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l. Introduction

Shiller (2000, 2014) proposes that investment ideas can spkeacepidemicsamong
investors andasset priceare influenced by the social dynamiB® largescale social contagion
effects among investors exist and what dbesspreading proces$ informationlook like?

In this paper] study a dataset in which | can directly observe the spreading of an investment
idea from one person to the next. The datesesists of participants af large invesnent Ponzi
scheme, which investors could join only by personaitation from an existing membavho
was referred to as sponsdhis feature allows me to study the spreading and effect of-aferd
mouth informaton at the level of individual peopldnformation about the scheme was not
publicly availalte, so when a new investor jojn$ know thathe has learned about the
opportunity from the inviterl canobservethe social network of the invitenvitee relatiosships
andthis offers a unique opportunity to take a peek at the process through which an investment
idea spreads in the population.

The investmentscheme is Wincapita, a Finnish investment operation which was active from
2003 to 2008. Wincapita offerediinvestors large returns, initially claiming thia¢ profits were
generated by sports betting and later by currency trading. In reality, it was a classic Ponzi scheme
in which all incoming cash flows came from new and existing investors, and nonepobfite
were generated by actual trading or investments. The scheme grew very large: In the end,
Wincapita had over 10,000 members, whigpresentsapproximately 0.2% ofthe total
population of Finland.

The collapse of Wincapita in 2008 lead to one ofléingest criminal imestigations in Finnish
history (YLE News 2008) The dataset of this studigas been collected from thevestigation

document®f the Finnish National Bureau of Investigatiomfie documents allow me to identify



over 5,000 Wincapita irestors and | have detailed information of over 3,000 investors who were
guestioned by t he pol i ce. [ n addi tion t o d
withdrawals, | also have information about their characteristics, such as age, income, location,
and education. | can combine this data with the information on their sponsoring relatidnships
Because the data was collected from the investorsamaal police interview, it does not suffer
from manyof the typicalreporting and selection biases tlean exist in survey data on social
relationships. The interviewing officerds res
evidence in a court proceeding.

Several papers have built theoretical moadlthe diffusion of information and the gtture
of information networks among investgrsand | can provide empirical evidence on these
phenomenaln particular, he dataset allows me to study the following previously unanswered
empirical question: What is the satinetwork structure of informiain diffusion among
investor® Empirical social networks connecting people through different kinds of personal ties
exhibit strong structural regularities and differ significantly frandom grapmetworks where
the connections betweemodesare evenly dstributed §ee Jackson and Rogers 200Gr a
review). But because the spreading of weavtimouth information is typically unobservable,
there isstill little evidence on whether thesemmonly observedtructures playray role in the

diffusion ofinformation within the networksIn social networks, the distribution of connections

! There was a financial incentive to sponsor others. Sponsors received 200 euros of (virtual) money for each
sponsored investors and 20% of the virtual profits earned by the sponsored iGvestorsv e st ment s (t he de
di scussed in Section I1). Sponsor6s sponsor would not
traditional pyramid scheme in which the profits are de:

2 Stein (2008), Han and Yang (2013), and Andrei and Cujean (2015) model the transmission of information
through personal communication between investors. Ozsoylev and Walden (2011) study the asset pricing
implications of large information networkShiller ard Pound (1989), Shiller (2000), and Shive (2010) propose that
epidemic modelsan be used to characterize the diffusion of social interest among investors. For general models of
word-of-mouth communication see, e.g. Ellison and Fudenberg (1995), Baneddeudenberg (2004), and Cao,

Han, and Hirshleifer (2011).



per node typically has a heavy right tail, and the average node to node distances .drérghort
that both theseharacteristicexist in the spreading process of Wincapita

The distribution of the number of connections per node Wi ncapi tads spons.
has a heavy right tail and approxmately decays as a power lalhe empirical probability of
sponsoringQinvestors is proportional to the power@$o thath ' Q with a constart. The
powerlaw characteristic is apparent visually in a-log plot and KolmogorosEmirnov test
statistics based on a fitted powaw model strongly support the hypothesis that the data follows
a power law.Networkswith this structureare known as scalfree networksand powerlaw
distributions are vergommon in empirical social networkBdrabasi 2009Here he powedaw
indicates that a small minority tfe investorgreates the majority of the social effect.

| compare W ncapitads act ukad a ssnplatad saadom negwork and fmo r
that the powedaw topology has a dramatic impact on the spreading ratefaimation. The
random networkhas the same number of investors, the same percentage of sponsorg and th
same average number of sponsored people per sponsor. The only difference compared to the
actual network is that the distribution of the number of sponsored people follows a Poisson
distribution instead of the power lawas inE r dddd Renyi(1959 model The comparison
shows that an epidemic spreading throughVihecapita networkone step at a timeeaches all
investors in 15 stepsin the simulated netwoykt takes on average 161 network steps to reach
the same number of investolslso calibrate aimple Ponzi scheme modelliothnetworks and
find thatthe actuahetwork can sustain a significantly higher payout ritimvestors.

| then analyzeéhe spreading dynamics of Wincapitased on network distandefind that the
cumulative number of westors as a function ofetworkdistance from thetarter of the scheme

follows anS-shaped curveNhenthe scheme grows, the average social distance to the starter of



the schemeloes not grow at the same rafeverage nod¢o-node distances in the netwoare
short, even though most people are directly connected to only one or two other phepte.
curve implies that information diffusion within social networks progresses in a nonlinear fashion.

Finally, | study how the characteristics of the invitee aelated to the observed sponsoring
relationships and the spreading of the sché@rhesponsos haveon average higher income than
the investorthey sponsoilmedian difference is 9,450 euros per year) aralslightly older
(median difference is 1.4 yegysuggesting that personal characteristics matténformation
diffusion. Most investors join Wincapita after their inviter hatteadypersonally generated
profits from the schemenvestors could withdraw funds afteeing a member fosix months,
andthe median difference in time of joining is seven monthb.i s suggests that p
outcomes are related to thecial spreading ahvestment ideas.

This paper contributes to the literature in several wé&yst, | show thata contagious
invesiment idea can spreagpidemicallyin the populatiorthrough social interactiorgradually
affecting larger and larger groups of people, as predicted by Shiller (2000). The existence of
behavior contagion in the capital markets is vdeltumented but wheher wordof-mouth
information can lead to larggcale spreading of behaviors that can be characterized through
epidemic models is an open question in the literatarthis paper | observe an epidemic solely

generatedy word-of-mouth communication.

3 Shiller and Pound (1989) find that interpersonal communication is very important for individual inoves 0
decision makingShiller (2000, 2014) proposes that socially spreading investment iafiemplays a crucial role in
the formation of asset pricing bubbleEmpirical evidence indicates that social interaction affects bank run
participation (Kelly and O Grada 2000; lyer and Puri 20p2), 0 f e ssi on a | money managersodé p
and Stein 2005; Pool, Stoffman, and Yonker 2QXBtirement plan decisis (Duflo and Sae2002 2003, stock
market participation (Hong, Kubik, and Stein 2004; Brown, Ivkp@mith, and Weisbenner 200@nd trading
behavior Hong, Kubik, and Stein 2005; Ivkdviand Weisbenner 200#vide and Ostberg 2015Rersonal
i nformation networks can affect investorsé trading ret
play an important role in illegal insider trading (Ahern 2015). See Hirshleifer and Teoh (2009) for a general review
of behavior contagion in capital markets.
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A magor implication of thenetworkstructurel observes that the progress of a weod-mouth
epidemic dependsignificantlyon the distribution and structure of connections in the underlying
social network, and ngast on the average infection rate. The geativity structure of scaltree
networks is dominated by few highly connected hubsrandels in network epidemiology show
that epidemics arise and spread in stade networks at a much faster rate than in random
spreading where each infective indivatlus equally likely to spread thepidemic (Pastor
Satorras and Vespignani 2001; Barthélemy, Barrat, R8stimrras, and Vespignani 200Fhe
scalefree connectivity structura Wincapitashows that amnvestmentdea can spread rapidly
and extensivelythrough social interactioneven if most people argist passive receivers of
information or spread the idea to onbyie or two otherdt canalsocontribute to the succeasd
survival of socially spreading Ponzi schemes, as demonstrated siyntlaton findings.

More generally, my findings provide support for the use of a goa¢etopology in modeling
information networks among investoRed-world social networks may not oftére completely
pure scaldree networks, but a powdaw model clearly lsaracterizes the Wincapita network
better than a randographmodel.Ozsoylev and Walden (2011) derive asset pricing implications
of a scalefree information network between agents and motivate their choice of network
topology by the prevalence of scditee structures in empirical networks.

The observeds-shapecdcurve in information diffusion is consistent with previous hypotheses
on social diffusion of interest among investohiller and Pound @89), Shiller (2000), and
Shive (2010) propose that susatile-infectiveremoved type epidemic models which are
commonly used to model the spreading of diseases can also be used to characterize the social
diffusion of interest in individual stocks. Such models imply that the cumulative number of

people affectethy an epidemic follows an-§haped logistic curve over time



The resultof this paperalsolink to the literature on outcordeased learning in investment
decisions' The track record of high returns earned by the Wincapita members was undoubtedly
very hdpful in recruiting new investorsth e r el evance of peerso per s
gains, together with the observeec@ve, can explain why social epidemics among investors
can even take years to develop. Several generations of new investopemsithal profits may
be required before a socially spreading investment idea reactegiry point by infeahg
sufficiently many investorgndthe growth is rapid thereafter.

The rest of the paper @ganized as follows: Section describes the detaiof the scheme,
the data, anthe characteriscs of the investors, Section Btudies the spreading of the scheme
through network characteristics, Seantiy examines the role of personal characteristics in the
spreading of inveément information, an&ection Vconcludes.
Il. Background, data, and characteristics ofthe investors
This section provides details about the background of Wincapita and describes the daga and
characteristics of Wincapita investors. The source for all information in this rséattess
stated otherwisejrethe police investigation documernttWincapita®
IILA. Wincapita as an investment scheme

Wincapit® was described to its investors as an investment club that could gesignifieant

profi t s on t he me mAl eperations of Wwnaamta took placesin the internet, and

4 Shiller (2000) proposes that extrapolation from observed high returns can generate natcuatipg Ponzi
processes in the markéfaustiaand Knipfer (2012) show that recent stock returns of peers affack market
entry decisions. They also propose tpatpose thatxrapolationf r om ot her sé outcomes <can
success oPonzitype securities scamsHan and Hirshleifer (2013) propose that investors are particularly likely to
discuss their positive returns with others, which can results in-&mdedincing transmission bias in wayimouth
communication.

5> Early media reportshat followed the collapse of the scheme contained many inaccuracies related to the details
and rules of the scheme, because little information was publicly available. Inaccurate information can still exist in
many online sources on Wincapita that use tlzema reference. The police investigation, which documented the
details of the scheme, was concluded in 2010 and it is the sole source of information used in this study.
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the investors used the Wincapita website to manage their investment. The website could only be
accessed with a personal user name and password,pandided general information and news
about the cluland showed the investors how the value of theiestment had developed over

time. Money transfersnto and out ofthe club were handled through a British internet payment
service called Moneybookers Wincapita had an account in Moneybookers #émelinvestors

could transfetheir moneyby using another accouirt the same serviceMost investors set up

their ownMoneybookersaccount, but alternatively they couiginsfer their money through an
account belonging to a friend.

The website and & account inMoneybookers wer@a| so t he entire scope
operations. When investors withdrew money from the scheme, it was paid out of the same
account wherg¢heypaid their invested funds, and no new funds were generated by actual trading
or operationsat any point The virtual profits shown on Wincapdasvebsite were completely
artificial and had no link tanyrealworld investment assets.

The scheme was run by a single man ndniannu Kailajarvi He hal experience as a
computer programmetbut no backgnond in finance Although someindividuals helped with
website updates and practical issuediifierent stages of the club, the police investigation
indicates that Kailajarvi was the only person who knew thrapdete nature of the operation
Kai | ajdéntity wa® gendrally known among the investors, but he was raralyect
personal contact with them and managed the club through the websiteraild Ehe nvestors
were lead to believe that the club was a much larger international operation.ridiadaja used

fictious names in email answers tgive the impression of a largeimber of employees and set

5 The name of the club changed twice during its existence. Initially thewdislmamedGiiclub, andbetween
2004 and 2007 it was named Winclub. For clarity, | will refer to it as Wincapita throughout the text. Wincapita is
al so the gener al name the police investigation documen:
communication, the name was often spelled with a capital C (WinCapita).
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up shell companies abroad, first in Wyoming and later in Panama. In reality, thdiatlabt
even have anpookkeepingor actual legal form. fie $iell companies provided Wincapita with
documentation that could be shown to investors, but they had no operations.
[I.B. Timeline of the eventd the end of Wincapita

Wincapitastarted its operatiom fall 2003 and originallythe clubwas supposed to genexat
profits toits investors with aettingsystemfor international horse racing. Barly2005the club
announced that it will shift its focuato currency tradingFrom that time until the end of the
scheme in 2008, the source of income wlagmedto bea trading system that could create large
profits by day trading the EUR/USD exchange rate. In addition to the profits from currency
trading, Wincapita also planned to generate additional earnings in the long run by licensing and
selling its trading systerto international customer# feature thatmay havestrengthenedhe
i n v e daithoir VBiricapita during the last years of the clés that they could followrading
signals allegedlygener at ed b opmputen systern I uealOtisne through a web
application The application showed actual r¢dame EUR/USD currency data together with
di fferent A svhogerdetdiled fonatiorking was onotinterpreted tothe investors
Details about the clubds oper at iaadtlse membere of t ¢
were not provided with much information about its actual activities. They could follow the
profits their investments had earned, but were not informed about the specific transactions or
trades that generated them.

Wincapita first came to yblic attention inSeptember2007 when a investigativeTV-
journalistmade anewsstory of the cluandraiseddoubts abouits profit mechanisnspeculating

that it mayfunction likea Ponzi scheméParadoxically, many investors mention in th@ifice

" The police documents identify this news story, which aired on September 23, as the first public news coverage
of the scheme.



interview that the media coveragstrengthened their faith in the club. The club continued its
operation without any visible reaction from the uhorities, andthey concluded that the
authorities must have investigated the club and found its operations&git

The operation of the club ended in the beginning of March 2008 when Hannu Kailajarvi fled
from Finland and shut down the website of the clubhlddrom the police for nine months and
was finally arrested in Northern Sweden December2008 after an international manhunt
Kailajarvide st r oyed t he wébsitbdarsgthe escape; ahdwestionscould not
withdraw any money from the club after the website was taken dMwitapitad s bank acc ol
hada balance o#.8 million euros atthetme of Kai l aj2rvids escape,
by the authorities soon after his disappearance.

Police investigati on «cHowsiNatthe tat@ amtioanbaf fundsatmek st a
investors transferrethto Wincapita during its existencexeeeds 100 million eurosndividual
i n v e spolicer gegdtioning transcriptisidicate that in addition to the financial losses, the
collapse of theclub alsocausedsignificant damage througliestroyed personal relationships
between sponsors and theirospored investorsThe documents contaiseveal mentions of
suicides, divorces, and mental probletmst resulted from thending of the club, and the social
invitation structure undoubtedly contributed to these adverse effdntsevents also sparked
conspiracy theories amomgpmeWincapita members, and theterview transcripts of several
investorsindicate that they refused tmcceptthat the clubhad beera fraudregardless of the
police evidence.

The main reason why Wincapita could operate so lortgowt interference was that it was
very difficult for the Finnish authorities to receigayinformationonits operationsBecause of

the sponsoring system, there was no publicly available information about the club, and as long as



no-one had suffered argsses, there was no imminent cause for a police investigation. Currency
trading is less regulated than most other areas of the financial svankighe Finnish Financial
Supervision Authority deemed in fall 2007 tHadsed on available informatioWincgp i t a 0 s
operations do rtdfall under its supervisiorMany potential sources of information were located
abroad and could not be accessed by the authorities unless there was clear evidence of a crime:
When Wincapita ended, its shell company was in Pandsbank account was in the U.K. and
the website was on a server in Luxemburg.
II.C. Wincapitats rulesandtheincentives of the investors

According to the police documents, tfealizedreturnsof the investors weran the range of
several hundred perceaver a pepd of six monthgthere is some variatiodepending on the
time and sourge Kailajarvi destroyed aNWi n c a pecords @and web content when he flgal,
the police estimates are based on witness testimonies and copies of material and printouts that
werecollected from the investors. Records of the virtual funds the investors had in their account
were also destroyed

Whena Wincapita membeanade an investment, the invested funds had to sténeinlubfor
a period of six months and could not be withdrdveiore that. After six months, tHends
including the generated makeshift profitauld be reinvestedr someor all of the furds could be
withdrawn from the clubNo money was paidut without a specific requestThe minimum
investment required for joing the club increased gradually throughout its existence, and at the
end of the club it was 3,000 euros. Part of the initial investment was supposed to cover the fees
of the club. Afteran investor had joined the club, ¢®uld invest additional funds ahy time.

The membersould gain additional profitby recruting new investors into the clubut they

were not required or expected to do Be investorseceived200 euros of virtualundson their
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Wincapita account for each person theppnsoredand they also receivd 20% of the profits
generated by the funds that were invested byr thgonsored investofFsSponsor 6s spor
would notreceiveany part of the profits. 10% of the generated profits were supposed to go to the
clubto cover its costso an individual investowould in total receive70% of thevirtual profits
fi e ar n aislinvestmgnt and the remainiB@% would goto the club and the sponsor.

Wincapita required thatll investors who are invited to join the club must be known
personal by their sponsorThe clubdid not want public attention, and copy of its rules
obtained by the police shows that thexyplicitly forbid members from distributingpformation
about the club through websites, news groups, web forums, rrasdse or obher forms of
public media.

Although public distribution of information about the club was forbidden, active Wincapita
investors occasionallgrganizedWincapitarelatedmeetings that were attended bther club
members and their friends who were potehtiaiterested in investing in the cluBomeof the
meetings wer@urely social events, such abriStmas parties and boat cruises, while others were
information sessions about t herulesteqgubbed thathd i t s ¢
meetings canot be open to the general public andmbers must seek permission from the club
before theyorganize any Wincapiteelated eventThe nvestors were asked whether they had
attended any WincapHi@lated meetings apart of the policeinterview, and 11% d the

questionednvestorshad participated in ome

8 According to police documents, these rules were in madeast since January 2007. There may have been
some variation in the amounts before that. The general sponsoring system remained similar throughout the existence
of Wincapita.

® When calculating the percentage, | coanhy event outside a club member 6s
attended by several club members as a mediiady media reports that followed the collapse of the scheme falsely
cl ai med that mo st i nvestors had | tngsnoe docialMjatheariegp. iThisa af t e
percentage shows that the majority of the interviewed investors never attended any Wietapieevent.

11



As Ponzi schemes usually offer significant profits to investors who join early, a natural
guestion to ask ia Ponzistudy is whether certain investors could have recognized that they are
probably inveshg in a Ponzi scheme and tried to strategically benefit from it with the intention
of reapng the early profits. In the case of Wincapita, carrying out sustrategy would have
been very difficult beause of Finnish legislation:Chapter 10 ofFinnish Cminal Code
mandates thatny financial gain made as a result of criminal activity has to be paid to the state
even if the person receiving the gain has not committed a crime and has acted in good faith.
After the police investigation began, this law wapleed to investors who hadade large gains
from Wincapita. A&« amount of their assets equal to their net gain from Wincapita was frozen by
the authorities® Another factor that would have made such strategic behavior very risky is that
theinvestors wereequired to commit their funds for a period of six months, which is a long time
to wait if the scheme can collapse at any momené social interactioranalysesof this paper
would not be affected evensbmeindividual investorgried to behavestrategcally despite these
considerationsTheindividuals would still have learned about the scheme from a familiar perso
and tre investment decision would be based on socially transmitted information
[I.D. Description of data

The dataet of thisstudyhas been handollected fromthe policeinvestigation documenisf
the main criminal casen Wincapita The police investigation material has been combined into a
single formal document known as greal protocol, and itsofficial document number is
2400/R/81/10 The pre-trial protocolcontairs a sumnary of the police investigationranscripts

of questionings andhterrogations carried out during the investigatiand copies of relevant

10 The final decision on the loss of assets is made in a separate trial for each individual. These separate trials
could not begin before there was a final court decision in the main case against Hannu Kailajarvi, and they are still
on-going at the time of writing this paper. In a similar vein, bankruptcy clawback litigation has been used to recover
false profits fromPonzi scheme investors in many cases in the U.S.
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evidence material, such as bank statements, investigation reports,-maiks.eThere are

altogether more than 53,000 pages of material in the docunagickshe majority othe pages

areré¢ ated to individualTheiconterg ofttieer doadentsgis eublici oni n.

information bycourt decision, but there are legastrictionsregarding the collection and use of

personal informatiof?
The dataon individual investorscomes from theolice questioning of the peoplewho had

invested money in Wincapita he questioningstook place between 2008 and 20Iietails

about the data delction and specific definitions fodifferent data itens are reported in

Appendix |. Data tems collectedrom the questioningsinclude total invested amount, first

invested enount, total withdrawn amoungender, agéat the end of 2007 xoordinates ohome

(based on home addressylucatiorievel, and a binary variable indicating whether the person is

an entrepreneuAdditionally | have matched annual taxable income ftbmyear 20070 each

investorbased on gublicly availableincomelisting.'? The income is calculated as the sum of

the personds e ar.rineFthnish txdtiom a |p ie rtaxdble iDeomeisTOevided

into these two categorieshich are taxed at different raté$The listing contains the earned and

capital income for allax subject$or whom either of the two exceeds 12,000 euros per year.
Sponsoring relationships ar e i dogoliteguestianss base

Three standard questions in the intewswer e fAWho was your sponsor ?

anyone?0 and pedplewhyoo uwekrnreovabove your sponsor in

11 Finnish Personal Data Act allows the collection of personal data for scientific research purposes. Registry
documentation required by the Act has been maintained throughout the data collection. The sextsig of the
data also limits the possibilities for matching it with other data sources that contain personal information.

2The listingisd Ver op°r s si Ma g a z i mfahe Finnisthtax@udthoritysag iseurde Rublishetch t a
listings of sinilar scope are not available for other years.

13| do not separate these two sources of income in the analyses, because capital income can in many cases
effectively include income from work. Many sample investors are entrepreneurs, and based on Fimoigls,tax
entrepreneurs can often receive part of their work income as capital income. In such cases, the division between
earned and capital income reflects tax planning and not the true nature of the income.
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The relationshipsare identified ased ornthese answers, amgbssibleother information about
sponsoring relationships thistmentioned elsewhere in tiggiestioningdocumentsBased on the
answers, | camlsoidentify many investors who were npérsonallyquestionedoy the police,
and place them in the netwaolrk.
Il.LE. Characteristics of the investors

Table |reportsstatistics ofthe investorsCompared to the general pdation, the sample
investors are more educated and have higher taxable inddmaepercentage of investors with
hi gher education (at | east a bachel ordés degr
mandatory basic education 87.2.According to Statists Finland StatFin database, the
corresponding percentages among ovey&frold Finns in 2007 wer@8.3 and 69.0so the
Wincapitainvestors are more educated tgpical Finnish adults.

Averagetaxableincomeamong the invgorsis 47.65 thousand eos per yeaand the median
is 33.65 thousand. The income distributioss a heavy right taithe highest 10 percent earn
over 74.4 thousand euros and there are three individuals earning more than a million euros per
year. When interpreting the incomelfigs, one should note that thieservations doot include
people whose income is belo¥2 thousand euros'he professions mentioned in tipelice
documents indicate that many individuals who do not have income datat anewarking life.
People in thiscategory include e.g. students, pensionarsl housewives. The group also
includes individuals who live or work abroad.

A comparison to the general Finnish population indicates that the Wincapita investors have

higher taxable income than typidainns wten accounting for th&2-thousaneeurolower limit

1 The documents do not provide information abpeple who were invited to joWincapitg but declinedThe
police werelikely only interestedn actual crime victim&a n d Wi 18 datapasdidand@ record anyinformation
about potential sponsees. As an analogy, thelds@aeresemble a typical daat on disease contagion in the sense
that | can observe the spreadingaofepidemic, but | cannot observe people who were exposed to the epidemic and
remained unaffected.
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in the sourcedata.Statistics FinlandtatFin database reports the number of Finns with taxable
income within differentfixed intervals, and | compare Wincapita investors to the general
population of Fing with taxable income over Bthousancuros per yean 2007 The median
categoryin the Finnish population is 250 30 thousandeuros, which is below the Wincapita
medianof 33.65 thousand eurofhe highest income category reported in the StatFirsstatis
investors who earn more than 80 thousand euros perlggae general populatio2.9% of the
people belong to this categowhereasamongWincapita investorghe percentage is 8.8

The \xable incomdigures canalsoinclude profits withdrawrfrom Wincapitaduring 2007
Investors typically reported their withdravimndsas capital incomand the tax authority taxed
the income according{? Whether Wincapita income should bensidered differerfrom other
sources of incomm the analysgof this papercan be debatablet danraisethe observed income
above i aeasmingtbasedewelobutthe withdrawn funds caalso affect the behavior of
individuals similarly as otherincome sourcesdo, especially ifthe investors believe that
Wincapitaallows them to sustain figherincomelevel in the future.l cannotobserve whether
theincome figures include income from Wincapibaut Irun a robustness checekherel exclude
individuals who madewithdrawals when analyzing income differencesithin the sponsor
sponsored investor paif$.withdrawers are excluded, the average and median income in the data
are 46.2 and 33.3 thousand euros, and the median is still higher than in the general population.

Statistics on individual investorglso show thattwo gmoups of people that have been
assaeiated with overconfidence in the previous literature are-wegifesented in the sample: The
majority of the investors are mal€80%) and 26% of the investors are entrepreneuksr

comparison, lte percentage of males ang Finnishstock market participanis 58 (Keloharju

15 Thefull tax implications of Wincapita incom@ad it been a real investment sofie) may have been unclear
to many investors because of its international nature and opaque businessimredtdrs who did not report all
their withdrawals as taxable income were not necessarily engaging in deliberate tax evasion.
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and Lehtinen 2015) ancteording to OECD statistics, 6% of Finnish employed males and 2% of
employed ferales were entrepreneurs in 200@ales have been linked to overconfident
behavior and riskaking in investment decisionsBéarber and Odean2001; Grinblatt and
Keloharju, 2009) andrgrepreneurial overconfidence has bdenumented e.g. by Cooper, Woo,
and Dunkelberg (1988)Hvide and Panos (2014) show that stock market participation and
entreprenewhip are correlate@nd argue that higher risk toleranse possible explanation for
therelationship. An interesting observation is thait leastin this particular scheme, there is no
statistical evidence tha higher income oreducationlevel makes peoplemore immune to
investment scams.

Statistics on the invested amoumtsPanelA of Table Il show that the averageamount
investedin Wincapitais 151 thousanceuros and the median éght thousandThese invested
amounts are d¢eulated as the tal amount of fundghe investortransferredinto Wincapita
during its existenceThe investedamountsare economically significantvhen compared to the
annual income of typical investorhe medianncome is 34 thousand euros per year and the
medianinvestor invested an amount that corresponds to 23% of his annual income gross of taxes.
Keloharju and Lehtien (2015)report thatthe median Finnish stock portfolia 2015is worth
4,200euros, which indicates th#te median Wincapita investmaatalmost twice akigh as the
combined value of all stock holdings of a typical Finnigitktmarket participantThe smallest
Wincapita investmerin the data is 20 euros and the largest is 1.6 million euros.

The percentage of investors who withdrew money from the scheme isa@8.3.0.6%
withdrew more than 10,000 euroshel distribution of withdrawn amounts skewed andhe
largestwithdrawn amount is 1.7 million euroSases where an investor claims to have exited the

scheme before its collapse are rare and account to 1.2% of the obsestvati
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PanelB of Table llreports the distribution of n v e ydaroof j@nég. Most investors joined
during the last years of the scheme, 43% in 2007 and 26% in 2008 before the end of the club.
Based on the annual valyabe growth of Wincapitacan bedescribed as exponentighn
exponential curved§ ¢XQ fitted to theannual observations of the number of new investors
has arR? of 90.1% whereas a linear models arR? of 61.5%?°

An alternative way to measure the grovaththe scheme isotstudy theamount of funds
invested in WincapitaFigure | showsthe cumulative amount ohew funds invested in the
scheme betweeianuary 200and March 2008 based on the weekly amount of funds transferred
int o Wi ncapi t adascouhtdhefegyrdstadsk 2005 becausk is the first year for
which the invested amounts are available with weekly accuracy in the police docurmbats.
cumulative invested amoushown in the grapgrowsalmostlinearly in logarithmic scale after
the firstmonths which also implieghat the growth of the scheme was expuiad
[ll.  Wincapita as a social network

I n this section, | slationdhyps a&' | sociad meiwotlanalgzettep ons o r
connectivity strature of the sponsoring network, the geogre@preading of the schemand
the cumulative number of affected investors as a function of network distance.
llI.LA. The structure of theponsoringhetwork and geographic spreading of the scheme

Figure Il drawsa network graph of the sponsoring tedashipsbasd onall investors who
can be connected to Hannu Kailajarvi through the chain of spofi$msargeplot in the middle
is Hannu Kailajarvi, and the figure can be read be read as a tree diagram showing how the
investment idea spread from one person tone. In the popular press, Ponzi schemes are

often depicted as pyramidahere each old investor appoints a fixed number of new members,

16 When fitting the cure, | multiply the investors who joined in 2003 with three and investors who joined in
2008 with six to account for the fact that first investors joined in September 2003 and the scheme ended in the
beginning of March 2008.
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but this characterization does not fit the network structure obsenradure Il. There are large
clusters of inve®rs connected to certain sponsa@usdit appears that fewndividuals with many
connectiongenerate the majority of the social effect.

Wi ncapitads network structure also il lustrat
beyond the people tavhom he is directly connected. If an investar Figure Il sponsos
someonein 39% of the cases at least one of the sponsored investors is also a sponsor and
spreads the idea further. The household finance literature has little previous evidence on how
commonly peer effects spread beyond the first step in social networks.

Figure Il shows two maps that depict the geographic spreading and coverage of Wincapita
The first map illustrates the geographic networkspbnsoring relationships. THimes on the
map connecthe locations of sponsors to the locations of their sponsored investors based on all
investor pairswhere both locatiors are known. The areas th&iave a large number of
connections roughlgorrespondd the largest cities in Finland, amaost geographic hubsare
also connected to each othefhe connections showhat investment ideas travelith people,
and even distant cities can have a large number of connections betweefttseempliesthat
the routesthat aretypically travelled bypeoplemay bea better predictor for thgeographic
spreadingpatternof word-of-mouth information thathe distancebetween areas

The second map shows the geographic coverage of the sdiemmé on the number of
sample investors as percentage of the populatidiinnish municipalitiesThe coveragéds very
comprehensive and most municipalities have Wincapita investors. 18 out of the 19 Finnish
administrative regions (maakunta) have observations in the atedathe onlyexceptionis the

Swedishspeaking autormoous region of Aland islands.
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[11.B. Connedivity structure of the sponsoring network

Next, | analyze the connectivity structure of gpnsoringhetwork based on the distribution
of the number of sponsored investors among sponsors (investors who inviezd oo
Wincapita). The degree distributiomeasuring theistribution of the number of connections per
node is of significant interest in network analysis, because it determines the connectivity
structure ofa network. Anong other thingst affectsthe flow of information in social networks
(Barabask002).

A common observation iampirical studies on communication within social groups is that the
large majority of individuals in a group obtamost of theirsocially transmittednformation
from a verysmall subset of the peopiéMany empirical social networks al$mve a scakree
connectivity structure where theeavy right tail of thelegree distribution approximately follows
a power law (Barabasi 2002, 2089)n contrastijf the connections betwaenetwork nodes are
formed randomlyso that all node pairs have an equal probability being connetted,
connectivityfollows a Poisson distributioh E r d RREnyid 969).

| findthatWi ncapi t ads de bighly skewkdPsrtelrCi obTabla lloshows tlsat
25% of the investors are sponsorbeTaverage number of sponsored people among spassors

3.72 andthe median is twoThe highest numbesf sponsored people in the data is B2@ 2%

17 Lazarsfeld, Berelson, and Gad(1948) andKatz and Lazesfeld (1955)provide seminal results on this
phenomenon. The fact that few socially powerful indiuvi
of word-of-mouth information on consumer products is widely recagphim marketing (see e.g. Feick and Price,
1987). In the field of financial economics, Benartzi and Thaler (2007) provide anecdotal evidence suggesting that
powerful social influencers have a strong impact on retirement plan decisions within a supech@rkBanerjee,
Chandrasekhar, Duflo, and Jackson (2014) show that individuals can identify the influential diffusers of information
in their community even if they are not aware of its social network structure. Galeotti and Goyal (2010) provide an
econonic model that explains the existence of few powerful influencers through the costs of acquiring personal
information.

® The most commonly offered explanation for the power laws observed in empirical social networks is
preferential attachment, where peopligh many sociatonnections are more likely to generatav connections in
the future. This snowball effect in connectivity over time can result in a power law distribution in the number of
connections per node (Barabasid Albert1999).A large number bother empirical regularities in economics and
finance also have a powkaw form (Gabaix 2009).
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of the sponsorsponsored more than 20 investadext, | study whether the degree distribution
exhibits powetflaw characteristicsusing two samples. The main sample is based on all
sponsoring relationshipa the dataAs a robustness check, | also use another sample, which is
based on the investors who contacted the police by their own initibtik r efer to the second
sample as restricted samp{&ppendix I.A. provides information on why certain peopiay

have been contacted by the police).

The restricted sample functions as a robustness check for possible missing observations of
sponsoring relationships and the possibility that there is some systematic selection bias among
the investors who were ap@ahed by the policdn the restricted sample, the number of people
sponsored by sponsoris defined as the number of investors who approached the police
themselves and identified sponsais their sponsor.

The powetlaw relationshipd " 'Q implies thatlogarithms of Qand logarithms of the
corresponding empirical frequencies are linearly relakégure 1V draws histograms of the
number of sponsored people for both samples and also drawsglagaphs ofempirical
frequences andhe cumulativeprobability distribution P(k). The plots inthe log-log graphsfor
both samplespproximately follow a straight line after the first observatimalgcatingthat there
is a negative linear dependency between the twevdombles. Thdinear shapes ithe graphs
are consistent with a power law and the slope is somewhat steeper in the restricted sample.

If the connections between nodes in a network are formed randomlytlzs Enr dREBYyi
(1959)mode| theconnectivityalways follows a Poissoadistributionwith a peak at somé G
and a variance ofdequal to the meafit® The histograms ifFigure IV do not indicate such a
relationship.In the main sample, mean is 3.72 aratiance is 46.7 and in the second, more

restricted sample mean is 1.94 and variance is 3.96. Based on these figures, the distributions are
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too overdispersed to fit BRoisson model, anthe structure of the network is clearly different
from auniformly rendommodel.

As a more formal test, litfa powerlaw model to the dataising maximum likelihood
optimization.| follow the standard procedure for powaw tail analysis and fit a powdaw

distribution whered & 'Q Q for distribution values exceeding some threshold value

Q.19 The fitted parameters ate ¢& yandQ U in the main sample anid o® tand
Q T in the restricted sampl@he corresponding Kolmogore®mirnovp-values ared.7139
and 0.9999. They strongly support the hypothesis that the data has daeat.2°

As a robustness check for the possibility that the observed skewness in the degree distribution
can be explained bgi f f er ences i n ining)Ivhavedlso fit sndilar powedaw of | o
modek to subsamples consisting of investors who joined during the sameTywanumber of
people sponsored by sponsan the subsample of yeais defined as the number of investors
who joined Wincapita in yeat and identified sponsoii as their sponsorThe powedaw
relationship exists also in theseébsamples from six years between 2003 and 200Q8 lowest
p-value is 045 from year 2004 and the average i88).The average from the models is 2.59

The findings demonstrate that a povieaw modelclearlyprovides a better characterization of
the spreading process compared to a random graph m@ltlebugh | cannot observe the
underlying network of all different types of@al connections between the sample investors, the
finding that the spreading process of s@hemehas scaldree connectivitysuggests that the

relevantunderlyirg social connections also have the same structure.

19 1n specific, | use power.law.fit function of package igraph in R programming language. The function is run

with the default plfit implementation that findee optimal values foiQ -o;and[ using the method oflauset,
Shalizi and Newmax2009). The reason why paramet@r is used in empirical powdaw distribution fitting is
that most observed rewlorld powerlaw distributions follow the power law closely onlytexf some threshold level
(Newman 2005).

20 |n interpretation,small p-values (e.glessthan 0.05) indicate that the test refetite hypothesis that the
original data could have been drawn frora fitted powedaw distribution.
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[lI.C. The actual Wincapita network compared to a $ated network

How different would the spreading process look like if the sponsoring distribution followed a
Poisson model instead of the power law? | compare the actual Wincapita network shown in
Figure Ilto a simulated random network with a Poisson ithgtron forthe number of sponsored
people.l form the simulated network so that the first sponsor is the originator of the scheme and
each newly sponsored investor is a sponsor himself with probapilithe number of new
investors sponsored by each spamis drawn from a Poisson distribution with meanThe
probability p is equal to the percentage of sponsors in the actual Wincapita netwosksatie
average number of sponsored people among sponsors. | continue adding nodes until the
simulated netwdk has the same number of nodes as the actual netv®He only difference
between the actual and the simulated networkieglistribution of the number of sponsored
people. Both networks have the same probability of being a sp(p)sand the same average
number of people sponsored by a spofgor

The shift from a power law distribution to a Poisson distribution has a dramatic effect on how
the number of investors grows as a function of network distance trigweatorof the scheme.
Table Il provides staitics comparing the actual networks to the simulated random network
based on 10,000 simulation rounds. In the actual Wincapita netalbikvestors are within 3.
steps of the starter of the scheme, whereas in the simulated network it takes on avestees16
to reach the same number of investors. In the Wincapita network, 4,177 investors have a network
distance of ten or smaller to Hannu Kailajarvi. In the sitedanetwork, oneerage only 136

investors are within the same distance.

2L |If the simulation endspiin a stage where the network ceases to grow, because the most recently joined
investors have not sponsored anyone, | regrdar the investors who joined in the latest period (i.e. the investors
who have the longest network distance to the originator).
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| also analyze howhe observed network structure can contribute to the survival of Ponzi
schemesPonzi schemes need a constant flow of money from new investors in order to finance
the payouts to the existing investors. Because investors can be reached through fewstegscial
in a scaldree network, the network topologyan allow socially spreading Ponzi schemes to
maintain a higher payout ratiwithout running out of money.calibrate a simple Ponzi scheme
model to the actual Wincapita network and the simulated rangemworks to analyze this
phenomenon. In the model, the Ponzi scheme grows step by step through the network, starting
from the originator of the schemat t; the people who ardirectly connectedoat the originator
join the schemeat t> the peoplewho are connected to them jojirandthe scheme continues to
grow like this until all the investors in the network have joinédl investorsremain in the
schemeoncethey hawe joined, so there are no exits in the model.

| assume that eadnvestors pays the same invested amduat the time of joining and
makes no further investments. Each period, the scheme thaysamefixed paymentP
calculated as a percentagel ab the investors who were members of the scheme at the end of
the prevous period. | calculate what is the highest vdPune scheme can pay the investors so
that the scheme does not have a negative cash balance once it has grown through the whole
network. In other words, | calculate what is the highest payout the schemnedfeed to pay
while remaining operational. The investors who joiriadthe last periodwill receive one
payment ofP.

| find that the actual network can sustain a payout ratio that is more than five times as high as
the highest possible payout ratio etaverage simulated network. The highest posBilibe the

actual Wincapita network is 0.125, while the average value for the simulated networks is 0.024.
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Altogether, the simulation results demonstrate that the observed network topology can contribute
to the growth and survival ofdAzi schemes.
[11.D. Implications of the scal&ee connectivity structure

The scalefree network literature offers a formal explanation for why information spreads
significantly faster in networks that have a posav degree distbution Because of the power
law, the structure of all scalieee networks is dominated by few highly connected hubs, and by
constructionscalefree networkshave very short average node to node distances (Cohen and
Havlin 2003). Models in network epidentogy show that epidemics spread through stale
networks at a much faster rate than in models of random spreading where each infective
individual is equally likely to spread the epidemic (PaSatorras and Vespignani 2001;
Barthélemy, Barrat, Past@atorras, and Vespignani 2004). An epidemic starting at a random
point in any scakéree network will quickly reach a highly connected hub, and in the next stage
the hub will infect a large number of nodes. In other words, people with many social cormection
facilitate the spreading of an epidemic because of the joint effect of two factors: Their high
number of social connections means that they are more likely to be infected early, and once they
are infected they will next spread the epidemic to a largebruf people who are within one
social step in the network.

In line with this idea, mst investors in the Wincapita network are directly connected only to
their sponsorbut at the same time, they are typically only a short network distance away from a
highly connected network hub, which connects them to a much larger number of géwmple.
average investor in the sponsoring networleigiure 1lis connected to only 2.0 other investors,

but the number of people within two steps is 20.5 and the number iepgibhin three steps is
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76.5. These figures are much higher than, for example, in a network where every person has
connections to exactly two other people in addition to their sponsor.

Consistent with models of epidemic spreading in strake networks] alsofind that highly
connected nodes are reached in the early stages of the Wincapita epitssteclV divides
investors into groups based on fixed network distance intervals and network distance quartiles
using the number of sponsors between thestoreand the starter of the scheme as network
distance. The average number of people sponsored by an investor in a group decreases
monotonically with the network distance.

Another importantimplication of the scaléree network structure is that even weakly
contagious worgbf-mouth epidemics can spread widely in the population. Traditional
susceptiblanfectiveremoved type epidemic models, such as those referred ®hn | | er 0's
famous booMlrrational Exuberancg2000), predict a critical threshold for the propagation of an
epidemic throughout a population. If a disease is less infectious than that epidemic threshold, the
epidemic will die out, whereas epidemics where $preading rate is above the threshold will
multiply exponentially, and penetrate the entire system. R8stimrras and Vespignani (2001)
show that in scaléree networks the epidemic threshold always converges to zero. That is, even
weakly contagious egemics will spread widely and persist in selike networks. This well
known property has since been used to explain the rapid spreading and persistence of sexually
transmitted diseases and computer viruses (Barabasi Z2009).

As a result of this propert the scaldree connectivity structure in Wincapita provides a
network theorybased explanation for why socially transmitted investment ideas can spread very

rapidly even if the average person discusses them with only few other people. The structure also

22 This follows from the empirical observation that human sexual contacts and computer networks also have a
scalefree network structure (Barabasi 2009).
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explains why Ponzi schemes and other asgetific fads can survive ampow for a long time
even ifmost people are not gullibte the investment idea.

The fast spreading rate of Wincapita is difficult to explain without accounting for the network
structure. On average it takes a relatively long time for the idea to be transmitted from one
person to the next, and the average number of new investors invited by an existing member
combined with the hazard rate cannot alone generate the rapid spreagBmngedhin the data.

The data has 1,248 sponsa@ponsored investor pairs where | can identify the month of joining
of both the investor and the sponsor. The average difference in their time of joining is 10.7
months and the median is 7. At the average o& 3.7 investors sponsored by a sponsbe
scheme would never grow to cover thousands a#stors in less than five years if the spreading
process followed a Poisson topology.

Finally, one can ask to what extent are the network topology findingsisf paper
generalizable to other settings? Wincapita participants may differ from typical retail investors in
many aspects, but a growing body of literature shows that social networks are structurally similar
in many different contexts and among differenltural and sociodemographic groups around the
world. At least on this basis, there is no cause to believe that the social connections of Wincapita
participants are fundamentally different from the connections among other types of people.

lII.E. Network distane and the spreadindynamicsof Wincapita

| alo use the Wincapita network to characterimav the aggregatenumber of investors
affected by an investment idea grows as a function of social distance from the originator of the
idea. This analysis providesnformation about the spreading dynamics of woianouth
information within social networksPrevious research on social networks suggests that even

random people unknown to each other are typically connected by only few social network links.
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In his classt a | study of the fAsix degrees of separat
average six social contacts away from any random person, and the average path lengths between
random people display strong r egulsmeceibeene s . T
explained with the common structures of social networks (Watts and Strogatz 1998).

Figure V shows graphs depicting the cumulative number of investors in Wincapita as a
function of network distanc&he network distance of investors calculaéd as the number of
sponsors between investioand Hamu Kailajarvi in the Wincapitaetwork shown irFigure Il
The curves measure how the size ofsbleemegrows if it starts at Hannu Kailajarvi and spreads
in the network ofFigure Ilby one step at ame. The upper graph ikigure Vis drawn based on
all sample investors and the lowgraphdraws the sameurve based on two subsamples of
investors who joined Wincapita between 2I¥6 and 2002008.

All three curves aré&-shape, indicating that thediffusion of information pogresses in a
nonlinear fashion, and there is strong regularity in the typical network distemdee full
sample the median distance to Kailajarvi is eight steps and the growth rate slows down after
nine stepsln the 20032006 subsampléthe median distance is seven steps (maximum is 14) and
in the 20072008 subsampléhe median is nine steps (maximum is IH)e growth rée slows
down after eight step® the 20032006 sampleand after nine step the 20072008 sample
Thefact that the maximumand median network distarem both subsampleare very close to
each othemdicatesthat thetypical network distance to Kailajardoes not grovat the same rate
as the number of investomshich is consistenvi t h t hel déd mphénwowmenon.

The Sshaped curve isiteresting alspbecause it isn line with the predictions oépidemic
models of investor behavior proposed by Shiller and Pound (1989), Shiller (2000), and Shive

(2010) In thee models, the number of peop#ffected by an idea or behavior grows
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approximately exponentially in the early stages of the social epidemic, and the growth rate slows
down over time, because there are fewer people left who are willing to adopt the ideadut
not already done so. Thaodelsimply an Sshaped patterin information diffusion. Shiller
(2000) proposes that thecarvecan be used to characterize the social transmission of attitudes
in speculative bubbles.

There are at least two potential explanations for why the growth r¥#éncapitasiows down
after a number o$ocial steps. Ongossibility is that people who are late joiners find it more
difficult to recruit new investordecause many of their friends who are potentially interested in
the scheme have already joined. Thelestr@e epidemic literature offers a complementary
network theorybased exianation If social networks are scafeee, late joiners armorelikely
to be people with few social connections and fewer potential friends to invite.
IV. Personal characteristicsand the spreading of wordof-mouth information

In this section, | study how personal characteristics are related to the spreading of Wincapita
at the level of individual investorfespite the extending literature on peer effects in financial
decisionmaking, there is little previous field evidence on whose investment ideas investors
typically follow. Personal characteristics cde correlated withaper sonds wi l | i ng
distribute information aboWwVincapitaand with the ability to persuade others tov@st init. |
cannot separate these two channels in the analysesuse | do not have data on people who
were invited to join Wincapita, but declined. However, the resulicate the direction in which
the information typically flows among people witlifferent characteristicsThe findings also
provide statistical evidence about the characteristics associated with the influential sources of

information.
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The police interview transcripts show that Wincapita spread through many different kinds of
social onnections. Sponsors include friends, acquaintancesyodcers, business partners,
relatives, neighbors, and people known through hobbies and religious communities. The police
did not explicitly ask about the nature of the social relationship to the @pdmg 15.5% of the
guestioned investors mention that their sponsor was a relative or family member and 8.2%
mention that their sponsor was aworker.

IV.A. Sponsorgompared taonsponsors

Table Vcompares the personal characteristics of sponsors arsposors and also reports
statistics on the characteristics of the most active sponsors in the sample. The statistics are based
on the investors who were personally interviewed by the police. To measure whether the
difference between sponsors and 1sponsocs is statistically significant, | calculate simulation
basedp-values by assigninthe same number ;fample investors randomly aponsors. The
two-sidedp-value is the prolality that the difference between randomly assigned sponsors and
norrsponsorss at least as large as thetualdifference based on 1,000 simulation rounds.

Table Vshows that sponsors typically have comparatively higher income and are more likely
to be male. The difference in average annual incometihousand euros, and the pantage of
females isnine percentage points lower among reponsors. Both differences are statistically
significant. The difference in income is even more pronounced when comparing the most active
sponsors with noesponsors. The average income amongrikiestors who sponsored at least ten
people is more than twice as high as among-spmnsors. The average sponsor is slightly
younger than the average nsponsor, but the people who sponsored at least ten investors are on

average older that nesponsors.
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For legal and ethical reasons, | cannot prowdey detailed personal information about the
most active sponsorbut the statisticoon Table V show thatthey arealsotypically males with
high income. Based on the police interviewsshof themhave an ocupation or position, which
puts them in contact with a large number of people on a daily basis. Examples include business
to-business sales representatives, corporate managers, and people who are active within religious
communities. This is consistenttivithe idea that people with a largejgpsasting social network
were the most powerful spreaders of Wincapita.

IV.B. Differencesand similaritieswithin the sponsesponsored investor pairs

Next, | analyze differences in personal characteristics within individual spspensoed
investor pairs. A very common phenomenon in social networks is homophily, the tendency of
individuals to form ties with others who share similar sociodemographic or personal
characteristics (McPherson, Smlthvin, and Cook, 2001). It is therefore natuto expect that
the sponsors and their sponsored investors are on average very similar in terms ot differen
personal characteristicsy@ematic differences within the paaee interesting, because thegn
reveal which characteristics are relevani® transmission of wordf-mouth information.

Table VI reports differences in characteristics basedage, education, gendegeographic
distanceand income For each statistic, | also report the corresponding value from a simulation
where each investas given a random place in the network without replacement. | run the
simulation separately for each data item, so that only the investors withraisging value for
the item change places. The reported simulated statistics are average values bh86@ on
repetitions, and the table also reports the probability of getting a st#tistics comparabléo
the empirically observed value. | uge simulation to measurgtatisticalsignificance, because it

accounts for the topology of the network andehwpirical distributions of the variables.
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The results showhat the sponsdnas typicallycomparatively higher income and is slightly
older. Males typically match with other males, whereas among females, the gender of the
sponsor is not statistically d&rent from random. The median differenice incomeis 9.5
thousand euros per year, and the avewifferenceis 65 thousand. The sponsor has higher
income in 8% of the pairs. There is strong skewness in the differences, and the third quartile of
the inome difference is 73 thousand euros. The interview transcripts indicate that there are
several cases where an entrepreneur or executive sponsored many of theiledelver
employees, which is one possible source for the largest differences in thé dptansorsvho
withdrew money from Wincapitare excluded, the averad#ference is still 56.2 thousand euros
and a difference of the same magnitude is not obtained in any simulation round.

The median age difference ase yearand the average is 1.4 yeav&alues higher than the
average and median are produced in 9% of the simulation rounds, so both the average and the
median are statistically significant at the 10% level. Based on the year of birth, the sponsor is
older in 51.2% of the observatiorend younger in 43.4% of the observations. Although the
percentage of older sponsors is only slightly over 50%, the empirical probability of matching
with an older sponsor is still almost 8 percentage pointsehitjtan the probability of matching
with a younger sponsormhere is also evidence that age cohartsy matter in the diffusion of
information The probability of matching with a sponsor who is born in the same year is 5.4%,
and the simulation does not precea similar or highepercentagen any round

There are no statisticallgignificantdifferences in education, based thmee education level
categories identifying investovgith mandatory basic education, upper secondary education, and
higher educabn. The investor and the sponsibave the same education level in 53% of the

pairs, which is higher than in any of the simulation rounds. The empirical probability of having a
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lower education sponsor exceeds the probability of having a higher educatimoisf?25.9 vs.
21.4%), but the difference is not statistically significant. Larger differences between the two
categories are obtained in 17.2% of the simulation rounds.

As can be expected, geographic distance in most sponsoring relationships isTis@ort.
median distance to sponsor is 16.1 kilometers, and the average distance is 76.4 kilometers. In
9.8% of the observations the sponsor lives within one kilometer, which suggestsittyatf the
sponsors can be classified as neighbors. Previous studiegléntify neighbors based on zip
codes have found that nei ghbors affect stock
Smith, and Weisbenner 2008; Kaustia and Knupfer 2012).

| alsofind that thecorrelationin personal characteristicdtenextend beyond the first step in
the social networkTable VIl reports pairwise Pearson correlations in personal characteristics
between an investor and a person who is connected to him through the chain of sponsors and
steps closer to the starter of the schefb.g. the person Wi a network distance of zeto the
investoris hissponsor and thpersonwith a network distance of orie the sponsd@s sponsar
The personal characteristic variables are age, income, a binary variable for females, and a binary
variablefor investorswith highereducation With continuous variable$ excludethe highesand
lowest 1% of the variable valueso limit the effect of outliers.Based on the coefficients,
investors within two social steps are statistically significantly cateel with all variables except
income,which is only statistically significant within the first step.

IV.C. Implications of the finding

Overall, the finahgs in this Section show that some personal characteristics ewarrgbd the

spreading of investmentformation.Age and income are potential sources of credibility, which

can be one explanation for why these characteristics are associated with sources-aif word
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mouth information. Evidence from a field experiment by Bursztyn et al. (2014) indicates that
social learning effects in financial decisiomaking are stronger when investors observe the
decision of dinancially sophisticated peer.

Another posible explanation for why most people joined through someone with
comparativelyhigheri ncome campbeagaufkwith the Joneseso
invest in the same asset as their peers because of relative wealth concerns (Abel, 1990; Gali,
1994; Bakshi and Chen 1996; DeMarzo, Kaniel, and Kremer 2008). Wincapita wasich-get
quick scheme, and ingtors may have been worried about losing in wealth relative to their peer
if they do not invest similarly. Prospect the
the difference relative to a perceivably wealthier peer can be particulatamefer investment
decisions. Taxable income is not a direct measure of wealth, but it is likely correlated with the
personds perceived financial status and consu

On average, most investor pairs are close to each otliermis ofpersonalcharactestics,
and the correlation coefficients show that the similarity extends to people who are within two
steps in the social network. While this finding is not very surprising, the homophily in social
interactions can nevertheless be relevant for explamhiffgrences in investment behavior across
social and demographic groups. Wafdmouth communication that mainly takes place within
homogeneous social groypsather than across theman strengthen homogeneity in eoomc
behavior within the group&rarovetter2005) and preclude or slow down the convergente
behaviorsin the pgulation (Golub and Jackson 2012t can also significantly facilitate the
diffusion of new ideas within social groups where members share characteristics that make a

particularidea more attictive to them (Jackson 2014).
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V. Conclusion

The Wincapita datasetprovides information about thesocial process through which
investment ideas spread from one person to the féxtfindings cannot be characterized by
models of information dfiusion in which investmentideas are transmittedverly from one
investor to a fixed number of peetastead,a small fraction of the investors isesponsible for
the majorityof the observedsocid effect, and most investors are passive receivers wbpt e
idea but do not spread it furtheiThe findings suggest that social network structures play an
important role in the spreading of investment ideas femd powerful individuals with many
social connections can significantly facilitate the epidespreading of contagious ideas.

The observation®f this paper also contribute to the discussion on the benefits and harms of
peer effects in financial decisiona ki n g . Al t hough investorsd so
welfareimproving outcomes in many sitilans e.g. through higher stock market participation
and better portfolio diversification, the evidence of this paper indicates that it can also spread and
exacerbate investment mistakes. One potential explanation for the social spreading of investment
mistakes observed in this study is a heuristic known as question substitdtien. faced with a
difficult question,peopleoften answer an easier one inst¢gdhneman 2011). In the case of
Wincapita some investors maitave exchanged the more complex questioin Do | trust
i nvest ment scheme?0 to the simpl er apouetbis i on A

i nvest ment scheme?o0
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Appendix |. Details on the police interview process and data collection
This appendix provides details about thaice irterview process and explains how the data
items were collected from the police investigation material.
A. The police interviews
The interviews weraisualy carri ed out i n a police statio
individual cases they @re carried out over the telephone email, if it was very difficult to
reach the individual. The interviewed persons were typically asked the same questions in the
same order. The questioning began with gener

Wincapita, followed by detailed questions about the investment and sponsoring activities. The

interview documents contain full transcripts
police officerds questions anmon athheyendwfethee si g
interview.

Most interviewedinvestors (57%) contacted the police by their own initiative and 43% were
invited to the interview by the police. The inteswi documents do not reveal whyparticular
personwas approached by the police, but potential reasons include at least large money
withdrawals from Wincapita and an active role in the club. Some questioned investors were
asked to wverif ylerstatdments, whichvneag alsm havé beenaone reason to
contact specific individuals. Naturally, it is possible that some of the investors who were called
to an interview would have approached the police by their own initiative if the police had not
contaded them first.

Investors who had lost money could make claims based on their net loss (total amount
invested minus total amount withdrawn) and the public prosecutor would drive these claims as

part of the main Wincapita case against Kailajarvi. The pategle public announcements
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asking investors to contact them to claim losses and to provide information about the
investigated crime. All investors who contacted the police were questioned to verify their
activities in Wincapita and the amounts they hacgted. If an investor claimed losses, he had
to provide evidence that the claimed amounts had been transferred into or out of Wincapita.
Typically, such evidence consisted of bank statements or receipts. The police had access to the
bank statements of Wena pi t ads Moneybookers account, and
information when money transfers were verifieden though the police did not interview all the
individual investors, they were able to estimatettdtal number of Wincapita participants leaks
on the bank account information awother sources, such as confiscated computer files that
contained some of the schemeds records from t
Most investors were eoperative throughout the police interview, but there are individual
investors whb refused to provide information or answer specific questions. In such cases, the
individuals usually refused to believe that Wincapita had been an illegal investment operation
and mentioned this to the interviewer. The police recorded the identity tifeafiersons who
were interviewed as part of the police investigation.
B. The collection of data items
| have collected all statistical information about Wincapita investments and the demographic
characteristics of the investors that is generally availabléhén documents. The recorded
personal characteristic items are age, education, gender, home address, profession, and a binary
variable indicating whether the person is an entrepreneur. The first page of the interview
document is always a standard policenfpwhich identifies the questioned person and records
per sonal background and contact i nformation.

and home address. In the beginning of the interview, the interviewed person was also asked to
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describe hisducation and professional background. | use the answer to this question to define
the education level and to complement the information on theregmifted profession.
|l nformation about i1invested and wit hdincapiten a mo u
are based on answers to specific police investigation questions. | provide details about how
individual data items were collected below.

Age

Age is based on the date of birth. It is calculated at the end of 2007, which is the last full year
ofWincapitads operations. I obtain the date of
security number on the police formhe police recorded theate of birth separately in case the
person did not have a social security number.

Education

| measure education based on the highest degree possessed by the person. | divide the degrees
into five differert categories, which are mandatory education, upper secondary education, higher
education (bachelordés degree or similar), ma s
analyses of the paper, | typically combine the three highest categories snig & fihi gher
educat i on OThe cStatisecg d-inlagnd StatFin database uses the samelahete
classification. Finnish degree titles that correspond to different education levels are governed by
l aw, so a personos | eedadcurabely if theddegea title is mentwred b e
in the interview. The availability of the education item is slightly lower than the availability of
other data items, because the degree title is not always mentioned in the verbal answer.

Gender

| identfythe personds gender based on the first n

number , i f it i s recorded. I n Finl and, it i s
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the first name. Finnish legislation mandates that males are notdllmivhave first names that
are generally assod¢ed with females and vice vershalsouse the first name teecord the
gender of the investors who were not personally interviewed by the ,pblices possible.The
last digit of the Finnish social securitymberprovides an alternative way identify the gender
of the interviewed investor#.is an odd number for males and an even number for females.

Home address and the coordinates of home

The home address is the address reported in the police investigation document. It records the
home location at the time of the interview. | use therdmates of the address to calculate
distances between investors and their sponsors. The distances are calculated using the haversine
formula, which accounts for the curvature of the earth.

Profession

| collect the seHreported profession from the polisgormation sheet. | use the se#fported
profession to identify entrepreneurs.

Entrepreneurs

I classify an individual as an entrepreneu
profession, or otherwise mentioned that he owns a private business angorhpgo not have
any detailed information about the nature of the business, and investors are classified as
entrepreneurs even if the private business is not their primary source of income.

Information about Wincapita investments and withdrawals

The invested and withdrawn amounts of money and the time of joining are recorded based on
interview answers. The investors were asked separately how much money they had invested in
Wincapita and how much money they had withdrawn from Wincapita. The interviewiogrof

compared this information to the information
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statement s and ot her bank i nformation. The
Moneybookers account are not included in thetped protocol, butley are frequently referred
to in the interview documents.

As the investors could make Wincaprtae | at ed money transfers tf
Moneybookers account s, a personds money trans
account were not alwa related to his personal investments. One purpose of the interviews was
to identify what the exact amounts personally invested and withdrawn by each investor were.

The police documents do not typically contain the exact timing of each separate casrhéow.

first invested amount can be identified in most cases, because each investor was asked to explain
how and when they had joined Wincapita. Investors became members of Wincapita after
depositing the initial investment, and the amount is usually mesttiam the interview or the
accompanying documents. The year of joining and month of joining (if available) are recorded
based on the same answer.

In individual cases where the investors had some uncertainty about the exact amount or could
not provide banlkstatements to prove the transactions, the amounts are recorded based on the
investoros esti mat e, unl ess t he theuaderitaio eases f f i c e
the individual had usually given cash to another Wincapita member who transferriohdis
into the club6s account . I n case the intervie
investments and withdrawals, the amounts are recorded based on the amounts the police officer

had presented to the individual as his likely investmandswithdrawals.
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Figure |
The Cumulative Amount of Funds Invesed in Wincapita since Jhnuary 1st 2005
This figureshows the emulative amount of funds invested in Wincapita betwtderbeginning of 2005 and the end
of the club in2008. The figureis based on weekly observations of the amount of new funds transiatced
Wi ncapitads account . T h e areanat avaitablesvith iwaekle asduraayin theepolcy e 2005
documentsand arethereforenot included in thefigure. The y-axis has ordinary scale ithe upper graph and
logarithmic scale in the lower graph
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Figure I
Wi ncapitads Spons saSoagatNetwoekl ati onshi ps a
This graph illustrate8Vincapita as a social networkhe plotsareindividual investors anthe lines connecting them
representthe sponring relationships.The largerplot in the middle is theoriginator of the scheme, Hannu
Kailajavi. The graphincludesall investorswho can be linked to Hannu Kailajarvi through the chain of sponkors.

has been drawn usinbe FruchtermarReingold(1991)algorithm. The distances between points are determined by
the algorithm and have no economiteirpretation as such.
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Figure IlI

The Geographic Coverage of Wincapita
This figure shows two maps illustrating the geographic coverage of Wincapita. Both maps are based on investors
who were questioned by the police. The map on the left shdiwsaptad sponsoring relationships on a map of
Finland Theredlines repesent the sponsoring relationships and each line connects an investor and a sponsor. The
investorso6 | ocations are based ointervievhdacurheotsn@e liaed dre e s s e s
drawn based on all 0 b s erlecatibnammds tvntee rsep onstohr 6tsh d oicraw @ ©tho
whose location is outside Finland are excluded. The map also shows the borders of Finnish municipalities in the
background. Thélack circles show the locations of the largest cities in Finland. Tdeations indicated by the
circlesinclude the Helsinki metropolitan area and the ten next largest cities. The map on the right shows statistics on
the number of Wincapita investors percentage of population in different municipalities. The percentages are
calculated as the number of questioned investors in the municipality divided by the total population of the
municipality. Different percentage range categories are denoted withedifieolors and the range corresponding to
each color is reported in the figure. The municipalities with white background color do not have any investors in the
sample. The true percentages of Wincapita investors in thelgimn are higher than those cgfedin the map,
because thereported percentages are based only on the investors wiere questioned by the police
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