained 129,745 questions and 5ar@ers given by 523 GARs. The data
was summarized on the GAR level since our resdatelest was in the GAR motivations.

Four independent variables were used to predictdapendent variable. The independent
variables were economic and social incentives dhiolyt price, tip, rating and number of
comments given before an answer was submitted. d€pendent variable was the number of
answers provided by a GAR.

Price and tip and straightforward numerical valoépayment and gratuity offered for the
answers that the GARs provided. Price is set whermjuestion is sent by the asker while tip,
a volutary payment, is given after the answer #tpd.
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Comments and rating require some explaining. Sihé® study looks at incentives for

providing answers by GARs, only comments given iémswers were counted. Correlation
of the number of such comments to the number ofvarssis obvious (one cannot have
comments before answers when no answer is givhajefore, a proportion of comments-
before-answer to answer count was calculated. affeeviation for this variable is CBPA

("comments before-answer per answer").

The distribution of rating grades (on a five pantle) deviated significantly from normality
(skewness=-2.59 indicating a long tail to the ldfiyrtosis=8.21 indicating a peaked
distribution) but was not a power law distributiohormalization of the rating variable was
done by assigning values of zero and one to nadrahd rated answers respectively. The
proportion of ratings per answer per GAR was thaowated. This proportion was normally
distributed and used for the regression analysis {@able 2).

Three independent variables (price, CBPA, tip) #m& one dependent (number of answers
per GAR) variable followed power law distributionkogarithmic transformation was applied
to these variables and the transformed data wakfassubsequent regression analysis.

Briefly, the method consisted of:
1. Harvesting the data from the web and deleting ingete observations.
2. Calculating descriptive statistics.
3. Charting the distributions of the variables seldcter analysis and assessing the
transformations needed.
4. Transformation of the variables.
5. Checking the distributions of the transformed Jalga.
6. Performing inferential analysis.

6 RESULTS

Descriptive statistics for the GA site activity &ap in Table 1.

Statistic Current Study
Period of Study 06/2002-5/2006
Duration 48 months
Number of questions asked 129,745
Number of answers provided 52,006
Number of answers with comments 28,034
Number of rated answers 32,854
Number of tipped answers 10,959
Number of experts 523
Average dollar value of question $20.90
Average dollar value of answer $22.51
Average answer rating (on a 5 point scale) 4.63
Average answer tip value among answers that got&h09

Table 1. Descriptive statistics of the GA site\atti
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Figure 1 depicts the distribution of number of aeswgiven by GARs. About 17% of the
experts provided close to 77% of the answers. Oést fit for the data is a power law
distribution represented by the following equation:

y = 14.512%° (R? = 0.64)

Figure 2 shows the distribution of the same vaeatfter logarithmic transformation.
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Figure 1. Frequency histogram of the mean numbanwfers given by GARs.
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Figure 2. Frequency histogram of the logarithmsn#an number of answers given by
GARs..

The distributions of price, tip and comments gimfore the answers followed a similar
pattern to the distributions shown in Figures 1 arahd are not shown here. Table 2 presents
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a summary of the skewness and kurtosis values ef distributions before and after
transformation. Skewness is a measure of asymroétydistribution. Skewness is zero in a
normal distribution. Kurtosis is a measure of hpgaked (positive kurtosis value) or flat
(negative kurtosis value) a distribution is. Inamal distribution kurtosis is zero.

Mean SD. Median Min Max Skewness Kurtosis

Number of Answers 99.43 70.79 13 1 3029 5.60 41.45
Log Number of Answers  1.19 0.84 1.11 0 3.48 0.38 -0.62
Price 17.31 16.78 1221 2 120 2.70 9.31
Log Price 1.09 0.35 1.08 0.30 2.08 0.08 0.07
CBPA 1.76 141 1.78 0 11 1.79 6.84
LogCBPA 0.38 0.22 0.44 0 1.08 -0.38 -0.06
Tip 494 0.02 3 0 50 2.73 10.86
LogTip 0.51 0.48 0.60 0 1.71 0.22 -1.32
Rated Answers 62.82 180.49 7 0 2096 6.22 51.11
Proportion of Ratec 0.58 0.25 0.61 0 1 -.60 0.49
Answers

Table 3. A summary of descriptive statistics, slemsnand kurtosis values for the

independent and dependent variables before andr aftgarithmic

transformation.

Pearson's coefficients were calculated and regnesanalysis was performed following
logarithmic transformation. Table 3 provides Peais coefficients between the four
independent variables and the dependent variabkdl correlations were statistically
significant.

Log # of LogPrice Log Tip Log CBPA Rating
Answers proportion
Log # of Answers 1.00 A2%* .68** 37 4%
Log Price 1.00 A46** 13 .08*
Log Tip 1.00 31** 22%*
Log CBPA 1.00 .07*
Rating proportion 1.00
Table 3. Pearson's correlation values. * p<.05.p%.001.

The regression model was statistically signifiogdts1s=135.25, p<.001)with an adjusted R

square=.507. The predictor variables are showmwbel

Variable Beta p

Log Price 14 <.001
Log Tip .57 <.001
Log CBPA .18 <.001
Rating proportion .00 ns
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The Beta values indicate the unique contributioraxfh predictor variable as an incentive for
GARs to provide answers.

7 DISCUSSION

Research on the power law distributions characdteyigocial networks focuses mainly on the

structure of the social networks and the impligaiof the structure. This study uses social
network data to perform statistical analysis inevrh explain some of the variance associated
with behavior patterns.

Specifically, this research looked at the GA infaton market and investigated the
incentives that underlie GARSs' participation in tharket.

Similar to earlier studies of web-based social eks, most of the variables used here
followed power law distributions. Logarithmic tisformation produced normal distributions
enabling further parametric statistical analysis.

Results show that the main incentive for particggrain the GA information market is tip,
followed by CBPA and price. Rating was not a digant predictor in the regression model.
The emergence of tip as a leading incentive isiqudatrly interesting since tips represent a
socially-driven monetary reward (Regner, 2005).

In addition, tipping is done when the value of #meswer provided is known to the asker.
Thus tipping emerges as an efficient solution we#l-known problem regarding the value of
information, namely, the "inspection paradox". <Tipgaradox occurs because the limited
transparency of information necessitates inspedtioorder to formulate a value judgment,
however, a user cannot inspect information andydad faith, return it claiming to know
nothing (Van Alstyne, 1999). Due to the inspectparadox customers of information are
likely to err in their a-priori value judgments fmformation. The GA pricing system enables
offering a moderate price when the question is éskad then providing supplemental
payment in the form of a tip when the answer isvkméo the customer. The relation between
pricing and tipping in GA warrants further research

The overall incentive structure is composed of &tuné of pure monetary incentives (price),
socially-driven monetary incentives (tip), and psoeial incentives (CBPA). The strongest
incentive was the socially-driven monetary incestitip. It is suggested that tipping be
investigated in additional web markets to evalutsteelation to other incentives and develop
theory for and more efficient markets of experiegoeds (Nelson, 1970; Shapiro & Varian,
1999).

In summary, statistical inference of online sociatworks must begin with the examination
of the original data distributions. Assuming nolityawithout actually checking for it, as is
sometimes the case with ratio or interval scalemy omdermine statistical analysis. Social
interaction patterns often display a power law riistion which requires that descriptive
statistics be calculated from the original data, inference should be based on logarithmic
transformation of the data. This type of analytimpproach is seldom found in the internet
research literature. We recommend it as a verfuligealysis tool.
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